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Abstract – Objective: Biological stratification is widely used in microbiome research to improve interpret-
ability by reducing heterogeneity, particularly in the small cohorts typical of precision medicine and rare dis-
ease studies. Because microbiome composition is strongly influenced by host-specific factors, including genet-
ics, diet, and lifestyle, substantial inter-individual variability is common. Although stratification is frequently 
employed to address this variability, its consequences for statistical inference under small-sample conditions 
remain insufficiently quantified.
Materials and Methods: We evaluated the effects of biological stratification on variance, effect-size distri-
butions, and statistical power using a real disease-control microbiome dataset comprising patients with familial 
Mediterranean fever (FMF) and healthy controls (n = 28). Stratification was performed sequentially by disease 
status and sex. Variance reduction, effect sizes, minimum detectable effects, and statistical power were assessed 
across stratification levels.
Results: Stratification produced modest reductions in within-group variability (~3-7%) but substantially re-
duced effective sample size (n = 4-10 per subgroup). Consequently, minimum detectable effect sizes increased 
markedly (d ≈ 1.25-1.98 for 80% power), whereas observed effect sizes remained small (median |d| ≈ 0.2). 
Although stratification can reveal subgroup-specific patterns that may be obscured in pooled analyses, partic-
ularly when biologically distinct groups exhibit opposing trends, the gain in biological resolution was generally 
insufficient to offset the accompanying loss of statistical power.
Conclusions: These findings demonstrate that modest variance reduction does not compensate for power 
loss when underlying effect sizes are small. Under such conditions, stratified analyses are more appropriately 
interpreted within an exploratory framework emphasizing effect-size estimation and variability assessment 
rather than confirmatory hypothesis testing. Importantly, improved biological resolution does not necessarily 
translate into improved statistical detectability. More broadly, the results suggest that the adequacy of a given 
sample size depends on the biological characteristics of the system under investigation. Although derived from 
an FMF cohort, the findings have broader implications for microbiome study design, subgroup analyses, and 
the interpretation of microbiome-based interventions.
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INTRODUCTION

Statistical inference in small biomedical cohorts presents a persistent challenge, particularly in 
settings characterized by high biological variability and limited sample size. Such conditions are 
increasingly common in precision medicine, early-phase clinical research, and rare disease stud-
ies, where cohort size is often constrained by practical, ethical, and biological factors rather than 
experimental design1,2. In these contexts, traditional assumptions of statistical robustness based 
on large sample sizes are frequently not satisfied, necessitating alternative approaches to study 
design, analysis, and interpretation3.

In response to high inter-individual variability, biological stratification is widely employed as a 
strategy to improve biological interpretability4. By grouping individuals according to disease status, 
sex, genotype, or other clinically relevant variables, stratification is expected to reduce within-group 
heterogeneity and facilitate the detection of biologically meaningful differences5,6. This rationale is 
particularly prominent in microbiome research, where substantial compositional variability across 
individuals can obscure subtle biological signals and complicate statistical inference7-9.

In applied contexts, such as probiotic development, microbiome profiling is frequently used to 
support targeted interventions and personalized therapeutic strategies10,11. Moreover, accumulating 
evidence suggests that microbiome responses may differ across biological subgroups, including 
sex-dependent patterns observed in probiotic modulation studies12. These observations further 
strengthen the rationale for stratified analyses and individualized approaches to microbiome-based 
interventions.

However, the statistical consequences of stratification in small cohorts remain insufficiently 
quantified. While reducing variability may intuitively improve statistical inference, stratification si-
multaneously fragments the cohort into smaller subgroups, thereby reducing effective sample size 
and constraining statistical power13. Consequently, biological resolution and statistical detectability 
do not necessarily improve in parallel. This introduces a fundamental trade-off between variance 
reduction and statistical power, particularly in high-dimensional datasets where effect sizes are 
often modest and biological heterogeneity remains substantial.

