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Abstract 

Multidimensional scaling (MDS) is a widely used dimensionality reduction technique 

in microbial ecology data analysis that captures the multivariate structure of the data 

while preserving pairwise distances between samples. While improvements in MDS 

have enhanced the ability to reveal group-specific data patterns, these MDS-based 

methods require prior assumptions for inference, limiting their application in gen-

eral microbiome analysis. In this study, we introduce a new MDS-based ordination 

method, “F-informed MDS,” which configures the data distribution based on the 

F-statistic, the ratio of dispersion between groups sharing common and different char-

acteristics. Using semisynthetic datasets, we demonstrate that the proposed method 

is robust to hyperparameter selection while maintaining statistical significance 

throughout the ordination process. Various quality metrics for evaluating dimensional-

ity reduction confirm that F-informed MDS is comparable to state-of-the-art methods 

in preserving both local and global data structures. Its application to a diatom- 

associated bacterial community suggests the role of this new method in interpreting 

the community’s response to the host. Our approach offers a well-founded refinement 

of MDS that aligns with statistical test results, which can be beneficial for broader 

multidimensional data analyses in microbiology and ecology. This new visualization 

tool can be incorporated into standard microbiome data analyses.
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Author summary

Multidimensional scaling (MDS), also known as principal coordinate analysis, is 
a fundamental step in exploratory data analysis for interpreting microbial com-
munity samples processed via high-throughput sequencing. The interpretation 
of MDS results often involves linking patterns obtained from MDS with exper-
imental treatments applied to the samples, such as environmental conditions 
or host phenotypes. However, retaining these patterns during ordination is not 
always guaranteed, as MDS itself does not consider group information during its 
learning process. This limitation reduces the effectiveness of conventional MDS, 
particularly for general microbiome datasets, where maintaining meaningful 
biological patterns is crucial. To address this gap, we present a robust statistical 
framework designed to represent microbiome datasets in a lower dimension, 
while preserving hypothesis testing results for group differences in the original 
dimension. Our approach, which relies on sample dispersion measured by the 
F-statistic, ensures a more stable and reliable performance compared to existing 
ordination methods. By incorporating statistical rigor into the ordination process, 
our framework improves the visualization of microbial community data and 
allows configurations to be adjusted within reasonable limits. This advancement 
provides researchers with a more effective tool for analyzing and interpreting 
complex microbiome data, ultimately leading to insightful conclusions.

Introduction

Understanding microbial diversity has been advanced by the development of gene 
sequencing technology and multivariate data analytics, which together attempt to 
interpret the composition of microbial communities by targeting a conserved gene 
region in this phylogeny (16S rRNA gene) or by profiling all genes present (i.e., whole 
metagenome sequencing). Often referred to as the microbiome, the ecological struc-
tures obtained from these sequencing tools are distinguished from other biological 
data types in that they are compositional [1,2], sparse [3], and that their features are 
linked under a phylogenetic tree, providing additional genomic context [4,5]. Explor-
atory analysis of microbiome data [5,6], after preprocessing the sequencing reads 
with data normalization [7–10], typically begins with visualizing the multivariate struc-
ture to identify data patterns, distinguish variations, or remove outliers. Heatmaps 
or bar plots can directly represent the relative abundances of each taxon or feature. 
However, for large datasets including high-throughput sequencing data, statistical 
ordination analysis is often required to detect patterns.

The most commonly used ordination method in ecology [11] is multidimensional 
scaling (MDS), an ordination technique that represents data in a lower-dimensional 
space (e.g., two-dimensional or 2D) while preserving its original distance structure 
(Fig 1A). This is achieved by minimizing a stress function [12], defined as the sum-
mation of all pairwise distances or dissimilarities. Using such a dissimilarity metric is 
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essential for finding an appropriate 2D representation of these sparse or zero-inflated compositions [13], and different pat-
terns have been observed depending on the choice of metric [5,14]. Examples in microbiome analysis include Bray-Curtis 
[15] and Unifrac [16,17], which incorporate 16S rRNA gene-based taxonomic information as well as the compositional 
structure. Herein, we refer to these distance-based ordination methods to as metric MDS. Applications of distance metrics 
have allowed MDS-based ordination to detect patterns and environmental gradients [18], or further address biologically 
confounding factors [19,20]. More recently, an alternative visualization tool for high-dimensional biological data, UMAP 
[21], has also been applied to microbiomes to cluster features associated with their sampling site within a host [22].

Evaluating ordination or dimension reduction methods has been facilitated by establishing quantitative measures to 
assess their performance or appropriateness for specific objectives. These evaluations quantify the change or loss of 
information from the original structure using quality metrics widely employed in information visualization [23–25], with 
applications in biological fields such as single-cell genomics [26] and transcriptomics [27,28]. These metrics assess how 
well local patterns are preserved (e.g., trustworthiness, continuity [29]) or how few pairwise distances are distorted from 
the original structure (e.g., Shepard diagram, normalized stress [30]). For microbiome data, however, the evaluations have 

Fig 1.  F-informed multidimensional scaling (MDS) for microbial ecology data analysis. (a) Schematic overview of analyzing a dataset, repre-
sented as a design matrix X of N samples with S features or taxa. In a balanced design, samples are grouped by a replicates of the same experimental 
condition. Note that compositionality requires that the summation of elements xij across features is fixed or independent of a feature j (e.g., 1). Explor-
atory analysis of X is performed through its ordination, followed by statistical inference, including hypothesis testing (e.g., PERMANOVA) or differential 
abundance analysis. (b) Computational process diagram of reducing the dimensionality of X using label set y for visualization, ensuring compliance with 
inference results based on the F-statistic.

https://doi.org/10.1371/journal.pcbi.1014102.g001
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primarily focused on the ability to identify group clustering on a case-by-case basis, using measures such as Rand index 
[14], k-means clustering [18,20], and the F-statistic [20,31]. Additionally, environmental gradient patterns have been ana-
lyzed using kernel- [32] or rank-based [18] regressions.

