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Abstract

Differential abundance analysis (DAA) is a critical task in microbiome research aimed
at identifying microbial signatures that reliably characterize groups. Research suggests
that microbiome systems are relatively stable and resilient, yet even small changes under
certain conditions can trigger dysbiosis. The high dimensionality of microbiome datasets
exacerbates the challenge of detecting such changes by posing a multiple comparison
problem that requires hypothesis filtration. Standard filtration using multiple comparison
correction procedures is designed for scenarios with a high number of true positives
and is often too conservative for microbiome data, where the proportion of true signals
can be very low. Therefore, there is a substantial need for hypothesis filtration methods
tailored to microbiome data. Confidence intervals (CIs) for between-group differences
offer a powerful alternative to p-value filtration, as their range simultaneously conveys
information about the significance, potential magnitude, and direction of the effect, as
well as the certainty of the estimate itself. Microbial data can be adequately modeled
using a negative binomial (NB) distribution, and its location parameter can be robustly
estimated with the Hodges—Lehmann estimator (HLE). Using synthetic and experimental
data, we demonstrate that hypothesis filtration based on ClIs for the two-sample HLE is
a robust method for comparing microbial data. Our analysis demonstrates that the HLE-
CI approach provides the same level of precision as filtration using multiple-adjustment
methods while achieving significantly higher recall in microbiome DAA. The results of
this study suggest that HLE-CI-based filtration can be an effective step in the search for
microbiome biomarkers.

Keywords: negative binomial distribution; microbiome; differential abundance analysis;
confidence interval; Hodges-Lehmann estimator

1. Introduction
1.1. Background

In recent years, it has become widely recognized that the human microbiome signifi-
cantly influences host digestion, immunity, metabolism, and even neural function, making
its balance critical for overall health [1]. A central task in microbiome research is differential
abundance analysis (DAA), which aims to identify reliable marker features that distinguish
groups within microbiome datasets [2-6].
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Microbiome datasets are characterized by high dimensionality and often include hun-
dreds or even thousands of features, such as bacterial taxa or genes. Biomarker discovery
typically involves testing each feature for statistical associations. Because each test carries a
non-zero probability of a false positive (Type I error), conducting thousands of tests creates
a high risk of accidentally discovering significant results. Consequently, microbial analysis
inherently presents a multiple comparison problem, highlighting the need for hypothesis
filtration [7,8].

Given this context, the high dimensionality of microbiome data creates ample oppor-
tunity for false positives. Nonetheless, the number of identified microbiome markers is
often strikingly small compared to the total number of taxonomic features examined [9,10],
and the overwhelming majority of microbiome variation (>80%) consistently remains un-
accounted for [11-13] by studied demographic, clinical, or environmental factors. This
discrepancy can be explained, in considerable part, by intra-person variability and the
inherent biological stability of microbiome systems.

Research indicates that human microbiome systems are generally stable and re-
silient [1]. For instance, longitudinal studies demonstrate high rates of re-identification
(over 86%) of unique microbial species upon repeated patient examinations [14]. Similarly,
core microbiome species are consistently identified across large populations and explain a
substantial proportion of microbiome variation [15]. At the same time, the largest part of
explained microbiome variability is attributed to intra-person differences [16], complicat-
ing pattern identification. Nonetheless, dysbiosis can arise from known subtle microbial
imbalances [17]. Minor shifts in the microbiome can trigger community-wide changes
in structure, metabolic activity, or both, ultimately leading to significant phenotypic ef-
fects [18-22].

Thus, one of the methodological challenges of microbial DAA is the detection of
subtle changes in a microbiome that has large intra-person variation, yet which overall
composition appears to be stable. The challenge of detecting these changes in microbial
composition is threefold. First, increases in pathobionts or decreases in key commensals
are often minor. Second, pathobionts and key commensals typically represent only a small
fraction of the total microbial population. Third, the change in their relative abundance
(which is already minimal) can itself be small. After conducting tests and adjusting for
multiple comparisons across all taxonomic features, these subtle but biologically important
changes can resurface as insignificant.

The reason for this obscuring lies in the nature of multiple comparison corrections.
Although these hypothesis filtration methods are designed to control false positives (Type
I errors), they inherently reduce statistical power [23]. This can be particularly problem-
atic for high-dimensional data, such as microbiome datasets, where most features are
not differentially abundant (i.e., “stable”). In this context, standard corrections become
overly conservative, disproportionately penalizing the few true signals and leading to false
negatives (Type Il errors). Given this limitation, it can be concluded that other hypothesis
filtrations are in demand in microbial DAA.

Another popular option for ranking hypotheses is filtration by effect size [2]. Most
effect size measures (e.g., from the r and d families) provide information about the effect
size that complements the statistical significance indicated by the p-value. Large effect
sizes with reasonable sample sizes often reveal more about practical importance than
small p-values. However, effect size measures present their own challenges. For example,
although tools such as LEfSe (Linear discriminant analysis Effect Size) are widely popular
in microbial DAA [2], they can be susceptible to generating or inflating false positives [7].
This vulnerability arises because effect sizes, whether LDA estimates from LEfSe or other
common statistics such as Cliff’s §, are single-point estimates intended to complement or
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extend the underlying significance test [24]. Consequently, these point estimates remain
highly dependent on sample peculiarities.

One well-known, straightforward way to address this issue is to consider confidence
intervals (Cls). ClIs for between-group differences can be seen as a better alternative
to raw p-values and related point estimate statistics because they provide a range of
plausible location shift values [25]. This range simultaneously conveys information about
significance, the potential magnitude and direction of the effect, and the certainty of the
estimate itself.

A critical question is what constitutes the optimal CI for analyzing microbiological
data. Since a desirable CI roughly describes the plausible range for the true shift between
the central tendencies of two samples, the first step can be to obtain robust estimates of the
location parameters (the central values) of the microbial data itself.

The overdispersed, zero-inflated count data typical of microbiome samples can be
adequately modeled using the negative binomial (NB) distribution [26]. This distribution
models the number of failures before a specified number of successes in a series of in-
dependent Bernoulli trials. A defining feature of the NB distribution is its right-skewed,
unimodal shape with a long right tail, which naturally captures the overdispersion (variance
exceeding the mean) observed in microbial abundance data. The shape of the distribution,
specifically its degree of skewness and the location of its peak, is governed by its parameters.
As the number of required successes increases, the distribution becomes less skewed and
its shape approaches that of a symmetric bell curve. Consequently, an NB distribution with
substantial positive skew is most-optimal for modeling low-abundance, sparse taxa, while
a distribution nearing symmetry bell better describes common, abundant taxa. The open
question is: which measure of central tendency would most accurately represent the center
of NB-distributed microbial data?