This limitation is especially relevant in microbiome and probiotic research, where subgroup-spe-
cific responses – such as sex-dependent host-microbiome interactions or disease-associated mi-
crobial shifts – are frequently hypothesized12,14. Although stratification may clarify such patterns 
biologically, it can also reduce statistical reliability when applied to small cohorts, thereby compli-
cating interpretation and limiting reproducibility across studies7,8.

Familial Mediterranean fever (FMF) provides a particularly informative context for examining 
these constraints. Although the disease is relatively prevalent in certain regions, clinical manage-
ment requires continuous colchicine therapy, limiting the feasibility of controlled interventional stud-
ies and large-scale cohort expansion14,15. As a result, FMF research is frequently conducted under 
small-sample conditions, making it a representative model for investigating inferential limitations 
inherent to precision medicine and rare disease settings.

Here, we argue that biological stratification in small microbiome cohorts is a conditional, rath-
er than universally beneficial, analytical strategy. Although stratification may improve biological 
resolution by reducing within-group variability, it simultaneously reduces statistical power through 
sample-size fragmentation. Using an illustrative microbiome dataset from an FMF cohort, we 
demonstrate that modest reductions in variance are insufficient to offset the corresponding loss of 
statistical detectability when underlying effect sizes are small.

More broadly, this perspective highlights a general principle relevant to precision medicine, 
microbiome research, and other high-dimensional biological disciplines: variance reduction alone 
does not guarantee improved statistical inference. The inferential value of stratification depends on 
the balance between variance reduction, effect-size magnitude, and sample-size fragmentation.

More generally, our findings suggest that the adequacy of a given sample size cannot be eval-
uated independently of the biological system under investigation. Sample sizes that may be suf-
ficient for conventional biomedical measurements may remain inadequate for microbiome infer-
ence because of the combination of high inter-individual variability and modest effect sizes. Under 
small-cohort conditions, stratification may therefore be most appropriately viewed as a tool for 
enhancing biological interpretability within an exploratory framework rather than as a mechanism 
for achieving confirmatory statistical significance.
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MATERIALS AND METHODS

Study Design and Cohort

This study analyzed short-term longitudinal microbiome data from a fully annotated cohort with meta-
data on disease status and biological sex. Only subjects with complete disease status and biological 
sex annotations were included (n = 28), comprising 15 FMF patients and 13 healthy controls.

Paired fecal samples collected in previously published studies were analyzed in the present 
secondary data analysis. Written informed consent had been obtained from all participants in the 
original studies. All FMF patients carried the homozygous MEFV M694V/M694V mutation and re-
ceived stable colchicine therapy. The original studies involving human participants were approved 
by the Ethics Committee at the Higher Education and Science Committee of Armenia (approval No. 
10-15-21AG; 21 October 2021)14,15.

Microbiome Data Processing

Fecal DNA was extracted using commercial kits (ZR Fecal DNA MiniPrep, Zymo Research, USA). 
Microbial community composition was profiled using the Affymetrix PhyloChip™ G3 microarray, 
covering 18,724 operational taxonomic units (OTUs).

Signal intensities were normalized using the robust multi-array average (RMA) algorithm16, 
which performs background correction, quantile normalization, and log transformation.

OTUs were aggregated to the genus level, and taxa were retained based on predefined prev-
alence (≥50% of subjects) and abundance (median ≥10–³) thresholds, resulting in 538 genera for 
downstream analysis.

Stratification Strategy

Three levels of biological stratification were evaluated:
  –	Level 1: unstratified (n = 28)
  –	Level 2: disease-stratified (FMF vs healthy)
  –	Level 3: disease × sex stratification (four subgroups; n = 4-10).

This hierarchical design enabled direct quantification of the trade-off between variance reduc-
tion and sample-size fragmentation under complete metadata annotation.

Statistical Analysis

Paired Δ-Profiles

For each genus and subject, paired differences were calculated as
Δ = ln(1 + abundance_b) − ln(1 + abundance_a),
where ln(1 + x) denotes a natural logarithmic transformation applied to stabilize variance across 
abundance scales and accommodate zero values.