Notably, most ordination methods for ecological data analysis do not utilize data labels and instead rely on unlabeled or 
unweighted distances in their computations. To test for structural change and to correlate results with treatment effects, an 
additional and independent differential abundance analysis is required [5,6]. While metric MDS can detect some changes 
[33], its low-dimensional representation does not always capture every underlying pattern—even when statistical valida-
tion confirms the presence of such a pattern in the original space. A pattern is pronounced in the low-dimensional embed-
ding only if the distance structures between groups are sufficiently distinct to allow a clear visualization. When this is not 
the case, scree plot analysis can be used to determine the dimensionality at which the pattern becomes visible. However, 
a scree plot does not indicate how the samples are distributed within this reduced dimension. Moreover, if the required 
dimensionality exceeds three, metric MDS cannot effectively visualize the difference between groups.

This limitation has driven the development of MDS-based methods that incorporate additional contextual information to 
improve pattern detection. One approach, broadly referred to as confirmatory MDS [34,35], differentiates between sample 
groups by incorporating labels [36,37]. This method is enabled by hyperparameter adjustments that optimize the objective 
function [20,37,38]. Adapted representations are generally accepted as long as they do not deviate significantly from the 
metric MDS representation [12], particularly given that MDS optimizes a non-convex function and can yield different solu-
tions [39,40]. For biological data applications, newer visualization methods have been introduced to address confounding 
factors by making certain assumptions about the relationship between errors and covariates [19] or by incorporating group 
labels into the latent structure [20,41]. However, applying these methods to general microbiome datasets is limited by the 
assumptions regarding structural differences or data models, which are not always valid in real-world scenarios.

In this work, we propose a novel framework, F-informed MDS (F-MDS), designed to visualize statistical differences 
within an exploratory MDS setting by leveraging the F-statistic (Fig 1B). Our approach aims to introduce minimal pertur-
bations to the metric MDS representation, preserving the global distance structure as much as possible. We applied the 
perturbation only to datasets for which metric MDS failed to detect a statistically significant group-wise difference under 
the original data structure. This generalizes previous label-based and model-based MDS methods by eliminating the need 
for prior assumptions about group structures or their differences. In the following sections, we demonstrate how F- 
informed MDS produces representations that are less dependent on hyperparameter choices and evaluate its perfor-
mance in comparison to other dimension reduction tools.

Methods

In this section, we review the terminology and definitions of multidimensional scaling (MDS), along with an example of its 
supervised variant that incorporates sample group information. Next, we propose a new MDS method and discuss multi-
variate analysis of variance via permutation (i.e., PERMANOVA [42]). Finally, we introduce and justify quality metrics for 
evaluating dimension reduction tools and compare them with the proposed MDS approach.

Review of multidimensional scaling methods

We consider a balanced design where an i-th sample, denoted as xi ∈ RS, is S-dimensional and associated to a discrete 
label yi ∈ {1, 2, · · · ,G}, representing G groups, for every index i = 1, 2, · · · ,N  (the number of samples, Fig 1A). The pair-
wise distance between xi and xj, denoted dij ∈ R+, is computed using an arbitrary dissimilarity metric, such as Euclidean, 
Bray-Curtis [15], or UniFrac [16]. Let D = [dij] denote the matrix of the pairwise distances.

In the metric multidimensional scaling, the goal is to find a two-dimensional representation Z = (z1, · · · zN) ∈ R2×N  that 
best preserves the original distance structure D. This is enabled by minimizing an objective function OMDS(Z) (termed the 
raw stress [30]),
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OMDS(Z) =

1
2

∑
i,j

(dij – ∥zi – zj∥2)2.
	 (1)

Known algorithms to minimize the raw stress include matrix decomposition via Nyström approximation [43], divide-
and-conquer [44,45] for Euclidean distances, or more generally for non-convex functions, greedy algorithms [39] such as 
majorization [12,46] or stochastic gradient descent [40,47,48].

While the metric MDS is an unsupervised learning and does not require the label set y ∈ {0, 1}N, supervised versions 
of multidimensional scaling such as SuperMDS [38], impose additional constraints on the representation by class groups. 
The purpose is to classify samples by the labels as well as to compute the multidimensional scaling. This is enabled by 
adding a confirmatory or constraining term to the raw stress,

	

OSMDS(Z) =

(1 – α) · 1
2

∑
i,j

(dij – ∥zi – zj∥2)2

︸ ︷︷ ︸
raw stress

+α
∑
i,j:yj>yi

(yj – yi)
2∑
k=1

(
dij√
2
– (zjk – zik)

)2

︸ ︷︷ ︸
confirmatory term

,

	 (2)

where the confirmatory term involves the group labels. The two terms are balanced by a hyperparameter α ∈ [0, 1] that 
controls the degree of classification. Minimizing OSMDS(Z) can locate the representation points closer to each other when 
they are within the same group. Selection of the hyperparameter is carefully guided by the data structure, so that the pro-
cess avoids unnecessary group distinctions during the visualization.

Proposal of multidimensional scaling informed by pseudo F-statistic

Here, we introduce a test statistic for multivariate data based on sample dispersion (i.e., F-statistic) and propose a revised 
MDS framework that utilizes this statistic.

Permutational multivariate analysis of variance.  Testing for group differences in multivariate data is commonly 
performed by calculating the F-statistic, which compares inter- and intra-group variances based on pairwise distances. 
However, a standard F-test assumes that observations are normally distributed with equal variance, an assumption 
that does not hold for most compositional or zero-inflated data. Instead, a “pseudo” F-statistic has been defined [49], by 
denoting ϵij  the indicator function 1I{yi = yj} to write

	
F =

( ∑
i,j d

2
ij

G
∑

i,j ϵijd
2
ij

– 1

)
· N –G
G – 1

.
	 (3)

The empirical distribution of the pseudo-F statistic is approximated by label permutation for sufficiently large datasets 
[13,50]. Specifically, K independent permutations Π1, · · · ,ΠK generate permuted label sets [yΠk

i ]Ni=1, from which the values 

FΠk are computed. This pseudo-F-distribution is then used to obtain a p-value, a procedure known as permutational multi-
variate analysis of variance (PERMANOVA) [42]:

	
p =

1
K

K∑
k=1

1I{FΠk ≥ F}.
	 (4)