The mean is the most commonly used measure of central tendency. In the context of the
NB distribution, it is directly sensitive to the parameters governing the distribution’s spread
and location. It also aligns well with the zero-inflated nature of microbial data, making
it a theoretically useful metric for reflecting both taxonomic abundance and prevalence.
However, microbiome datasets frequently contain outliers, which in practice renders
the mean an unreliable statistic that is unduly influenced by extreme values. Related
robust metrics, such as the trimmed and winsorized mean, offer greater resistance to
extreme values. Yet these methods introduce a new challenge: determining an optimal and
biologically justified threshold for trimming or winsorization [27]. Moreover, even after
applying these adjustments, the reliability of the resulting estimate is not guaranteed. The
median, defined as the middle value of a ranked vector, is less susceptible to outliers than
the mean, providing greater robustness for sample comparisons. However, it may be the
least accurate theoretical estimate of the true central parameter of a NB distribution, as it
does not account for right skew. Moreover, in the context of zero-inflated microbial data,
the median tends to underestimate the true central tendency and can easily yield a zero
estimate for samples with low prevalence.

A robust alternative to traditional measures can be the pseudo-median, calculated via
the Hodges-Lehmann estimator (HLE) [28,29]. This estimator is both sensitive to the right
skew of the NB distribution without being unduly influenced by extreme outliers. In the
one-sample case, the HLE is defined as the median of all pairwise averages, also known
as Walsh averages. In a symmetric distribution, the HLE equals the median. However,
for right-skewed NB data, the HLE lies between the median and the mean, effectively
balancing the robustness of the median with the sensitivity of the mean. This balance
is achieved by incorporating information about the data’s spread through all pairwise
averages (similar to the mean) while remaining resistant to extreme values by taking their
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median. Consequently, the HLE offers a favorable compromise. The two-sample HLE is
defined as the median of all pairwise differences between the observations in two samples.
CIs for this estimator can be derived by inverting the Mann—-Whitney U count statistic,
yielding a non-parametric CI for the difference between the location parameters of two
NB samples.

Additionally, unlike conventional tests that primarily yield a p-value and correspond-
ing test statistic, the two-sample HLE estimate directly results in an intuitive and in-
terpretable measure of the shift in central tendencies between groups (i.e., median of
all observed pairwise differences in two samples). Consequently, the one-sample HLE
(pseudo-median) and the two-sample HLE for differences between locations may represent
a powerful, assumption-lean, and robust tool for analyzing microbial data, warranting
further investigation.

1.2. The Aim and Objectives of the Study

In summary, Type II errors (false negatives) can be as critical as Type I errors (false
positives) in microbial DAA. Standard multiple testing corrections tend to over-penalize
comparisons in datasets with few true signals, such as those typical of many microbiome
studies, often to the point of prohibiting any marker taxa detection.

The aim of this study is to demonstrate the utility of HLE-CI-based hypothesis filtration
for mitigating the issue of marker taxa discovery over-penalization during hypothesis
filtration using multiple testing corrections.

To this end, the study addresses two specific objectives. First, we investigate marker
discovery error rates using synthetic data, comparing several approaches: raw and adjusted
p-values from popular statistical tests, as well as effect-size-based filtration. Second, we
perform a comparative analysis of HLE-CI filtration performance on a real-world dataset.

1.3. Summary of the Results

The results of this study demonstrate that in datasets with sparse genuine signals,
conventional multiple comparison adjustments inadvertently over-penalize and obscure
true biological signals. In contrast, filtration based on HLE-CIs provides significantly
higher recall while maintaining superior or comparable precision. Consequently, we
show that HLE-CI achieves significantly higher F1 scores, an advantage that persists
even with decreasing sample sizes. The results of this study illustrate that HLE-CI-based
hypothesis filtration can be a beneficial and powerful approach for biomarker discovery in
microbiome data.

2. Materials and Methods
2.1. Synthetic Dataset

Simulation data were generated by random sampling from a NB distribution using
the NumPy v2.0.1 package in Python v3.12. The distribution’s parameters were randomly
drawn for each simulation: the parameter ‘n” (number of successes) was sampled from a
discrete uniform interval of 1 to 10, and the probability of success ‘p’ was sampled from
a continuous uniform interval of 0 to 1. To ensure reproducibility, the random seed was
fixed for each iteration. Each simulation experiment comprised 100,000 draws to minimize
stochastic effects.

2.2. Experimental Dataset

The Inflammatory Bowel Disease (IBD) dataset comprised IBD patients and their
healthy relatives (HR) 16s microbiome profiling data. Patients were recruited at clinical
sites in Almaty, Kazakhstan. All participants provided written informed consent. In total,
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270 individuals over 18 years of age were enrolled, forming 135 matched pairs (135 IBD
patients and 135 healthy relatives). This dataset collection and use was approved by the
Ethics Committee of the PI “National Laboratory Astana,” Nazarbayev University (Protocol
#05-2022, 21 October 2022).

Bioinformatics and Statistical Analysis of Experimental Data

Sequencing data was processed using the LotuS2 bioinformatics pipeline. Taxonomic
annotation of ASVs was performed using the Lambda classifier and the SILVA v138.1
reference database. Before diversity analysis data was rarified. Biodiversity analysis,
feature importance analysis and visualization were performed in Python v3.12 using the
NumPy v2.0.1, SciPy v1.15.1, scikit-bio v0.6.3, scikit-learn v1.6.1, Matplotlib v3.10.0, and
seaborn v(.13.2 packages. Only taxa that prevalent in 50% of samples in any group were
considered for analysis. Beta diversity (between group diversity) was assessed using the
Jaccard and Bray—Curtis metrics. ANOSIM tests with 999 permutations were used to assess
the significance of grouping. Alpha diversity (within sample diversity) was assessed using
the Observed, Pielou, and Faith indices at the ASV level.

2.3. Statistical Method Implementation

All standard statistical tests used throughout the study, including the independent
t-test, Mann—-Whitney U test, Brunner-Munzel test, and Mood’s median test, were per-
formed using SciPy v1.15.1. Multiple comparison adjustments via the Benjamini-Hochberg
procedure and the Holm-Bonferroni method were implemented using statsmodels v0.14.4.
Cliff’s delta (5) effect size was calculated directly from the Mann-Whitney U statistic.
One sample and two sample Hodges-Lehmann estimators were implemented using
NumPy v2.0.1 and SciPy v1.15.1 packages. For comparative analysis, the ANCOM-
BC2 algorithm from the ANCOMBC v2.8.1 package in R v4.4.2 was used. All data
and scripts required to reproduce the analysis presented in this work are available at
https://github.com/VeaLi/hle-ci-for-microbial-daa (accessed on 10 December 2025).