Rationale for Δ-Profiles

Paired within-subject differences serve as an intra-subject control that reduces baseline inter-in-
dividual variability inherent to cross-sectional microbiome comparisons. By measuring temporal 
change (Δ) rather than absolute abundances, this approach strengthens inference in longitudinal 
designs by accounting for subject-specific baselines. Importantly, the absence of stratification ben-
efits even under this variance-reducing framework – which already controls for a major source of 
heterogeneity – reinforces our central conclusion that stratification provides minimal additional gain 
in small cohorts when effect sizes are modest.
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Variance Metrics

For each stratification level, variance was characterized using the interquartile range (IQR; Q75−
Q25), standard deviation (SD), and median Δ as a measure of central tendency of temporal change.

Variance reduction was calculated as variance reduction (%) = 100 × (IQR_Level1 − IQR_Lev-
elN) / IQR_Level1, where positive values indicate a decrease in variance and negative values 
indicate an increase.

Effect Size Quantification

Between-group differences were quantified using both parametric and non-parametric effect size 
measures. Cohen’s d was calculated as a standardized mean difference (d = (mean₁ − mean₂) / SD 
pooled) to facilitate comparison with existing literature, while acknowledging potential deviations 
from normality in Δ-distributions. Cliff’s delta (δ) was computed as a non-parametric effect size [δ 
= (n_greater − n_less) / (n₁ × n₂)]17, providing a distribution-independent complement to Cohen’s d. 
Consistent conclusions were obtained across both metrics.

The N-reduction factor was calculated based on variance-based sample size theory as (IQR_
Level1 / IQR_LevelN)². This metric provides an estimate of the theoretical reduction in required 
sample size associated with variance reduction following stratification. Values greater than 1 indi-
cate increased statistical efficiency, whereas values less than 1 indicate reduced efficiency. This 
estimate represents an upper bound, as realized gains depend on the magnitude of effect sizes 
and the extent of variance reduction.

Power analysis

Minimum detectable effect sizes (Cohen’s d) were calculated for each stratification level at 80% 
statistical power and a significance level of α = 0.05 using the two-sample t-test formulation. The 
minimum detectable effect size was defined as 

d_min = (z_{α/2} + z_β) / √(n/2), where z_{α/2} = 1.96 and z_β = 0.84 for 80% power.

Assumptions and Robustness

Power calculations were performed under the assumptions of approximate normality of Δ-distri-
butions and balanced group sizes. Unequal group sizes (n = 4-15) and deviations from normality 
may further reduce effective statistical power relative to these theoretical estimates. However, the 
qualitative conclusion – that observed effect sizes (median |d| ≈ 0.2) are substantially smaller than 
the minimum detectable effects (d_min ≥ 1.08-1.98) – remains robust to these deviations.

Power analysis was conducted under parametric (t-test) assumptions, providing a conservative 
approximation for non-parametric tests (e.g., Mann-Whitney U) under similar effect sizes and ap-
proximately symmetric distributions.

Statistical Testing

Between-group differences were assessed using the Mann-Whitney U test for disease compari-
sons (FMF vs. healthy controls), selected for robustness to non-normality. Within-subject temporal 
changes were evaluated using the Wilcoxon signed-rank test, while overall differences across four 
groups (disease × sex) were analyzed using the Kruskal-Wallis test. p-values were adjusted for 
multiple testing using the Benjamini-Hochberg false discovery rate (FDR) procedure at α = 0.0518.

All analyses were performed in Python 3.10 using the NumPy19, pandas20, and SciPy21 librar-
ies. Analysis code and Jupyter notebooks are publicly available at https://doi.org/10.5281/zeno-
do.18449541.

