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Small sample sizes in preclinical research limit the extraction of reliable knowledge and hinder translational
progress. We propose genESOM, a generative artificial intelligence method based on emergent self-organizing
maps. genESOM is designed to augment small biomedical datasets while controlling a-error inflation. It separates
structure learning from data synthesis and integrates error propagation mitigation through dimensionality
modulation, enabling safe and interpretable data augmentation. Using lipid signaling data from a preclinical
multiple sclerosis study employing the experimental autoimmune encephalomyelitis (EAE) model (26 female
SJL/J mice, three treatment groups, and 62 lipid mediators), we intentionally reduced the sample size from 26 to
18 animals. This reduction abolished detectable group differences by both statistical and machine learning an-
alyses. Augmenting the reduced dataset with Al-generated cases restored treatment-specific segregation and
recovered the original key lipid mediators. genESOM achieved consistent fidelity without introducing false
positives. In contrast, Gaussian mixture and conditional GAN models failed under comparable constraints. These
results demonstrate that genESOM provides a robust, error-controlled framework for enhancing knowledge
extraction from limited preclinical samples. While synthetic augmentation cannot substitute for biological
replication, it can support exploratory analyses and help reduce the need for additional animal experimentation.

Generative Al
And animal models and ethics

1. Introduction research [4]. Typically, generative learning proceeds in two stages: a

structure learner infers latent features and data structure, and a gener-

The translation of advances in basic science knowledge gained
through animal models into new clinically effective compounds often
falls short of expectations [1,2]. Initiatives to improve translation have
promoted transparent reporting or rigorous statistical methodology, but
they do not resolve the central challenge of extracting valid knowledge
while minimizing animal use. Meta-analyses and pooled experiments
can increase statistical power, yet they require many comparable studies
and harmonized procedures across laboratories, conditions that are
often not met.

Generative artificial intelligence (genAl) offers an alternative strat-
egy [3]. By generating synthetic data to expand existing datasets, genAl
can mitigate underrepresentation and small cohort sizes in biomedical

ator uses these learned structures to produce synthetic observations.
Formally, its objectives are (i) to estimate the joint distribution p(x|c) to
generate new data points x and predict class labels c, and (ii) to sample
additional instances and labels consistent with the inferred structure
[3]. In small datasets, genAl can support protocol optimization, facili-
tate recruitment, and reveal hidden patterns through advanced data
mining [5-7]. However, genAl is prone to propagate and amplify
random errors in the data, to increase stochastic noise and inflate type I
error rates [8-10].This restricts its use and requires genAl types for
which this issue has been addressed.

The present study examines the hypothesis that a recently introduced
generative method based on emergent self-organizing maps (genESOM)
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can reliably augment small preclinical datasets and extract valid
knowledge from reduced data sets. genESOM is a special type of
generative Al (genAl) that uniquely includes error propagation mitiga-
tion via dimensionality modulation as a method for safely augmenting
biomedical datasets. Specifically, genESOM separates structure learning
from data synthesis. This allows for dimensionality modulation and the
injection of engineered diagnostic features (permuted counterparts of
real variables) that serve as negative controls to monitor the stability of
feature importance during data generation.

We use a robust preclinical lipidomics dataset in multiple sclerosis
(MS) research [11], which has already been shown not to exhibit error
inflation under genESOM-based augmentation [12]. We deliberately
reduced the dataset until the main findings were no longer statistically
significant and then augmented it with synthetic data. The objective was
to determine the extent to which this augmentation can restore the
ability to extract valid, reproducible knowledge. The here reported
evaluations are based on the previous development of this specific type
of generative Al, including comparative evaluations of its data genera-
tion abilities [4] and the implementation of error inflation stopping
criteria [12].

2. Methods
2.1. Preclinical data set

The dataset has been described in detail elsewhere [11] and is freely
available at https://data.mendeley.com/datasets/m2p6rr9v36,/1 (DOIL:
10.17632/m2p6rr9v36.1). It was derived from a comprehensive pre-
clinical investigation exploring the regulation and functional signifi-
cance of various lipid signaling mediators in multiple sclerosis in a
translational context [13,14].

In brief, the dataset originates from a preclinical study in SJL/J mice
using the relapsing-remitting experimental autoimmune encephalomy-
elitis (EAE) model to investigate neuroinflammation and the effects of
fingolimod (FTY720), a sphingosine-1-phosphate (S1P) receptor
modulator approved for multiple sclerosis [13]. Fingolimod targets S1P,
a lipid mediator derived from sphingomyelin metabolism that plays a
central role in G protein-coupled S1P receptor signaling. Quantitative
lipidomic profiles were obtained from plasma and central nervous sys-
tem tissues (cerebellum, hippocampus, and prefrontal cortex) and are
described in detail elsewhere [15].