3. Results
3.1. Empirical False Positives Rates in Negative Binomial Data

We conducted a simulation experiment to estimate the false positive rates (FPR) of
several statistical methods: the independent ¢-test (TT; note that TT solution equals to OLS
linear regression solution in case with one predictor, and thus omitted); the t-test with
Welch’s correction (TTW); the t-test applied to log-normalized data with a pseudocount
(PL-TT and PL-TTw); the Mann-Whitney U test (MWU); the Brunner-Munzel test (BMT),
an alternative to the MWU that does not assume identical shapes; Mood’s median test
(MMT), a more robust alternative to the MWU; Cliff’s Delta (0), an effect size measure
derived from the MWU statistic representing the degree of non-overlap; and the two-sample
Hodges-Lehmann estimator (HLE)-based test (HLE-CI, which uses non-overlapping Cls
for significance estimation).

We generated 100,000 random samples from a NB distribution with different location
parameters. For each sample, we randomly split the data into two equal halves. As these
halves are random subsets of the same large sample, no true difference should exist between
them. We then applied each statistical test to compare the halves to determine if any method
falsely detected a significant difference. This procedure allowed us to estimate the empirical
false positive rate for each method when applied to data from a NB distribution. The results
of this analysis are presented in Table 1.
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Table 1. Empirical false positive error rate from 100,000 simulations drawn from a negative binomial
distribution (NB) distribution.

Test/Sample Size (n per Group) n=15 n=25 n =50 n =100
«=0.05
TT, p <0.05 4793 4869 4895 4926
TTW, p < 0.05 4572 4794 4884 4920
PL-TT, p <0.05 4893 5059 4964 4960
PL-TTW, p < 0.05 4818 5032 4953 4958
MWU, p <0.05 4558 4863 4922 4834
BMT, p <0.05 5283 5268 5067 4903
MMT, p < 0.05 1792 2872 3119 3626
95% HLE-CI 1793 1458 1076 816
o =0.01
TT, p <0.05 925 932 900 919
TTW, p <0.05 821 863 892 914
PL-TT, p <0.05 994 1035 945 966
PL-TTW, p < 0.05 936 984 942 966
MWU, p < 0.05 784 908 889 932
BMT, p <0.05 1370 1225 1047 1005
MMT, p < 0.05 278 365 571 575
99% HLE-CI 261 254 174 136
o =0.001
TT, p <0.05 73 80 75 99
TTW, p < 0.05 59 68 70 99
PL-TT, p <0.05 105 106 84 82
PL-TTW, p < 0.05 90 98 82 81
MWLU, p <0.05 45 69 61 90
BMT, p < 0.05 270 182 119 117
MMT, p < 0.05 19 19 36 45
99.9% HLE-CI 14 14 8 11
Cliff’s b
5 >0.15 (small) 45,739 33,583 17,343 5462
5 > 0.33 (medium) 10,606 3606 292 2
5> 0.47 (large) 2191 285 2 0
Cliff’s 56 & MWU, p < 0.05
5 >0.15 (small), p < 0.05 4558 4863 4729 4287
5> 0.33 (medium), p < 0.05 4443 3606 292 2
5>0.47 (large), p < 0.05 2191 285 2 0

TT = independent t-test; TTW = independent t-test with Welch correction; PL = log of data with pseudo count
added; MWU = Mann-Whitney-U test; BMT = Brunner-Munzel test; MMT = Mood’s median test; HLE-CI = confi-
dence interval for two-sample Hodges-Lehmann estimation of location shift.

At a significance level of « = 0.05, all ¢-test-based methods (TT, TTW, PL-TT, PL-TTW),
the MWU, and the BMT demonstrated a higher false positive rate (FPR) when comparing
subsamples from the same NB distribution than the HLE-CI method. Specifically, these
tests were approximately 2.5 times more likely to produce false positives for subsamples
of size 15, 3.2 times for size 25, 4.5 times for size 50, and 5.6 times for size 100. The MWU
performed only marginally better than the t-tests, while BMT performed marginally worse.
MMT showed a 1.5-fold lower FPR than the other tests but remained inferior to HLE-CI.
Notably, while MMT produced FPRs similar to HLE-CI for a sample size of 15, it was
1.9 times more likely to yield a false positive for size 25, 2.9 times for size 50, and 4.4 times
for size 100.
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As the sample size increased, the FPRs of the t-tests, MWU, BMT, and MMT also
increased. This pattern is consistent with their growing statistical power, which enables
the detection of increasingly negligible, biologically irrelevant differences. In contrast, the
HLE-CI's FPRs decreased with larger sample sizes, indicating a corresponding increase
in the accuracy of median difference estimate. Similar but more pronounced trends were
observed at o = 0.01 and & = 0.001.

Unconditional filtration by Cliff’s $ effect size (small and medium effects) resulted in
the highest FPR, although this rate decreased with increasing sample size. Coupling Cliff’s &
with the MWU p-value limited these spurious findings; however, the resulting performance
was not substantially better than using the MWU alone without the corresponding effect
size. When a large effect size threshold was used for filtration, the performance of Cliff’s
d-based filtration was comparable to that of the HLE-CI method.

The results of this experiment suggest that: (1) the HLE-CI method does not produce
results similar or identical to the MWU or related tests (contrary to the relationship between
a t-test and its complementary ClIs); (2) HLE-CI yields the lowest FPR for samples drawn
from NB distribution; (3) HLE-CI demonstrates the most optimal performance even for
small sample sizes (n = 15-25).

3.2. Empirical False Negative Rates in Negative Binomial Data

We conducted a further simulation experiment to compare the performance of the best
performed methods: MWU and MMT with and without multiple comparisons correction
(FDR-BH, denoted as g), Cliff’s 6-based filtration, and the HLE-CI method in a scenario
designed to detect a small number of true positive markers. Similarly to the first experiment,
we generated 1000 pairs of samples from a NB distribution to simulate taxonomic feature
abundances for two experimental groups. To create a dataset with a known, small fraction of
true positives, we introduced a significant difference by shifting the values of 10 randomly
selected features by a fixed amount (15%, 25%, or 50%) in one of the groups. This resulted
in a final dataset of 1000 features containing 10 true markers. We repeated the simulation
100 times and computed the F1-score, which summarizes the balance between precision
and recall. The Fl-score is the harmonic mean of precision and recall, calculated as shown
in Equation (1). The results are presented in Tables 2—4.