The dataset was accessed for research purposes in January 2026. All data were fully de-iden-
tified prior to analysis, and the authors did not have access to any information that could identify 
individual participants at any stage of the study.

https://doi.org/10.5281/zenodo.18448855
https://doi.org/10.5281/zenodo.18448855
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RESULTS

Cohort Characteristics

After applying complete-annotation criteria, 28 subjects were included in the analysis (Table 1), 
comprising 15 FMF patients and 13 healthy controls. Group sizes under progressive stratification 
ranged from n = 4 to n = 10 at the most granular level. Sex distribution was comparable between 
disease groups.

TABLE 1. SAMPLE SIZES UNDER PROGRESSIVE STRATIFICATION. 
	

Stratification Level	 Group(s)	 n

Level 1: All pooled	 All	 28
Level 2: Disease	 Healthy	 13
	 FMF	 15
Level 3: Disease+Sex	 Healthy Female	 4
	 Healthy Male	 9
	 FMF Female	 5
	 FMF Male	 10

Note: Subject numbering is independent between FMF (P prefix) and Healthy (H prefix) groups.

Effect of Stratification on Variance

Variance reduction under progressive stratification was quantified for selected genera (Figure 1; 
Table 2). Disease stratification resulted in modest decreases in interquartile range (IQR), including 
Faecalibacterium (~7%), Bacteroides (~6%), Prevotella (~4%), and Akkermansia (~1%).

Figure 1. Variance reduction under progressive stratification. Interquartile range (IQR) of log-transformed abundance 
differences (Δ) for selected genera (Akkermansia, Faecalibacterium, Bacteroides, Prevotella) across increasing levels of 
stratification: all samples (n = 28), disease-based stratification (healthy = 13, FMF = 15), and combined disease and sex 
stratification (n = 4-10 per subgroup). Variance reduction across stratification levels is modest (~3-7%), indicating that 
stratification yields limited decreases in within-group variability despite increasing biological resolution.
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No additional variance reduction was observed under further stratification by sex, with IQR val-
ues remaining stable between Level 2 and Level 3. Corresponding N-reduction factors ranged from 
1.03 to 1.16, indicating limited gains in statistical efficiency.

Statistical Power Constraints

Despite modest variance reductions, effective sample sizes decreased substantially following 
stratification (n = 4-10). Power analysis demonstrated a corresponding increase in minimum de-
tectable effect sizes (Table 3).

TABLE 2. VARIANCE REDUCTION FOR KEY GENERA*. 
	

Genus	 IQR 	 IQR 	 Variance 	 N-reduction
	 (All)	 (Disease + Sex)	 Reduction (%)	 factor

Faecalibacterium	 0.037	 0.034	 7.1	 1.16
Bacteroides	 0.086	 0.081	 5.7	 1.13
Prevotella	 0.074	 0.071	 3.5	 1.07
Akkermansia	 0.081	 0.080	 1.3	 1.03

*Positive values indicate variance decrease.

TABLE 3. MINIMUM DETECTABLE EFFECT SIZE (COHEN’S d) AT 80% POWER, α=0.05.
	

Stratification Level	 Group Size	 Min d (80% power)

Disease (Healthy)	 n = 13	 d ≥ 1.10
Disease (FMF)	 n = 15	 d ≥ 1.02
Healthy Female	 n = 4	 d ≥ 1.98
Healthy Male	 n = 9	 d ≥ 1.32
FMF* Female	 n = 5	 d ≥ 1.77
FMF* Male	 n = 10	 d ≥ 1.25

Note: Power calculations assume balanced two-group comparisons. For the complete cohort (N = 28 total 
subjects), a hypothetical balanced split would yield groups of n ≈ 14 per group, requiring d ≥ 1.08 for 80% power.
*Subjects with familial Mediterranean fever.

For disease-stratified groups (n = 13-15), detectable effects were d ≥ 1.02-1.10, whereas for fully 
stratified groups (n = 4-10), thresholds increased to d ≥ 1.25-1.98. These values indicate severe 
limitations in statistical detectability under small-sample conditions (Figure 2).