Proposal of F-informed MDS.  To incorporate hypothesis testing into MDS analysis, we developed a weakly 
supervised learning method (Fig 1B). First, a two-dimensional representation was initialized by computing metric MDS 
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(i.e., an unsupervised step). Next, the representation points were iteratively adjusted so that the p-value calculated in 2D 
space matches to the original PERMANOVA p-value. This was achieved by defining an objective function in which a new 
confirmatory term was added to the raw stress,

	

OFMDS(Z) ∼
1
2

∑
i,j

(dij – ∥zi – zj∥2)2

︸ ︷︷ ︸
raw stress

+λ ·
∣∣Fz – fz(Fx)

∣∣
︸ ︷︷ ︸
confirmatory term

,

	 (5)

where the confirmatory term minimized the discrepancy between the p-values from the permutation F-distributions 
obtained in each space, namely the original and the two-dimensional (denoted Fx and Fz, respectively). Because the 
two F-ratios were scaled differently, we introduced a local regression function fz to map between them (Algorithm 1). In 
addition, prior to the regression, each ratio was computed iteratively using a set of permuted labels yΠk for k = 1, · · · ,K
, and the resulting values were sorted by magnitude. This enabled the original F-ratio (from the unpermuted labels) to be 
mapped precisely in the two-dimensional space. Details of the mapping function and the derivation of the exact OFMDS are 
given in Appendix A, S1 File.

Algorithm 1 Regression function fz for mapping between Fx and Fz.

           Z ∈ R2×N: 2D representation
Require: D ∈ RN×N

+ : pairwise distance
           y = {1, 2, · · ·G}N: labels or groups
Ensure: fz : R → R
1: Lx ⇐ empty list
2: Lz ⇐ empty list
3: for 1 ≤ k ≤ 999 do
4:   yΠ ⇐ random permutation on y
5:   FΠ

x ⇐ pseudo-F using D and yΠ

6:   FΠ
z ⇐ pseudo-F using Z and yΠ

7:   Lx ⇐ append FΠ
x  to Lx

8:   Lz ⇐ append FΠ
z  to Lz

9: end for
10: Lx ⇐ sort Lx by an increasing order
11: Lz ⇐ sort Lz by an increasing order
12: fz ⇐ local regression between Lx and Lz

Majorization algorithm.  We implemented the majorization (or Majorization-Minimization) algorithm to minimize the 
F-MDS objective (Eq 5). First, an exact form of OFMDS(Z) was derived to match the physical dimension of each term 
(Appendix A, S1 File),

	

OFMDS(Z) =
1
N

∑
i,j

(dij – ∥zi – zj∥2)2 + λ

∣∣∣∣∣∣
∑
i,j

[
1 –Gϵij

(
1 +

G – 1
N –G

fz(Fx)
)]

∥zi – zj∥22

∣∣∣∣∣∣
.

	 (6)

Next, as similarly described in [30,38], the majorization was applied to seek an optimal k-th point for every k = 1, · · ·N,  
while keeping other points fixed:

	 z∗k = argminzkOFMDS(Z|z1, · · · zk–1, zk+1, zN).	 (7)

It can be analytically shown that Eq 7 can be majorized with a quadratic expression in zk, which is further minimized by 
taking a derivative with respect to each element of zk (denoted as zks, s = 1,2). An update rule was established by solving for 
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zks after setting the derivative to zero. It should be noted that the update is applied exclusively to the representation where its 
group-wise difference is significant under the original structure (px < 0.1), but not identified in the two-dimensional embedding 
(pz ≫ px). The update was designed to continue until when the difference between px and pz is minimized. Detailed deriva-
tions of the expression and the update rule for Z are described in Appendix B, S1 File, which is summarized in Algorithm 2.

Algorithm 2 Update rule for computing F-MDS.

           λ ∈ R+: hyperparameter
Require: D ∈ RN×N

+ : pairwise distance
           y = {1, 2, · · ·G}N: labels or groups
Ensure: Z ∈ R2×N: 2D representation
1: Fx ⇐ pseudo-F using D, y (Eq 3)
2: px, new ⇐ p-value for group difference in X
3: pz, new, pz, old ⇐ p-value for group difference in Z
4: while (|pz, new – px| > 0.05) ∨ (|pz, new – px| < |pz, old – px|) do
5:   pz, old ⇐ p-value for group difference in Z
6:   for 1 ≤ k ≤ N do
7:     δ(Z) ⇐ sign of confirmatory term (Equation S13)
8:     fz(Fx) ⇐ mapping function (Algorithm 1)
9:     zk ⇐ update z

k
 using δ(Z) and fz(Fx) (Equation S16)

10:   end for
11:   pz, new ⇐ p-value for group difference in Z
12: end while

Dataset and evaluation

Semisynthetic data.  The behavior of F-informed MDS is illustrated using simulation studies with semisynthetic 
datasets designed to mimic a microbiome community. Among eleven available simulation packages [51], SparseDOSSA 
[52] was chosen for its ability to capture key features of ecological structure including compositionality, sparsity, and 
feature-wise correlation. SparseDOSSA is a Bayesian model where the sequencing count for a microbial gene feature 
s ∈ {1, · · ·S} follows a multinomial distribution with probabilities equal to the corresponding relative abundances of the 
features. The relative abundances are obtained by normalizing absolute abundances (denoted as as), and each absolute 
abundance marginally follows a zero-inflated log-normal distribution. Specifically, the marginal specification of as is

	

as = 0 with probability πs,

log as ∼ N (µs,σ2s ) with probability 1 – πs,	 (8)

where πs is the probability that feature s is absent, and µs and σs are the mean and standard deviation of the log- 
transformed, nonzero feature abundance, respectively. In addition, dependency among features in SparseDOSSA is indi-
rectly handled by the copula parameter Ω ∈ RS×S . This parameter describes a latent multivariate Gaussian variable that is 
compared with πs to determine whether the feature is present.

In the simulation studies, SparseDOSSA parameters were estimated by fitting the model to shotgun-sequenced metag-
enomes of healthy human stool (“stool” [53]), followed by mean adjustments. The training set consists of 239 stool sam-
ples, each comprising 332 microbial features. For the binary-group simulation (i.e., y = 1,2), two balanced semisynthetic 
datasets were generated using the fitted stool parameters, with all but one feature mean differently adjusted for each data-
set. Specifically, a feature s

1
 with the smallest “effective” variance σ2eff  was selected (Eq 9); an offset value of ±5 for each 

group was then added to that feature’s mean, i.e., µs(s = s1) (Eq 10).