Precision x Recall

F1=2
x Precision + Recall

(1)

At a 15% marker shift, the HLE test with 95% and 99% CIs demonstrated the best
performance across all dataset sizes (Table 2), consistently outperforming the MWU and
MMT at all a-levels. The use of multiple comparison adjustment resulted in suboptimal
performance, effectively prohibiting marker detection in datasets with a small number of
true positives at the 15% difference in marker centers. Only when the sample size was
increased to 100 per group did filtration by corrected p-values show any detection capability,
yielding better results than filtration by raw MWU p-values. Nevertheless, the highest F1
score was still achieved by the HLE-CI filtration.

The maximum F1 scores for largest sample size (n = 100) for filtration by raw p-values,
adjusted p-values, and the HLE-CI results were 32.65%, 18.2%, and 50.0%, respectively.
Thus, the HLE test provided a 31.8% relative improvement in the F1 score over the adjusted
p-values. The highest F1 score achieved using a conditional Cliff’s 6 was 19.65%, which
occurred at a medium effect size threshold. Furthermore, even with smaller sample sizes
(n = 15-25) HLE-based filtration performed the best. Finally, the MMT did not perform
better than the MWU, suggesting that the MMT’s lower empirical false positive rate
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(observed on Experiment 1; Table 1) was a result of its lower statistical power, rather than

higher accuracy.

Table 2. F1 from 100 simulations of 1000 comparisons comparing negative binomial (NB) subsamples
with 10 markers per 1000 comparisons. 15% shift between centers. Md (IQR).

Test/Sample Size (n per Group) n=15 n=25 n =50 n =100
a=0.05
MWU, p < 0.05 6.2 (3.4;8.2) 7.9 (5.95;11.32) 12.15 (9.95; 15.25) 17.4 (14.65; 21.2)
MMT, FDR-BH, q < 0.05 0.0 (0.0; 0.0 0.0 (0.0; 0.0) 0.0 (0.0;18.2) 18.2 (0.0; 33.3)
MMT, p < 0.05 5.35(0.0;7.7) 5.7 (4.7;10.0) 9.3 (5.07; 14.85) 13.95 (10.3; 18.52)
MMT, FDR-BH, q < 0.05 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0;18.2)

95% HLE-CI

11.8 (6.8; 16.0)

17.8 (10.38; 25.8)

30.8 (23.05; 38.5)

455 (38.5; 52.2)

a=0.01

MWU, p < 0.01 0.0 (0.0; 11.1) 10.5 (0.0; 19.0) 20.7 (10.0; 28.6)  32.65 (23.78; 40.35)
MMT, FDR-BH, g < 0.01 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 182 (0.0; 33.3)
MMT, p < 0.01 0.0 (0.0; 0.0) 0.0 (0.0; 14.3) 12.5 (9.4; 18.2) 22.2 (13.3; 28.95)
MMT, FDR-BH, g < 0.01 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0; 0.0)
99% HLE-CI 0.0 (0.0; 15.4) 15.4 (0.0; 26.7) 30.8 (16.7; 40.0) 50.0 (39.38; 57.1)
o = 0.001
MWU, p < 0.001 0.0 (0.0; 0.0) 0.0 (0.0; 16.7) 16.7 (0.0; 18.2) 30.8 (16.7; 43.72)
MMT, FDR-BH, g < 0.001 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0; 18.2)
MMT, p < 0.001 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0; 15.4) 18.2 (0.0; 30.8)
MMT, FDR-BH, g < 0.001 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0; 0.0)
99.9% HLE-CI 0.0 (0.0; 0.0) 0.0 (0.0; 18.2) 18.2 (0.0; 18.2) 33.3 (18.2; 46.2)
Cliff’s 5 & MWU, p < 0.05
5> 0.15 (small), p < 0.05 6.2 (3.4; 8.2) 79(5.95;11.32)  12.5(10.0;15.52)  18.55 (16.08; 22.6)
5 > 0.33 (medium), p < 0.05 6.15 (3.48; 8.2) 9.3 (4.88;13.6)  19.65 (13.3;29.15) 18.2 (0.0; 33.3)
5 > 0.47 (large), p < 0.05 6.7 (3.22; 11.18) 125 (0.0; 15.4 0.0 (0.0; 18.2) 0.0 (0.0; 0.0)

MWU = Mann-Whitney-U test; MMT = Mood’s median test; HLE-CI = confidence interval for two-sample
Hodges-Lehmann estimation of location shift.

Similarly, at a 25% marker shift, the HLE filtration with 95% and 99% Cls demonstrated
the best performance across all dataset sizes (Table 3), consistently outperforming the MWU
and MMT at all x-levels. The use of multiple comparison adjustment again resulted in
suboptimal performance. Only when the sample size was increased to 50 per group did
filtration by corrected p-values show any detection capability. Filtration by raw MWU
p-values, in general, performed better than by adjusted p-values, due to higher recall. The
highest F1 score was still achieved by the HLE-CI filtration.

The maximum F1 scores for largest sample size (n = 100) for filtration by raw p-values,
adjusted p-values, and the HLE test were 57.1%, 46.2%, and 70.6%, respectively. Thus, the
HLE test provided a 24.4% relative improvement in the F1 score over the adjusted p-values.
The highest F1 score achieved using a conditional Cliff’s 5 was 46.2%, which occurred at a
medium effect size threshold. For smaller sample sizes (n = 15-25) HLE-based filtration
again demonstrated the best performance among the methods. The MMT did not perform
any better than the MWU.

Finally, at a 50% marker shift, the HLE test with 99% Cls demonstrated the best
performance across all dataset sizes (Table 4), consistently outperforming the MWU and
MMT at all x-levels. The use of multiple comparison adjustment resulted in suboptimal
performance for smaller sample size (1 = 15), overpenalizing marker detection. Filtration by
adjusted MWU p-values, in general, performed better than by raw p-values (by increasing
precision). The highest F1 score was still achieved by the HLE-CI filtration.
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Table 3. F1 from 100 simulations of 1000 comparisons comparing negative binomial (NB) subsamples
with 10 markers per 1000 comparisons. 25% shift between centers. Md (IQR).