Observed Effect Sizes

Observed effect sizes for disease comparisons were uniformly small across all examined genera 
(Table 4). Median absolute values were |d| < 0.2 and |δ| < 0.15, with no statistically significant dif-
ferences detected after multiple-testing correction. These observed effect sizes were substantially 
below the minimum detectable thresholds estimated for all stratification levels.
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Genome-Wide Effect Size Distribution

Across all 538 genera, the median absolute effect size for disease comparisons was approximately 
|d| ≈ 0.2, with a 95th percentile of |d| ≈ 0.7. A total of 52 genera (9.7%) showed nominal significance 
(p < 0.05), but none remained significant after false discovery rate (FDR) correction (Figure 3).

Sex-based comparisons showed similar distributions, with median |d| ≈ 0.2 and no significant 
findings after correction.

Quantifying the Variance-Power Trade-off

Variance reduction and corresponding changes in statistical power were evaluated across stratifi-
cation levels.

Figure 2. Statistical power as a function of sample size and effect size. Statistical power (1 − β) as a function of 
sample size per group (n) for a two-sided test at α = 0.05, shown for multiple effect sizes (Cohen’s d = 0.2, 0.3, 0.5, 
0.8, and 1.0). The dashed horizontal line indicates the conventional 80% power threshold. Vertical reference lines 
denote sample sizes corresponding to the stratification levels evaluated in the present study. The curves illustrate 
that effect sizes typical of microbiome datasets (d ≈ 0.2-0.3) require substantially larger cohorts to achieve adequate 
statistical power. In contrast, the sample sizes obtained after stratification (n = 4-15 per group) remain underpow-
ered for detecting small effects, despite modest reductions in within-group variability.

TABLE 4.  OBSERVED DISEASE EFFECT SIZES IN THIS FMF* COHORT.
	

Genus	 Median Δ	 Median Δ	 Cohen’s d	 Cliff’s δ	 Mann-
	 (Healthy)	 (FMF)			   Whitney p

Akkermansia	 0.001	 0.033	 0.09	 0.08	 0.91
Faecalibacterium	 −0.003	 0.010	 0.16	 0.14	 0.50
Bacteroides	 0.004	 0.007	 0.09	 0.07	 0.64
Prevotella	 −0.004	 0.019	 0.14	 0.12	 0.33

*Subjects with familial Mediterranean fever.
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For Faecalibacterium, variance reduction reached 7.1% (N-reduction factor = 1.16). However, 
resulting group sizes (n = 4-10) required minimum detectable effect sizes of d ≈ 1.25-1.98, whereas 
the observed effect size was |d| ≈ 0.16.

For Akkermansia, variance reduction was limited to 1.3% (N-reduction factor = 1.03), indicating 
negligible gains in statistical efficiency.

Across taxa, modest variance reductions were insufficient to offset the increase in minimum 
detectable effect sizes associated with sample-size fragmentation.

DISCUSSION

The results presented above establish a consistent pattern across stratification levels, linking modest 
variance reduction with substantial loss of statistical power. This relationship demonstrates that variance 
reduction and statistical power are intrinsically coupled rather than independent: gains in within-group 
homogeneity must be evaluated relative to the accompanying reduction in effective sample size.

This study addresses a central challenge in small-sample biomedical research – the trade-off 
between variance reduction achieved through stratification and the loss of statistical power caused 
by sample-size fragmentation 22,23. Using a fully annotated cohort and a stepwise stratification 
framework, we show that stratification functions primarily as a variance-refinement mechanism 
rather than a power-enhancing strategy. Although reductions in within-group dispersion were ob-
served, these gains were insufficient to offset the substantial increase in minimum detectable effect 
sizes as subgroup sizes decreased. Consequently, many biologically plausible effects remained 
statistically undetectable despite improved within-group coherence.

This distinction is important because biological interpretability and statistical detectability are of-
ten implicitly assumed to improve together. Our results indicate that, in small microbiome cohorts, 
these objectives may diverge – stratification can enhance biological resolution while simultaneous-
ly reducing the ability to detect statistically reliable effects.