	

σeff(as) ≜
√
(1 – πs) · Var(as) + πs(1 – πs) · E(as)2,

Var(as) ≜ e2µs+σ
2
s (eσ

2
s – 1), E(as) ≜ eµs+σ

2
s /2 	 (9)
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Find : s1 = argmin s∈[S] σeff(as),

Adjust : µs(s1, y) ← µs(s1, stool) + 5 · (–1)y, ∀y ∈ {1, 2}	 (10)

Similarly, for ternary-group simulation (y = 1,2,3), three balanced semisynthetic datasets were generated using the fitted 
SparseDOSSA parameters after differently adjusting the mean values of five features (si, i = 1, · · · , 5) (Eq 11). Again, the 
features were selected from the 332 features to have the smallest effective variances σ2eff .

	

Find : si = argmins∈[S]\{s1,··· ,si–1}σeff(as), i = 2,· · ·, 5

Adjust : µs(si, y) ← µs(si, stool) + (y – 1)(6 – i)(–1)i, ∀i ∈ [5], y ∈ [3]	 (11)

In summary, the stool-trained SparseDOSSA model was adjusted for each data group to illustrate cases where metric 
MDS failed to reveal group-based patterns in a two-dimensional representation. The adjustments were designed to be 
minimal to capture the microbiome characteristics as realistically as possible. For binary dataset, the F-informed MDS 
was evaluated using the semisynthetic datasets of sizes N ∈ {50, 100, 200, 500, 1000} and a hyperparameter λ ∈ [0, 1]. 
Pairwise distances between two samples were calculated based on Bray-Curtis dissimilarity on the original structure, and 
Euclidean distance on 2D representations. For each setting, triplicate datasets were generated.

Real microbiome community.  We also evaluated F-informed MDS using bacterial community data associated 
with or sampled from hosts, including a photosynthetic diatom [54] and the human gut, the latter used for studying 
liver cirrhosis [55] or type 2 diabetes (T2D) [56,57]. For the algal-associated microbiome, the dataset consisted 
36 balanced microbial community samples cultured with or without the microbial host (alga Phaeodactylum 
tricornutum). The community comprised 72 bacterial taxa as identified by amplicon sequence variants (ASV) of the 
16S rRNA gene, PCR-amplified. ASV counts were obtained through the Illumina MiSeq system and subsequently 
converted into relative abundances using cumulative sum scaling (CSS) [10]. A phylogeny-based metric (weighted 
Unifrac [17]) was used to calculate pairwise distances between samples. For the human gut microbiome, two 
datasets generated from shotgun metagenomic sequencing were retrieved from a publicly available repository [58], 
where reads were merged at the genus level [59]. Detailed reproduction and processing steps for these datasets 
are described in Appendix D, S1 File.

Performance evaluation metrics.  To quantify the performance of dimension reductions, four known [25] and two 
new quality metrics were defined and jointly used. Trustworthiness and continuity, among the first four metrics, measure 
how closely neighborhood points are preserved from the original (S-) to a two-dimensional representation, or vice versa, 
defined in [29]:

	

Trustworthiness = 1 –
2

Nk(2N – 3k – 1)

N∑
i=1

∑
j∈Uk(i)

(rij – k)

Continuity = 1 –
2

Nk(2N – 3k – 1)

N∑
i=1

∑
j∈Vk(i)

(̂rij – k),

	 (12)

where k is the size of neighborhood of interest, rij and ̂rij  respectively are the distance-based ranks of j-th point from i-th 
point under the original and/or two-dimensional space. Sets Uk (i), Vk (i) are constructed by following, Uk = Ĉk ∩ Cc

k and 
Vk = Ck ∩ Ĉk

c
, where Ck(i) and Ĉk(i) are the set of k points closest to i-th point in the original and two-dimensional space, 

respectively. Two different k values, corresponding to ∼ 8% and 75% of data size, were applied to evaluate how local and 
global information is preserved in simulated and real datasets. Trustworthiness and Continuity were computed using an R 
package dreval (v.0.1.5 [60]).
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Additionally, we quantified the degree of deviation of the representation Z from the original distance D by calculating 
two metrics; the first was the “normalized” stress or Stress-1 [30],

	
Stress-1 =

∑
i,j(dij – ∥zi – zj∥2)2∑

i,j ∥zi – zj∥22
,
	 (13)

and the second using a Shepard diagram [61] and its Pearson correlation coefficient. Both metrics provided how much 
distortion from the original global structure had occurred in the representation from each reduction method.

Two new metrics were also defined and used, which we termed as F-correlation and F-rank-ratio,

	

F-correlation = corr(Fπ
x ,F

Π
z )

F-rank-ratio =
1 – pz
1 – px

=

∑K
k=1 1I{F

Πk
z < Fz}∑K

k=1 1I{F
Πk
x < Fx}

,
	 (14)

with corr(·, ·) denoting the Pearson coefficient between two random variables and superscript Π indicating a permutation of 
group labels y.

Experiments were performed using R via RStudio either on Apple M3 chip with 16 GB of RAM, or on 128-thread IBM 
POWER9 CPU with 256 GB of RAM at the MIT Office of Research Computing and Data. Datasets are publicly available 
on Dryad at https://doi.org/10.5061/dryad.vmcvdnd3x [62].

Results

F-informed MDS is robust to a choice of hyperparameter

We first characterized the behavior of F-informed MDS by observing changes in the MDS representation across a range 
of hyperparameters. After each update of the representation Z, the changes were recorded by computing the objective 
function OFMDS(Z), and PERMANOVA p-value pz from testing on Z. The p-value was chosen as a tracking measure instead 
of the pseudo F-statistic (Appendix A, S1 File). To generate data, binary, balanced datasets of sizes N ranging from 50 to 
500 were simulated using SparseDOSSA [52], a Bayesian model of microbiome communities that captures their major 
features. The statistical model was trained using 239 human stool-derived community samples with 332 microbial species 
[53], followed by mean adjustment of one feature to reflect inter-group differences (see “Semisynthetic data” in Methods). 
A heatmap of a simulation result, along with its histogram, confirmed that the data were sparsely normalized (S1A and 
S1B Fig). A two-dimensional representation obtained using principal coordinates analysis showed that the group differ-
ence was indistinguishable (S1C Fig). Indeed, PERMANOVA testing of the metric MDS representation with Euclidean 
distance did not detect a statistically significant difference (pz > 0.51), whereas the original data structure did reveal a 
significant difference (px < 0.05, Table 1).