Test/Sample Size (n per Group) n=15 n=25 n =50 n =100
o = 0.05, Md (IQR)
MWU, p < 0.05 7.25(4.7;11.42)  11.5(9.07;14.98)  17.0 (13.68;20.08)  22.9 (19.77; 25.4)
MMT, FDR-BH, q < 0.05 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 18.2 (0.0; 20.8) 46.2 (33.3; 66.7)
MMT, p < 0.05 6.5 (0.0; 8.07) 8.4 (4.9;13.55) 13.8 (10.38;18.2)  19.65 (16.23; 23.55)
MMT, FDR-BH, g4 < 0.05 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 18.2 (0.0; 33.3)
95% HLE-CI 154 (8.9;22.42)  24.0(16.7;30.8)  40.0(32.3;46.92)  56.7 (48.3; 62.48)
o =0.01, Md (IQR)
MWU, p <0.01 9.75(0.0,14.73)  16.35(9.5;22.52)  31.6 (24.62;40.42)  48.15 (39.62; 57.35)
MMT, FDR-BH, 4 < 0.01 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0; 18.2) 46.2 (33.3;57.1)
MMT, p < 0.01 0.0 (0.0; 0.0) 0.0 (0.0; 14.3) 21.1 (11.62; 28.6) 37.5 (28.6; 47.22)
MMT, FDR-BH, 4 < 0.01 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 9.1(0.0;18.2)
99% HLE-CI 13.3(0.0;18.2)  19.65(14.3;29.15)  44.4 (33.3;57.1) 70.6 (58.8; 78.35)
a =0.001, Md (IQR)
MWU, p < 0.001 0.0 (0.0; 0.0) 0.0 (0.0; 18.2) 30.8 (18.2; 42.9) 57.1 (46.2; 66.7)
MMT, FDR-BH, g < 0.001 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 18.2 (18.2; 33.3)
MMT, p < 0.001 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 16.7 (0.0; 18.2) 33.3 (18.2;46.2)
MMT, FDR-BH, g < 0.001 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 0.0 (0.0; 18.2)
99.9% HLE-CI 0.0 (0.0; 0.0) 0.0 (0.0; 18.2) 33.3(18.2;46.2) 59.8 (46.2; 75.0)

Cliff’s 6 & MWU, p < 0.05, Md (IQR)

5> 0.15 (small), p < 0.05
5 > 0.33 (medium), p < 0.05
5> 0.47 (large), p < 0.05

7.25 (4.7; 11.42)
7.4 (4.8;11.5)
8.2 (5.6; 12.5)

11.5 (9.07; 14.98)
13.45 (8.7; 17.82)
15.4 (0.0; 25.0)

17.4 (14.02; 20.62)
35.3 (28.12; 50.0)
182 (0.0; 18.2)

24.6 (21.42; 27.52)
46.2 (33.3;57.1)
0.0 (0.0; 18.2)

MWU = Mann-Whitney-U test; MMT = Mood’s median test; HLE-CI = confidence interval for two-sample
Hodges-Lehmann estimation of location shift.

Table 4. F1 from 100 simulations of 1000 comparisons comparing negative binomial (NB) subsamples
with 10 markers per 1000 comparisons. 50% shift between centers. Md (IQR).

Test/Sample Size (n per Group) n=15 n=25 n=>50 n =100
o = 0.05, Md (IQR)
MWLU, p < 0.05 17.0 (13.95;20.15)  21.9 (18.48; 24.3) 25.2 (22.42;28.6) 26.0 (23.65; 28.2)
MMT, FDR-BH, g < 0.05 0.0 (0.0; 0.0) 18.2 (17.82; 33.3) 66.7 (57.1;75.0) 84.2 (77.8; 90.0)
MMT, p < 0.05 18.2 (12.4; 24.25) 20.0 (15.8; 25.0) 26.4 (21.7; 31.02) 26.7 (23.0; 29.6)
MMT, FDR-BH, g < 0.05 0.0 (0.0; 0.0) 0.0 (0.0;18.2) 46.2 (33.3; 57.1) 70.6 (57.1;75.0)
95% HLE-CI 31.2(25.8;38.7) 42.9 (36.22; 48.3) 53.55 (49.7; 61.5) 64.0 (57.1; 69.2)

o =0.01, Md (IQR)

MWU, p < 0.01 31.6 (23.5;40.42)  43.2 (32.0; 50.48) 57.6 (50.0; 64.0) 59.65 (53.3; 66.7)
MMT, FDR-BH, g < 0.01 0.0 (0.0; 0.0) 17.45 (0.0; 18.2) 57.1 (46.2; 66.7) 82.4 (75.0; 88.9)
MMT, p < 0.01 15.4 (0.0;27.18)  31.2(18.8;40.0) 50.0 (40.0; 60.9) 58.3 (50.0; 64.08)
MMT, FDR-BH, g < 0.01 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 33.3 (18.2; 46.2) 66.7 (57.1; 75.0)
99% HLE-CI 40.0 (30.8;50.0)  53.9 (42.9; 66.7) 75.0 (66.7; 80.0) 84.2 (77.8; 90.0)

o =0.001, Md (IQR)
MWU, p < 0.001 18.2 (0.0; 30.8) 42.9 (30.8; 53.3) 73.7 (58.8; 77.8) 84.2 (77.8; 88.9)
MMT, FDR-BH, g < 0.001 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 46.2 (18.2; 57.1) 82.4 (72.92; 82.4)
MMT, p < 0.001 0.0 (0.0; 18.2) 182(0.0;33.3)  51.65(42.18;63.55)  70.6 (62.5;77.8)
MMT, FDR-BH, g < 0.001 0.0 (0.0; 0.0) 0.0 (0.0; 0.0) 182 (0.0; 33.3) 57.1 (46.2; 66.7)
99.9% HLE-CI 182(0.0;33.3)  44.55(30.8;47.98)  72.8(57.1;78.95)  87.3(82.4;91.18)
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Table 4. Cont.

Test/Sample Size (n per Group) n=15 n=25 n =50 n =100

Cliff’s § & MWU, p < 0.05, Md (IQR)

5> 0.15 (small), p < 0.05

17.0 (13.95;20.15)  21.9 (18.48;24.3)  25.65(23.05;29.0)  28.4 (25.4; 30.3)

5 > 0.33 (medium), p < 0.05 17.2 (13.95;20.15)  26.1(20.78;29.02)  70.0 (62.5; 76.2) 82.4 (75.0; 88.9)

5> 0.47 (large), p < 0.05

257 (21.1;29.4)  48.8 (34.8; 58.8) 57.1 (46.2; 66.7) 57.1 (46.2; 66.7)

MWU = Mann-Whitney-U test; MMT = Mood’s median test; HLE-CI = confidence interval for two-sample
Hodges-Lehmann estimation of location shift.