In practical terms, these findings demonstrate that modest variance reduction cannot compen-
sate for power loss when underlying effect sizes are small13. This observation is particularly rele-
vant for microbiome studies, where biological heterogeneity is high, and effect sizes are frequently 
modest. Under such conditions, improvements in biological resolution do not necessarily translate 
into improvements in statistical detectability.

Figure 3. Genome-wide effect size and p-value distributions. A, Distribution of effect sizes (Cohen’s d) for ge-
nus-level comparisons between FMF patients and healthy controls across 538 genera. Vertical dashed lines indi-
cate conventional thresholds for small (d = 0.2), medium (d = 0.5), and large (d = 0.8) effects. Most observed effect 
sizes fall within the small-effect range, with a median absolute effect size of approximately |d| ≈ 0.2. B, Distribution 
of p-values obtained from Mann-Whitney U tests across genera. The dashed vertical line indicates the nominal sig-
nificance threshold (p = 0.05). A total of 52 of 538 genera (9.7%) reached nominal significance, but none remained 
significant after false discovery rate (FDR) correction, consistent with the limited statistical power associated with 
small cohort size.



9

BIOLOGICAL STRATIFICATION IN SMALL MICROBIOME COHORTS

The implications extend beyond the specific dataset examined here. Rather than being inter-
preted as a means of increasing statistical significance, stratification should be viewed as a tool for 
improving biological interpretability and structuring exploratory inference, including effect size es-
timation, characterization of variability, and identification of consistent directional trends23,24. When 
expected effect sizes are modest, and cohort size is limited, analyses are more appropriately 
framed as exploratory rather than confirmatory23. In this context, emphasis on effect size distribu-
tions and robustness across stratification levels provides a more informative inferential framework 
than reliance on significance testing alone.

Although derived from microbiome data, the variance-power trade-off identified here is not do-
main-specific and is likely relevant to a broad range of high-dimensional biological datasets char-
acterized by substantial inter-individual variability and small sample sizes22,24. 

Evidence from studies in familial Mediterranean fever cohorts further supports the existence 
of biologically meaningful microbiome heterogeneity, including sex-dependent probiotic respons-
es25 and differential microbial responses associated with therapeutic exposures26. These findings 
reinforce the biological rationale for stratification while simultaneously illustrating the challenges 
associated with detecting such effects under small-sample conditions.

Despite the limitations inherent in a single-cohort analysis, the central conclusion remains ro-
bust: the inferential value of stratification depends on whether variance reduction is sufficient to 
offset sample-size fragmentation relative to the underlying effect-size distribution. In the present 
dataset, modest variance reductions (~3-7%) were insufficient to compensate for power loss given 
the predominance of small effect sizes.

Taken together, these results define a practical boundary for the utility of stratification in 
small-sample settings. Rather than serving as a strategy for improving statistical detectability, 
stratification should be understood as a tool for enhancing biological interpretability under explicitly 
constrained inferential conditions. This perspective provides a quantitative framework for study 
design and data interpretation in settings where increasing sample size is not feasible.

Practical Implications for Study Design

These findings have important implications for study design in small-cohort biomedical research. 
Deep stratification should be applied cautiously when total sample size is limited (n < 50), as mod-
est variance reductions are unlikely to offset the resulting loss of statistical power. Under such 
conditions, emphasis should shift toward effect size estimation, consistency of directional trends, 
and structured exploratory inference rather than statistical significance alone13,23.

These observations are consistent with prior microbiome studies demonstrating high inter-in-
dividual variability and generally modest effect sizes7-9, as well as broader analyses of statistical 
power in small-sample research13. In this context, variance reductions on the order of tens of 
percent would likely be required to meaningfully improve detectability, whereas the reductions 
observed here (~3-7%) are insufficient to compensate for the corresponding loss of statistical 
power.