Table 1.  PERMANOVA test results for group differences in semi-synthetic datasets using the original structure (px) and the principal coordi-
nates analysis representation (pz). The datasets were generated using SparseDOSSA [52] (section “Semisynthetic data” of Methods).

N = 50 N = 100 N = 200 N = 500

px pz px pz px pz px pz

Replicate 1 0.029 0.702 0.071 0.662 0.027 0.765 0.034 0.800

Replicate 2 0.039 0.607 0.009 0.510 0.037 0.865 0.049 0.568

Replicate 3 0.041 0.991 0.027 0.915 0.026 0.995 0.047 0.809

https://doi.org/10.1371/journal.pcbi.1014102.t001

https://doi.org/10.5061/dryad.vmcvdnd3x
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Tracking changes in the F-MDS representation over training epochs indicated that a minimal hyperparameter value 
and a stopping rule were required for the majorization algorithm to minimize the objective function (Fig 2A). In semisyn-
thetic datasets generated with SparseDOSSA, we observed a gradual decrease in pz-value and OFMDS(Z) over successive 
epochs. When training continued without a stopping rule, pz-values oscillated between 0 and 1, with a higher oscillation 
rate at larger λ (S2A Fig). Therefore, we specified a bounded region, |pz – px| < 0.05, as the stopping criterion for termi-
nating the majorization algorithm. Under this rule, the algorithm stopped in fewer than 30 iterations when λ ≥ 0.2 (Fig 2B). 
Repeating the experiment across triplicate simulated datasets of varying sizes confirmed that λ = 0.15 was the minimal 

Fig 2.  Majorization algorithm optimizes the F-informed MDS objective function. (A) Changes in each term comprising the objective function (Eq 
5), including raw stress and confirmatory terms, are plotted against the training epochs for different hyperparameter values λ. A semisynthetic dataset 
of N = 200, replicate 1, was generated using SparseDOSSA [52] (see the “Semisynthetic data” section of the Methods). (B) The PERMANOVA p-value 
under two-dimensional representation (pz) is plotted against epoch and λ until the stopping criteria are met. (C) Number of epochs until the termination is 
plotted against the hyperparameter, ranging between 0.2 and 1. Error bars indicate the standard deviation of triplicates.

https://doi.org/10.1371/journal.pcbi.1014102.g002
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value required for the termination (S2B Fig). To preserve convexity of the majorization form of OFMDS(Z) with a positive 
quadratic coefficient, the hyperparameter was constrained to values not exceeding unity (Fig 2C and Appendix B, S1 File).

After confirming the minimization of the objective with different hyperparameters, we next asked whether these values 
for F-MDS impacted its 2D representation. The visualizations were assessed using Shepard diagram and Stress, two 
quality metrics commonly used to evaluate how well an MDS representation preserves the distance structure from the 
original dimension (see Methods). Supervised MDS (superMDS [38]) was chosen as a benchmark ordination method 
because its objective function is similarly controlled by a single hyperparameter α within the same range [0,1], ensur-
ing performance of its majorization algorithm. Shepard diagram analysis of these MDS methods showed that pairwise 
Euclidean distances deviated from the original structure in the two-dimensional representation to a greater extent when a 
nonzero hyperparameter was used. Interestingly, however, the change was more subtle in F-MDS (Figs 3A and S3A).

To further compare structural deviations, we calculated the Pearson correlation coefficient from the Shepard plot as well 
as the normalized stress (i.e., Stress-1, Eq 13). The pairwise distances correlation consistently remained above ∼0.4 for 

Fig 3.  F-informed MDS is robust to the choice of hyperparameters. (A) Shepard plots comparing pairwise distances from F-informed MDS (F-MDS) 
and supervised MDS (superMDS) under both zero (metric MDS) and nonzero hyperparameter settings (λ, α = 1). Distances in the original high- 
dimensional space were computed using Bray-Curtis dissimilarity; distances in the two-dimensional embedding used Euclidean metric. (B) For each 
method, the Pearson correlation coefficient was calculated between original and embedded distances. (C) Normalized stress (Stress-1) was computed 
for each embedding. Analysis used semisynthetic datasets with N = 200 (see the “Semisynthetic data” section of the Methods). Error bars indicate stan-
dard deviation across triplicate datasets.

https://doi.org/10.1371/journal.pcbi.1014102.g003
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all tested values of λ in F-MDS, whereas superMDS showed a decrease in correlation coefficients to below than 0.1 as 
α increased (Figs 3B and S3B). Similarly, the increase in Stress-1 due to a higher hyperparameter was 19.1-fold greater 
in superMDS than in F-MDS (Figs 3C and S3A). Together with previous results, these findings confirm that the proposed 
method retains the original distance information as effectively as metric MDS while being less dependent on the hyperpa-
rameter. At the same time, it successfully rearranges the 2D structure so that the groups become statistically distinct.

Based on the hyperparameter λ’s influence on the MDS configuration, a grid search was conducted to identify an opti-
mal value. Prior analysis demonstrated a faster F-MDS optimization with larger λ (Fig 2C). To balance the epoch number 
against structural deviation while mitigating bias across the metrics, we defined an objective function fobj(λ) via min-max 
normalization (Appendix C, S1 File). The loss function was evaluated over λ between 0.15 and 1, where the performance 
was assured (S4A Fig). Across semisynthetic datasets, the hyperparameter λ that minimized fobj(λ) was greater than or 
equal to 0.5 (0.73± 0.19, mean ± s.d.; see S4B Fig).