The maximum F1 scores for largest sample size (n = 100) for filtration by raw p-values,
adjusted p-values, and the HLE test were 84.2%, 84.2%, and 87.3%, respectively. Thus, the
HLE test performed similarly to adjusted p-values in the task of detecting large magnitude
changes (i.e., 50% shift). The highest F1 score achieved using a conditional Cliff’s 6 was
82.4%, which occurred at a medium effect size threshold. Again, the HLE-based filtration
showed the best results for smaller sample sizes (n = 15-25), than any other method.

The results of this experiment suggest that: (1) multiple testing correction tends to
overpenalize comparisons in datasets with a low proportion of true positives, such as those
common in microbiome studies; (2) the HLE-CI method consistently achieves the best, or
at least comparable, F1-scores across all tested sample sizes (1 = 15-100) and effect sizes
(15-50% marker shift). (3) HLE-Cl-based filtration performs the most optimally at the
95-99% confidence levels and (4) may serve as a powerful tool for hypothesis filtration in
microbial DAA, performing on par with multiple comparison correction.

3.3. Precision and Sensitivity of Hypothesis Filtration in Human Gut Microbiome Data

In the previous section, we demonstrated that spurious significant associations can
be found in NB data by chance and that multiple comparison correction over-penalizes
discoveries in datasets with a low proportion of true positives. Here, we assess the perfor-
mance of the best-performing hypothesis filtration method from our simulation HLE-CI
on real-world Inflammatory Bowel Disease (IBD) data, comparing the 16S microbiomes’
profiles of IBD (n = 135) patients against those of their healthy relatives (HR, n = 135). We
compare this HLE-CI-based method with ANCOM-BC2 (without correction, with default
Holm-Bonferroni method and with the Benjamini-Hochberg procedure), a state-of-the-art
method specifically designed for microbiome data. ANCOM-BC2 is based on a regression
framework with sampling depth correction and utilizes multiple comparison correction
for hypothesis filtration. Further details on ANCOM-BC2 can be found in [5]. DAA was
considering only features with a prevalence of at least 50% in the full dataset (343 out of
2272 all classified taxonomic features in the dataset).

3.3.1. Preliminary Biodiversity Analysis

IBD is a significant global burden, affecting millions of people and associated with
reduced quality of life and an increased risk of complications such as colorectal cancer. As
shown in Figure 1, the gut microbiome structure in IBD patients differs significantly from
that of healthy controls. Figure 1A shows a beta diversity analysis based on Jaccard and
Bray—Curtis distances at the ASV level for the IBD and HR groups. The IBD and HR samples
form significantly separate clusters (ANOSIM, R = 0.13, p < 0.001 and R = 0.11, p < 0.001),
indicating distinct microbiome profiles and suggesting a dysbiotic shift in IBD patients.
IBD is also characterized by chronic intestinal inflammation and a dramatic reduction in
unique taxa. In this IBD patients dataset, a 2-fold reduction in alpha diversity at ASV
level was observed (Figure 1B, Observed, p = 0.001 and Pielou, p = 0.001). Leave-one-out
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cross-validation without any feature selection also demonstrated robust separability on
genera level (Figure 1C, AUC = 0.84).
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Figure 1. The metagenome of patients with inflammatory bowel disease (IBD) shows a strong
structural shift and a critical reduction in biodiversity compared to their healthy relatives (HR).
(A) Beta diversity (between group diversity) analysis. Jaccard and Bray—Curtis metrics. ANOSIM
grouping significance test with 999 permutations. (B) Alpha diversity (within sample diversity)
analysis. (C) Classification significance analysis in leave-one-out cross-validation (at the genus
level). ROC analysis of classification performance. AUC values range from 0 to 1, where 1 indicates
perfect classification. AUC > 0.5 indicates non-random classification. AUC = Area Under the Curve;
FPR = False Positive Rate; TPR = True Positive Rate.

Overall, the diversity analysis indicates significant differences between the microbial
profiles of IBD patients and HR controls, suggesting the presence of confident taxonomic
markers. This and well-researched nature of IBD makes this dataset, and IBD data, in
general, a popular choice [2,5] for microbiome DAA method benchmarking.

3.3.2. Differential Analysis

DAA was performed using HLE-CI filtration on rarefied, TSS-normalized relative
abundance data and using ANCOM-BC2 on non-rarefied non-normalized counts. ANCOM-
BC2 was run using its default settings. The ANCOM-BC2’s authors recommend the Holm-—
Bonferroni method over the Benjamini—-Hochberg procedure for multiple comparisons
correction. In our experiment, we applied both the recommended Holm-Bonferroni method
and the popular-choice Benjamini—-Hochberg procedure. Additionally we performed an
ANCOM-BC2 analysis without any correction. Features were considered significantly
differentially abundant based on the following criteria: for the HLE-CI filtration, non-
overlapping Cls; for ANCOM-BC2, a p/g-value < 0.05 and passing pseudo-count sensitivity
analysis check (SS Filter).

To evaluate the performance of the compared DAA methods, we first analyzed their
agreement on the full IBD dataset. We then assessed their performance on progressively
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smaller random subsets, ranging from 100 samples per group to 15 per group. Each subset
size was tested with 50 iterations to mitigate stochastic effects, and all methods were
applied to the identical subsets of data in each iteration. Performance in subsets test was
evaluated by calculating the percentage of markers that were re-discovered in the smaller
subsets (Recall %) and the accuracy of this rediscovery (Precision %).

3.3.3. Comparison of Results Obtained on Full Data

The number of potential biomarkers identified in the full IBD dataset by two methods
is presented in Table 5. ANCOM-BC2 (5SS Filter) without multiple comparisons adjust-
ment suggested the presence of 109 markers. When multiple comparison correction was
applied, ANCOM-BC2 coupled with the Holm—Bonferroni method (q < 0.05) suggested
only 47 markers, while with the Benjamini-Hochberg procedure (q < 0.05) it suggested
96 markers. 95% HLE-CI method proposed 134 markers, 121 markers at the 99% level, and
81 markers at the 99.9% level (Table 5).

Table 5. Number of features present at 50% prevalence in Inflammatory Bowel Disease (IBD)
dataset and number of identified markers at each taxonomic level by differential abundance analysis
(DAA) methods.