In contrast to assumptions commonly embedded in precision medicine frameworks, which of-
ten implicitly rely on moderate-to-large biological effect sizes27,28, the present study indicates that 
genus-level microbiome effects are typically small (median d ≈ 0.2). Consequently, substantially 
larger cohorts may be required to achieve adequate statistical power when stratification is incorpo-
rated into study design.

An important implication of these findings is that statistical adequacy cannot be evaluated sole-
ly on the basis of sample size. Cohort sizes considered sufficient in some areas of biomedical 
research do not necessarily confer comparable inferential power in microbiome studies. Unlike 
many conventional biological measurements, microbiome datasets are characterized by substan-
tial inter-individual heterogeneity, compositional structure, and generally modest effect sizes. Un-
der these conditions, sample sizes that might appear adequate from a traditional biomedical per-
spective can remain insufficient for reliable microbiome inference. The present results therefore 
highlight that the informational value of a given sample size depends not only on the number of 
subjects studied but also on the variability structure and effect-size distribution of the biological 
system under investigation.
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Limitations

The present study has several limitations. It is based on a single cohort, a specific microbiome 
profiling platform, and a limited set of stratification variables. Additional biological factors, including 
genotype, diet, treatment history, or environmental exposures, may yield different variance struc-
tures and modify the observed variance-power trade-off. Furthermore, microbiome-specific data 
properties such as compositionality and sparsity may influence variance behavior and effect size 
estimation24.

An additional source of complexity arises from heterogeneity within the FMF cohort itself. Al-
though all patients shared the same MEFV mutation (M694V/M694V), variability in disease se-
verity, treatment response, and associated microbiome characteristics may still be present. Prior 
studies have shown that microbiome composition in FMF can be influenced by host-microbe in-
teractions, treatment effects, and shifts in specific microbial taxa, including opportunistic microor-
ganisms11,12,15. Such intra-group variability may not be fully captured by the stratification variables 
considered in this study (disease status and sex). Consequently, residual heterogeneity may per-
sist even after stratification, further limiting statistical detectability.

Future Directions

These limitations highlight several directions for future methodological and empirical research. 
Future studies should evaluate whether alternative study designs, higher-resolution microbiome 
profiling approaches, or diseases characterized by larger effect sizes alter the observed vari-
ance-power trade-off. In addition, methodological strategies such as hierarchical modeling, simu-
lation-based study design, and Bayesian frameworks may provide more efficient approaches for 
managing stratification under small-sample constraints23. Validation in larger and more diverse 
cohorts will be essential to assess the generalizability of the proposed framework.

CONCLUSIONS

This study demonstrates that the inferential value of biological stratification in small microbiome 
cohorts is constrained by a fundamental trade-off between variance reduction and statistical pow-
er. Although stratification reduced within-group variability, the observed reductions (~3-7%) were 
insufficient to compensate for the loss of statistical power associated with sample-size fragmen-
tation. Consequently, statistical detectability remained limited despite improvements in biological 
resolution.

These findings highlight an important distinction between biological interpretability and statisti-
cal inference. While stratification may reveal biologically meaningful subgroup structure and sup-
port mechanistic interpretation, it does not necessarily improve the ability to detect effects when 
cohort size is limited, and underlying effect sizes are small. In such settings, increased biological 
resolution may be accompanied by reduced inferential capacity.

More broadly, the present results suggest that the utility of stratification should not be assumed 
a priori. Rather, its value depends on the quantitative balance between variance reduction, ef-
fect-size magnitude, and the degree of sample-size fragmentation. This principle is likely relevant 
not only to microbiome research but also to other areas of precision medicine and high-dimension-
al biology characterized by substantial inter-individual variability.

Taken together, our findings support a framework in which biological stratification in small co-
horts is viewed primarily as a tool for enhancing biological interpretability and structuring explorato-
ry inference rather than as a strategy for improving statistical detectability. Future studies should 
explicitly evaluate the variance-power trade-off when designing stratified analyses and prioritize 
effect-size estimation alongside conventional significance testing.
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