Using different quality metrics confirms the consistent performance of F-MDS

Our earlier results demonstrate that F-informed MDS effectively represented the distance structure in 2D space. 
Next, we sought to generalize our statistical approach by comparing F-MDS to other dimension reduction methods, as 
recent examples have shown these methods can be also used to visualize microbiome data. To evaluate each ordina-
tion more comprehensively, we introduced four quality metrics alongside those previously discussed (i.e., pairwise dis-
tance correlation and Stress-1, see “Performance evaluation metrics” in Methods). The first two, Trustworthiness and 
Continuity [29], measure the degree to which local neighborhood structures are preserved in the 2D representation 
(Eq 12). While these metrics do not require group labels, they have been used in previous studies to evaluate gene 
expression analysis methods [63,64]. The other two metrics assess how closely pseudo F-distributions derived from 
the original multidimensional structure are reflected in the 2D representations (Eq 14). First, F-correlation measures 
the Pearson correlation between two F-ratios: one computed from the original data’s distance structure and the other 
from 2D representation using permuted labels, as described in [65]. Each pair of F-ratios was obtained from single 
permutation, and K = 500 permutations were performed to compute the F-correlation coefficient. A high F-correlation 
value indicates that the ordination method successfully reconstructs a similar dispersion pattern in the lower- 
dimensional space. Second, the F-rank-ratio was defined as the ratio of the reversed rank of F from unpermuted 
labels to the rank of an ordered F-set obtained from K permutations. This ratio was calculated for both the original and 
2D representations. An F-rank-ratio close to 1 indicates that the ordination accurately preserves the statistical signif-
icance of group differences as presented in the original structure. These two metrics were used together to evaluate 
whether an ordination method retains the original pseudo F-distribution while also preserving statistical differences 
between groups.

Semisynthetic dataset.  Using six quality metrics, the performance of F-MDS was evaluated and compared to other 
ordinations, including metric MDS, UMAP [21], t-SNE [66], and Isomap [67]. Semisynthetic dataset was first used to 
compute the metrics across a range of hyperparameters. We observed that for local neighborhoods preservation, i.e., 7% 
of data size, unsupervised UMAP (UMAP-U) achieved the highest trustworthiness score, followed by t-SNE, supervised 
UMAP, (F-)MDS, and Isomap (Figs 4A and S5A). While both unsupervised and supervised UMAP exhibited higher 
trustworthiness (>0.73), the latter showed lower continuity, suggesting that additional constraints were introduced into 
the 2D representation when group labels were incorporated. In contrast, F-MDS achieved a relatively high continuity of 
∼0.77 while consistently maintaining a trustworthiness score ∼0.73. Overall, UMAP-U best preserved local neighborhood 
information for these simulated data, while our method demonstrated comparable performance with lower reliance on the 
hyperparameter.

For global structure preservation, MDS-based ordinations (e.g., metric MDS, F-MDS, Isomap) were the top perform-
ers, as expected, when evaluated using the same two metrics but with broader neighborhoods (75% data size, Figs 4B 
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and S5B) or distance-based metrics such as pairwise distance correlation (Shepard diagram) or Stress-1. The latter 
two metrics revealed that graph-based methods such as UMAP and t-SNE consistently resulted in higher Stress-1 val-
ues than MDS methods (Figs 4C and S5C). This finding confirms that F-MDS does not significantly alter the global data 
structure compared to metric MDS. Finally, applying F-based metrics to evaluate these ordination methods showed their 
varying capabilities in representing distance structure in a lower dimension (Figs 4D and S5D). Methods that incorporate 
group labels, such as F-, superMDS and supervised UMAP (UMAP-S), had F-rank-ratio values close to unity, indicating 
that group differences were accurately preserved in their 2D representations. In contrast, F-correlation was higher in 

Fig 4.  Different quality metrics confirm consistent preservation of the semisynthetic data pattern with F-informed MDS. Six dimension reduction 
methods were evaluated to test their preservation of (A) local and (B) global structure by calculating trustworthiness and continuity using two nearest- 
neighbor numbers, k = 14 (local), k = 150 (global). The methods were also evaluated using (C) global distortion metrics (Stress-1 and Shepard diagram 
correlation) and (D) statistical inference metrics, including the ratio in statistical significance (F-rank-ratio) and correlation in F-ratios (F-correlation) using a 
randomly permuted label set. The following hyperparameters were applied to each method: λ (F-MDS), number of neighbors n (UMAP, supervised (-S) and 
unsupervised (-U)), perplexity “perp” (t-SNE), and the number of shortest dissimilarities n (Isomap). Three semisynthetic datasets of N = 200 were generated 
as described in section “Semisynthetic data” of Methods. The standard deviations were calculated and displayed with error bars.

https://doi.org/10.1371/journal.pcbi.1014102.g004
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unsupervised methods and those designed to retain distance structures, such as metric MDS, Isomap, and F-MDS, con-
sistent with earlier observations from pairwise distance correlation.

Algal-associated bacterial communities.  We next analyzed a real microbial community as another example to verify 
the performance of these ordination methods. Each sample presented a compositional structure of relative abundances 
based on 16S rRNA gene expression, identifying 72 bacterial taxa collected from mesocosms of the alga P. tricornutum 
[68,69]. Thirty-six community samples, half of which were co-cultured with the host P. tricornutum and the other half without, 
were retrieved and re-analyzed from previous work [54] (section Methods “Real microbiome community”). This dataset was 
chosen for our main analysis and evaluation because metric MDS did not detect a group difference (pz ≈ 0.5),  
whereas their original structures were statistically more different (px < 0.1). Other benchmark datasets, e.g., human gut 
microbiome, did not require additional iterations for F-MDS, as metric MDS already showed the significant differences 
(pz = 0.004, cirrhosis; 0.004, type 2 diabetes). For all datasets, weighted Unifrac [17] was chosen as the distance metric to 
obtain the distance structure. Six quality metrics were again used to compare across seven dimension reduction methods, 
including one based on self-supervised learning (SimCLR [70]), to further explore its capability of arranging the algal 
microbiome data for interpretation (Appendix E, S1 File).

Similarly, UMAP-U and Isomap achieved the highest scores for preserving local neighborhoods, slightly outperform-
ing F-MDS as measured by trustworthiness. In contrast, other supervised or label-incorporating methods had continuity 
scores that were 22–44% lower than Isomap (Fig 5A). For global structure preservation, however, F-MDS, metric MDS 
and Isomap were the top performers based on the two metrics as well as the pairwise distance correlation (Figs 5B, 5C, 
and S6). Finally, statistical evaluations showed that F-MDS was again effective in retaining both statistical significance and 
F-distributions in its lower dimensional representation (Figs 5D and S7). While SimCLR had an F-rank-ratio close to unity, 
comparable to other supervised ordinations – indicating high classification accuracy for clustering these data – its preser-
vation scores for local and global structures were the lowest among all ordinations. Taken together, these multiple eval-
uations suggest that F-MDS is best suited for representing ecological data in terms of global ordering and group-based 
patterns, while its local structure representation is comparable to that of UMAP.