. Classified ANCOMB- ANCOMB-BC2
[axonomic Features  BC2 (SS Filter), (SS Filter), ’;iﬁg%gﬂ?ﬁfﬁ 95% 99% 99.9%
Present at 50%  no Correction, Holm-Bonferroni, ’ HLE-CI HLE-CI HLE-CI
Method P 1 Hochberg, q < 0.05
revalence p <0.05 q<0.05

Phylum 6 3 2 2 3 3 2
Class 12 5 3 4 5 3 3
Order 25 11 6 11 11 10 5
Family 42 22 10 18 24 22 15
Genus 107 34 15 31 47 42 28
Species 70 19 7 17 20 19 13
ASV 81 15 4 13 24 22 15
Total 343 109 47 96 134 121 81

ASV = Amplicon sequence variant; HLE-CI = confidence interval for two-sample Hodges-Lehmann estimation of
location shift.

Substantial overlap was observed between the methods. When comparing the 95%
HLE-CI results to ANCOM-BC2 under different correction schemes, the shared mark-
ers constituted a high percentage of the ANCOM-BC2 findings: 86 markers (79%) were
shared with uncorrected ANCOM-BC2; 38 markers (81%) with Holm—Bonferroni-corrected
ANCOM-BC2; and 76 markers (79%) with Benjamini-Hochberg-corrected ANCOM-BC2.

When comparing the 99% HLE-CI results to ANCOM-BC2, the shared markers consti-
tuted: 83 markers (76%) were shared with uncorrected ANCOM-BC2; 37 markers (79%)
with Holm-Bonferroni-corrected ANCOM-BC2; and 74 markers (77%) with Benjamini-
Hochberg-corrected ANCOM-BC2.

When comparing the 99.9% HLE-CI results to ANCOM-BC2, the shared markers con-
stituted: 62 markers (57%) were shared with uncorrected ANCOM-BC2; 36 markers (77%)
with Holm-Bonferroni-corrected ANCOM-BC2; and 58 markers (60%) with Benjamini—
Hochberg-corrected ANCOM-BC2.

The most conservative results were obtained by ANCOM-BC2 with the recommended
Holm-Bonferroni multiple comparison scheme, which suggested the presence of only
47 markers.

These results demonstrate that: (1) the 95% HLE-CI method shows substantial (>79%)
agreement with the state-of-the-art ANCOM-BC2 method; (2) on a dataset characterized by
large inter-group differences and a large sample size, the number of suggested markers
does not differ significantly between Benjamini-Hochberg adjusted p-values and HLE-
Cl filtration, as was already suggested by simulation (Experiment 2; Tables 2—4); (3) the
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multiple comparison-adjusted hypothesis testing recommended by ANCOM-BC2 over-
penalizes microbial marker discovery, even in data where large effects are present.

3.3.4. Comparison of Results in Experiments with Smaller Sub-Samples

Having identified the most confident markers for each DAA method using the full
IBD dataset, we now empirically evaluate the certainty of these discoveries by measuring
the precision and recall of their rediscovery in subsets of reduced sample size. Given the
incomplete overlap between markers proposed by different DAA methods on the full
dataset, this test aims to empirically estimate the credibility of the proposed markers in the
first place, as true biological markers are expected to be consistently rediscovered.

The precision, recall, and F1 score obtained by each method on smaller subsets of

original data relative to its own full-dataset results are shown in Table 6.

Table 6. Precision, Recall and F1 score in smaller subsamples of IBD dataset. Md (IQR).

DAA Method/Sample Size

(n per Group) n=15 n=25 n=>50 n =100
Precision, %, Md (IQR)
ANCOMB-BC2 (.SS Filter), 80.0 (71.51; 87.58) 86.69 (78.05; 93.08) 90.97 (86.91; 93.92) 96.65 (93.18; 97.87)
no correction
ANCOMB-BC2 (SS Filter), 0.0 (0.0; 100.0) 100.0 (0.0; 100.0) 100.0 (90.0; 100.0) 94.74 (90.91; 100.0)
Holm-Bonferroni
ANCO.MB._]?CZ (SS Filter), 74.17 (0.0; 100.0) 98.08 (81.44; 100.0) 96.39 (92.86; 100.0) 97.26 (95.0; 98.62)
Benjamini-Hochberg
95% HLE-CI 83.89 (70.94; 89.47) 89.33 (85.43; 93.21) 93.39 (91.07; 95.49) 95.92 (93.93; 96.71)
99% HLE-CI 93.54 (80.0; 100.0) 95.06 (90.23; 100.0) 96.75 (95.02; 98.35) 98.67 (96.97; 98.98)
99.9% HLE-CI 100.0 (0.0; 100.0)  100.0 (100.0; 100.0)  100.0 (95.03; 100.0)  96.92 (94.33; 100.0)
Recall, %, Md (IQR)
ANCOM]?'OES&: t(iSOSnFﬂter)’ no 1651 (11.01;24.54)  27.06 (19.27; 36.7) 51.38 (43.12;58.72)  83.49 (79.13; 86.01)
ANCOMB-BC2 (S Filter), 0.0 (0.0; 6.38) 6.38 (0.0; 14.89) 25.53 (15.43; 36.17) 70.21 (63.83; 76.6)
Holm-Bonferroni
ANCOMB-BC2 (SS Filter), 2.08 (0.0; 10.16) 11.46 (5.47; 20.57) 34.38 (26.3; 48.96) 76.04 (70.05; 81.25)
Benjamini-Hochberg
95% HLE-CI 20.15 (13.62; 29.1) 36.94 (30.04; 41.6) 62.69 (54.85; 67.72) 89.55 (86.01; 93.28)
99% HLE-CI 7.44 (4.13; 14.05) 17.77 (12.6; 24.38) 42.56 (35.74; 48.55) 76.86 (71.28; 79.34)
99.9% HLE-CI 1.23 (0.0; 5.86) 6.79 (3.7;9.88) 27.78 (21.3; 36.42) 74.69 (67.9; 81.17)
F1, %, Md (IQR)
ANCOMB-BC2 (SS Filter), 2727 (189;37.97)  41.7 (31.24; 52.72) 64.74 (58.78; 71.32)  87.88(86.29; 90.01)
no correction
ANCOMB-BC2 (S5 F{lter), 0.0 (0.0; 12.0) 12.0 (0.0; 25.45) 40.68 (26.72; 52.58) 81.01 (75.3; 84.97)
Holm-Bonferroni
ANCOMB-BC2 (S5 Filter), 4.08 (0.0; 18.05) 2047 (10.37;3291)  50.97 (40.89; 64.51)  85.79 (81.47; 87.64)
Benjamini-Hochberg
95% HLE-CI 32.41 (23.4; 43.88) 52.67 (43.7; 56.82) 74.94 (68.11; 77.96) 92.58 (89.85; 94.11)
99% HLE-CI 13.53 (7.94; 24.16) 29.65 (22.26; 38.62) 59.12 (52.5; 64.75) 86.3 (82.83; 87.94)

99.9% HLE-CI

2.4 (0.0; 11.07)

12.71 (7.14; 17.98)

4347 (34.85; 52.59)

85.11 (80.07; 87.42)

Md(IQR) = median (interquartile range); HLE-CI = confidence interval for two-sample Hodges-Lehmann estima-
tion of location shift.