F-MDS adjusts group clusters to visualize statistical differences

After evaluating F-MDS using different quality metrics, we applied the method to understand how sample groups were 
differentiated in 2D representations. The semi-synthetic and bacterial community datasets described earlier were used 
for visualization, noting that their group differences were not distinguishable under 2D representations with metric MDS 
(pz ≥ 0.5), whereas in the original dimension, they are statistically more distinct (px < 0.1). To detect structural changes in 
these representations, visualizations were generated using metric MDS and F-MDS with varying hyperparameters, and 
the results were compared by calculating the inter-centroid distance and variance of each group.

For the simulated dataset, we observed a shift in group centroids when hyperparameter λ increased from zero to one, 
with a unidirectional shift that separated the groups (Fig 6). The increase in inter-group centroid distances was more 
pronounced at lower hyperparameter values (λ < 0.2), with an increase rate 1.9–25.7 fold higher than those at higher λ 
values (S8 Fig). The finding suggests that the re-arrangement of the MDS representation, constrained by the majorization, 
slowed down and stabilized at high λ. This is consistent with our earlier iteration number analysis (Fig 2), where the com-
putation epoch number reached a minimum, satisfying the objective pz ≈ px as the hyperparameter was reached unity. 
Additionally, we observed a steady decrease in each group’s variance by 8.5± 7.8% as λ increased from 0 and 1 (S8 
Fig), as measured from the eigendecomposition of their covariances. This indicates that F-MDS further differentiated the 
groups by reducing their respective variances.

Similar trends were observed in the bacterial community dataset, where inter-group centroid distances were greater 
with non-zero hyperparameters than with metric MDS (Fig 6B). However, no statistical significance was observed in the 
correlation due to variability (p = 0.521, Spearman correlation, S8D Fig). The primary (long-axis) variances of each 2D 
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group representation also consistently decreased by 24% and 18% per λ for each group (y = 0, 1 respectively, S8E Fig), 
while the decrease was less evident in the secondary (short-axis) variances (S8F Fig). Further comparisons across the 
2D representations with different λ values showed that the sample distributions remained similar, suggesting that F-MDS 
still did not significantly alter the metric MDS configuration.

Differentiation of multi-group clusters.  To verify whether F-MDS can be applied to dataset consisting 
of more than two groups, we additionally considered a ternary dataset where each sample group followed a 
different zero-truncated log-normal distribution (Eq 11, S9 Fig). Similar to the earlier binary simulated dataset, 

Fig 5.  Different quality metrics confirm consistent preservation of the algal microbiome pattern with F-informed MDS. Seven dimension reduc-
tion methods were evaluated for their preservation of (A) local and (B) global structure by calculating trustworthiness and continuity using two nearest 
neighbor numbers k = 3 (local), k = 27 (global). The methods were also assessed based on (C) global distortion metrics (Stress-1 and Shepard plot 
correlation) and (D) the ratio of p-values (F-rank-ratio) and correlation in F-ratios (F-correlation) using randomly permuted label set. A dataset of N = 36 
bacterial communities was analyzed as described in section “Real microbiome community” of Methods. The following hyperparameters were applied: λ 
(F-MDS), number of neighbors nU (UMAP, supervised (-S) and unsupervised (-U)), perplexity “perp” (t-SNE), and the number of shortest dissimilarities nI 
(Isomap).

https://doi.org/10.1371/journal.pcbi.1014102.g005
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the distribution was elliptically shaped, resulting in an indistinguishable representation in metric MDS (pz = 0.965), 
whereas the original structures are statistically different (px = 0.053). Computing F-MDS with a hyperparameter 
λ = 0.5 showed that the sample groups deviated from each other, making the differences more visible when 
ellipses with a 68% confidence level were drawn (Fig 7). While this deviation led to a statistically significant 2D 
representation (pz = 0.001), the ternary class setting rendered the difference less pronounced compared to binary 
data representations.

Discussion

In this work, we proposed a weakly supervised multidimensional scaling method based on the F-ratio and characterized 
its representations by varying hyperparameters and the epoch number of the majorization algorithm. Evaluations using 
simulated and bacterial community datasets showed that our F-informed MDS outperformed existing MDS-based and 
other dimension reduction methods in preserving local and global structures, as well as class-based information (e.g., 
statistical inference). The datasets used in this study represented cases where metric MDS failed to identify group differ-
ences through visualizations, partly due to the loss of such information during dimensionality reduction. Our  
dispersion-based approach expanded the applicability of MDS by introducing an additional constraint to minimally adjust 
the representation while directly enabling group-associated inferences.

Fig 6.  F-informed MDS can visualize group-based data discrimination. Two-dimensional representations of (A) a simulated dataset and (B) an algal 
microbiome dataset, generated using metric MDS and F-informed MDS (F-MDS) with two hyperparameter settings (λ = 0.5, 1). Ellipses of respective 
colors are drawn with a confidence level of 0.68.

https://doi.org/10.1371/journal.pcbi.1014102.g006
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In microbiome research, for example, applying F-informed MDS to bacterial community datasets can allow users to 
interpret biologically meaningful patterns with higher confidence. It is also possible that the method could be employed 
in other domains where multivariate signals are processed based on distance metrics, such as metabolomics data clus-
tering [71], network connectivity analysis with spatial neuroimaging [72], or spectral analysis for pharmaceutics quality 
control [73].

One limitation of F-informed MDS, however, is that its computation relies on the initial configuration from met-
ric MDS, and the computational cost increase with iterations of majorization and label permutations (a summary of 
method costs is provided in Appendix F, S1 File). Indeed, majorization for MDS has been known for its high compu-
tational cost [48], although its numerical convergence is guaranteed [74] and we did not observe any stability issues 
in our simulation. Recent theoretical advances in computational algorithms, including majorization [75] or (stochastic) 
gradient descent [39,40] open doors for improving our framework toward unrestricted initialization and more efficient 
iterations. Additionally, empirical observations suggest that F-MDS representations became less reliant on the choice 
of hyperparameter at higher values. Once the relationship between the two objective-constituting terms is clarified, it 
could lead to a viable strategy for selecting an optimal hyperparameter without requiring recursive procedures such 
as cross-validation.