The highest precision was achieved by the 99.9% HLE-CI filtration and ANCOM-BC2
(with sensitivity filter) method with the Holm—Bonferroni correction, although the latter
failed to detect any markers at a sample size of 15 per group in any of the 50 iterations. The
highest recall was obtained by the 95% HLE-CI method, which demonstrated substantially
better performance across all sample sizes. Consequently, the highest F1-score was also
achieved by the 95% HLE-CI method.
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At a sample size of 15 per group, the 95% HLE-CI method showed a performance
increase of 5.13% relative to uncorrected ANCOM-BC2, 32.41% relative to the Holm—
Bonferroni-corrected version, and 28.33% relative to the Benjamini-Hochberg-corrected
version. For a sample size of 25, the respective increases were 11.0%, 40.6%, and 32.2%. At
a sample size of 50, the values were 10.2%, 34.26%, and 23.97%. Finally, for a sample size of
100 per group, the increases were 4.7%, 11.6%, and 6.78%, outperforming all other methods.

The results of this experiment suggest that: (1) HLE-CI filtration produces markers at
least as robust as those identified by modern, specialized DAA tools; (2) HLE-CI achieves
the highest precision and recall in marker rediscovery on increasingly smaller data subsets;
(3) HLE-CI filtration outperforms other DAA methods not only by maximizing recall
but also by maintaining high precision; (4) HLE-CI filtration maintains the most optimal
performance even as the sample size decreases; (5) Given its optimal performance, HLE-CI
may offer distinct advantages for microbial DAA due to its underlying statistical principles
and the reciprocity with NB distribution properties.

Finally, an additional conclusion can be drawn from these results. The precision-recall
performance of the decreasing-subsample test suggested in this study can be of interest for
further research in benchmarking metagenomic tools in the absence of true data labels.

3.4. Hodges—Lehmann Estimation Significance Values and Pseudo-Median Descriptive Statistics

The results of experiments in this study demonstrated the value of HLE-CI filtration
for analysis of microbiome data. Two practical questions can be additionally considered:
calculating a p-value for the HLE and the ways of consistently reporting pseudo-median
descriptive statistics of corresponding samples. The following two sections address these
points with practical solutions.

3.4.1. p-Values Calculation for Two-Sample Hodges-Lehmann Estimation

In this analysis, we evaluated the significance of the two-sample HLE (calculated as
the median of all pairwise differences between two samples) by assessing its CL. If the
CI contained zero, the difference was deemed insignificant; otherwise, it was considered
significant. This provides a straightforward interpretation analogous to that of a t-test CI
for a difference in means. The key distinction is that the HLE-CI is not derived from or
complementary to a specific parametric test. As demonstrated in Experiment 1, results
from the closest corresponding Mann-Whitney U test do not converge empirically with the
HLE-CI solution.

Given that p-values are the popular framework for reporting results, we propose an
incremental procedure to derive a p-value equivalent from the HLE-CI analysis. Since each
HLE-CI corresponds to a specific confidence level (e.g., 95%), one can directly map the CI
to a p-value threshold. To achieve finer resolution, the CI can be incrementally widened to
determine a more precise p-value.

For practical application, we recommend assessing significance by constructing Cls at
standard alpha levels (e.g., « < 0.1, <0.05, <0.01, <0.001, <0.0001) and reporting the smallest
threshold at which the CI excludes zero.

3.4.2. Box Visualization for One-Sample Hodges-Lehmann Estimation

The results of this analysis suggest that the one-sample HLE may be optimal for
robustly and efficiently estimating the location parameter of a NB-distributed microbial
sample. It is robust (less influenced by outliers) and efficient (closer to the true popula-
tion parameter).

Since the two-sample HLE estimate represents the shift between two location parame-
ters, reporting in a compatible format pseudo-median descriptive statistics for locations of
two samples can be the most advantageous.

https:/ /doi.org/10.3390/applmicrobiol6010007
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The pseudo-median is calculated as the median of all pairwise averages (Walsh aver-
ages) within a single sample. In a symmetric distribution, the pseudo-median equals the
median, in a right-skewed NB distribution, it lies between the median and the mean.

Given that the underlying one-sample HLE is derived from a vector of pairwise aver-
ages and its center corresponds to the pseudo-median, we suggest reporting the following
complementary descriptive statistics: the pseudo-median and the pseudo-interquartile
range (pseudo-IQR). Similarly, a “HLE-box” plot can be constructed to visualize group dis-
tributions, adhering to the conventions of a standard boxplot but using the pseudo-median
and pseudo-IQR.

This descriptive approach will align DAA HLE-CI results with statistical summaries
of underlying samples, which is particularly valuable for interpreting microbial data.

4. Discussion

Microbial data present a unique analytical challenge [2-8]. Taxonomic profiles can
span thousands of features, while the true signal is often extremely subtle [9-13]. The high
dimensionality of these data introduces a severe multiple comparisons problem, necessitat-
ing robust hypothesis filtration [7,8]. Standard multiple comparison adjustment methods,
commonly applied in microbiome studies, were designed for scenarios with a substantial
proportion of true positives [23]. When applied to microbial data, these methods can
over-penalize potential markers, often to the point of prohibiting any detection. This oc-
curs because multiple testing corrections inherently reduce statistical power. Furthermore,
conventional statistical tests (e.g., the T-test or Mann—-Whitney U), even when applicable
to NB-distributed microbial data, can produce inflated false positive rates [7,8], further
destabilizing the precision-recall rates of biomarker discovery.

The results of this study demonstrate that microbial data, which can be modeled by a
negative binomial (NB) distribution, can be most robustly characterized using the Hodges—
Lehmann estimator (HLE). The HLE estimate lies between the median and the mean,
effectively accounting for the right-hand skew of the NB distribution while mitigating
the influence of extreme outliers. In both synthetic and experimental conditions, two-
sample HLE-based tests demonstrated superior precision and recall rates for biomarker
discovery in microbiome data. Consequently, the HLE-CI method achieved significantly
higher F1 scores, an advantage that persisted even with decreasing sample sizes. These
results demonstrate that HLE-CI-based hypothesis filtration can offer distinct advantages
for biomarker discovery and microbiome research.
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