In summary, the proposed F-MDS provides a useful tool for visualizing high-throughput microbiome data while simul-
taneously delivering statistical testing results. We anticipate that this method will be beneficial for broader applications 
in microbiology and ecology data analysis. The R implementation of F-MDS is available at https://bioconductor.org/
packages/FinfoMDS/.

Supporting information

S1 File. Supplementary Appendices. 
(PDF)

Fig 7.  Multi-class data is discriminated based on statistical inference. Comparison of metric MDS and F-informed MDS (λ = 0.5) visualizations 
using a four-dimensional, three-class simulated dataset. Each dataset group follows normal distribution with the same covariance but different means 
(S9 Fig). Ellipses of respective colors are drawn with a confidence level of 0.68. Semisynthetic dataset of N = 75 was generated (see the section “Semi-
synthetic data” of the Methods.).

https://doi.org/10.1371/journal.pcbi.1014102.g007

https://bioconductor.org/packages/FinfoMDS/
https://bioconductor.org/packages/FinfoMDS/
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014102.s001
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S1 Fig. Visualization of a semisynthetic dataset using SparseDOSSA. (A) Heatmap of its log-scaled relative abun-
dance by its microbial taxa and sample number. (B) Density histogram of the data and (C) principal coordinates analy-
sis (PCoA) and PERMANOVA p-values based on PCoA results with Euclidean distance (pz) and original structure with 
Bray-Curtis dissimilarity (px). N = 200 samples were generated.
(PDF)

S2 Fig. Stabiliity and trajectories of PERMANOVA p-values from F-MDS representations. (A) Trajectories of pz 
across 50 epochs for λ = 0.2, 0.5, and 0.8. Red dashed lines indicate the region of validity (|pz – px| < 0.05). Pink points 
highlight where the stopping rule triggers, capturing the optimal statistical alignment before further oscillations occur. (B) 
Trajectories of p-values with the stopping rule (|pz – px| < 0.05). Heatmaps show pz values plotted against training epochs 
for hyperparameters λ ∈ [0, 1]. Triplicate datasets of varying sizes (N = 50, 100, 200, 500) were evaluated to demonstrate 
consistent stabilization across conditions.
(PDF)

S3 Fig. Pairwise distance analyses from F-informed MDS and supervised MDS using semisynthetic data. The plots 
are titled with the dataset size N and compared across different methods with hyperparameter values as follows: λ,  
F-MDS; α, superMDS. After calculating pairwise distances with Bray-Curtis dissimilarity (original) and Euclidean (2D rep-
resentation), (B) their Pearson correlation coefficient and (C) normalized stress (Stress-1) were obtained. Error bars are 
standard deviation of triplicates.
(PDF)

S4 Fig. Hyperparameter selection using grid search. An objective function fobj(λ) was defined to simultaneously reflect 
the number of training epochs and the preservation of the original structure (see Equation S17). (A) For each semisyn-
thetic dataset size N, fobj(λ) is plotted against the hyperparameter λ. The minimum value of fobj(λ) is highlighted in red. (B) 
The optimal hyperparameter λmin is plotted against dataset size N, with each dataset represented by a symbol.
(PDF)

S5 Fig. Comparison of quality metrics of benchmark ordination methods. Trustworthiness and continuity to evaluate 
(A) Local structural preservation is assessed using trustworthiness and continuity. (B) Global structural preservation is 
similarly evaluated with trustworthiness and continuity. (C) Global distortion is quantified by Stress-1 and Pearson correla-
tion of Shepard diagrams. (D) Preservation of statistical inference is measured by the F-rank-ratio and F-correlation using 
randomly permuted label sets. The following hyperparameters were used for each method: λ for F-MDS, number of neigh-
bors n for UMAP (both supervised (-S) and unsupervised (-U)), perplexity (perp) for t-SNE, and the number of shortest 
dissimilarities n for Isomap. Error bars represent the standard deviation across triplicate measurements.
(PDF)

S6 Fig. Shepard plot from algal microbiome dataset with eight ordination methods. The plots are titled with the 
respective method and hyperparameter values as follows: λ, F-MDS; α, superMDS; Nearest neighbors number, super-
vised (-S) or unsupervised (-U) UMAP; Perplexity, t-SNE; Shortest dissimilarities number, Isomap; none, neural network 
(NN). X- and Y-axis denote distances in the original and embedding dimensions, respectively.
(PDF)

S7 Fig. F-correlation plot from algal microbiome dataset. Pseudo F-ratios comparing the original dimension (x-axis) 
and from eight dimension reduction methods (y-axis) with algal microbiome data. Pseudo F’s were calculated by randomly 
permuting labels by 500 times. Highlighted with red denotes the location of F’s from unpermuted labels. Each plot is titled 
with the method and hyperparameter used.
(PDF)

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014102.s002
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014102.s003
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014102.s004
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014102.s005
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014102.s006
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014102.s007
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014102.s008
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S8 Fig. Cluster centroid and variances of F-MDS representations. Cluster centroids and variances of F-MDS repre-
sentations are shown for semisynthetic datasets of size N = 50 (A–C), N = 100 (D–F), N = 200 (G–I), N = 500 (J–L) and for 
the algal microbiome (M–O). The first column in each row displays the distance between group centroids. The second and 
third columns show the variance of each group, measured along the long and short principal axes, respectively. For the 
variance panels, blue and red colors denote groups 1 and 2. Error bars represent the standard deviation across triplicate 
measurements.
(PDF)

S9 Fig. Visualization of a ternary semisynthetic dataset. (A) Heatmap of its log-scaled relative abundance by its 
microbial taxa and sample number. (B) Density histogram of the data and (C) principal coordinates analysis (PCoA) and 
PERMANOVA p-values based on PCoA results with Euclidean distance (pz) and original structure with Bray-Curtis dissimi-
larity (px). N = 75 semisynthetic data were generated.
(PDF)
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