The study comprised 26 female SJL/J mice (8 weeks old), assigned to
three groups: (i) controls without EAE (n = 10), (ii) EAE (n = 8), and
(iii) EAE plus fingolimod treatment (n = 8; 0.5 mg/kg/day in drinking
water, treatment initiation > 18 days post-immunization) [13].
Outcome measures included clinical scores assessing motor function,
coordination, and social behavior, along with a lipidomics matrix of
d = 62 lipid mediators quantified by targeted LC-MS/MS [15]. The 62
variables comprised lysophosphatidic acids (LPA: 16:0, 18:0, 18:1, 18:2,
18:3, 20:4), ceramides (C16, C18, C20, C24, C24:1), sphingolipids (C16
sphinganine, C18 sphinganine, C24 sphinganine, C24:1 sphinganine,
sphingosine, sphinganine, sphingosine-1P, sphinganine-1P), and endo-
cannabinoids (anandamide (AEA), palmitoylethanolamide (PEA), 1-AG,
2-AG, oleoyl-ethanolamide (OEA)). Lipid concentrations (ng/ML) were
measured in plasma (24 variables), cerebellum (18), hippocampus (7),
and prefrontal cortex (13), yielding an input data matrix of n = 26 mice
x d = 62 lipid mediator concentrations across the three experimental
groups.

2.2. Data analysis

2.2.1. Computational setup

Coding and data analysis were primarily conducted using the R
language [16], version 4.3.1 for Linux, obtained from the Comprehen-
sive R Archive Network (CRAN, https://CRAN.R-project.org/ [17]).
Additional routines were implemented in MATLAB (version
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9.13.0.2049777 (R2022b), MathWorks, Natick, MS, USA) and in Python
[18], versions 3.10.12/3.11.6 for Linux, available free of charge at http
s://www.python.org. All computations were executed on an AMD Ryzen
Threadripper PRO 7985WX 64-Core processor (Advanced Micro De-
vices, Inc., Santa Clara, CA, USA) running Ubuntu Linux 24.04.3 LTS
(Canonical, London, UK).

2.2.2. Data preprocessing

2.2.2.1. Data transformation. Pharmacokinetic concentration data in
plasma, blood, or tissue generally follow a log-normal distribution due
to multiplicative biological processes, resulting in positively skewed
values. There is clear, formally stated guidance from both regulatory
agencies and expert consensus supporting log-transformation of PK
variables unless strong evidence indicates otherwise [19-21]. Accord-
ingly, log transformation was applied to all concentration data in this
dataset.

2.2.2.2. Missing value imputation. The original mouse lipidomics data
set contained 5.3% missing values. Imputation of missing values was
performed as previously described [22]. The imputation method was
selected after comparative testing [12], i.e., univariate and multivariate
methods were compared using mean, median and mode imputation for
the former and, among others, regression tree bagging as implemented
in the R library "caret" (https://cran.r-project.org/package=caret [23])
and random forests [24,25] for the latter. Random forests was suggest
form method comparison and used form the R library "missForest" (htt
ps://cran.r-project.org/package=missForest [26]).

2.2.3. Initial statistical analyses in the complete data set

Statistical analyses were performed to reproduce the key findings of
the original study [14] as a starting point for data set reduction to the
point of disappearance of reported results due to insufficient sample
size. This included data transformation and statistical group compari-
sons as follows.

2.2.3.1. Statistical approach to treatment group differentiation. Group
comparisons consisted of subjecting each of the d = 62 lipid marker
variables to univariate analysis of variance with the factor "group" at
three levels, i.e., no EAE, EAE, and EAE plus fingolimod. The statistical
procedures used in the original publication [14] included additional
grouping of variables by tissue and lipid class, which were then analyzed
with separate two-way analyses of variance with the factors "group" as
above and "lipid" comprising the actual lipid mediators analyzed in each
tissue. However, this analysis mainly addressed the role of data
completion and augmentation. However, the a-correction for multiple
testing according to Sidék [27] was carried over from the original
publication.

2.2.3.2. Machine learning-based feature selection. Machine learning ap-
proaches to subgroup differentiation emphasize generalizability. The
primary objective of supervised learning is accurate prediction of sub-
group membership for new, unseen samples, contrasting with tradi-
tional statistical methods that focus on characterizing whether group
members arise from the same underlying distribution. Consequently, ML
requires an independent validation dataset not overlapping with
training data. In the absence of external data, it is common practice to
split available samples into training and validation subsets, training
algorithms on the former and evaluating predictive performance on the
latter. While ML methods incorporate aspects of classical statistics and
share the goal of detecting group differences, they differ fundamentally
by focusing on predictive accuracy rather than solely testing distribu-
tional differences. The multivariate nature of supervised learning and
emphasis on prediction underscore risks inherent to univariate predictor
selection, which can introduce bias and is not consistently correlated
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with predictive power [28,29]. Thus, ML aligns well with translational
goals in preclinical research, although partitioning limited datasets into
training and test subsets poses challenges when group sizes are small.

Treatment group discrimination within the lipidomics dataset was
evaluated using three widely used classification methods: random for-
ests, which are considered as robust tree-based bagging classifiers [24,
25]; support vector machines (SVM), which utilize hyperplane separa-
tion [30]; and k-nearest neighbors (k-NN), a distance-based classifier
[31,32]. Hyperparameter tuning, such as kernel choice for SVM and
number of trees for random forests, was performed via grid search, with
classifier training and validation implemented through nested
cross-validation. Random forests enable estimation of feature impor-
tance through permutation of out-of-bag (OOB) cases [25]. This was
extended by applying the "Boruta" method from the R package "Boruta”
(https://cran.r-project.org/package=Boruta) [33], which employs
cross-validation and Bonferroni-corrected p-values to unambiguously
determine the importance of each variable.

2.2.4. Reduction of the group sizes to the level of non-significant results

The data set had been acquired in an in-house preclinical study in
which sample sizes were selected according to rigorous case number
estimation, resulting in group sizes of nygnqg = [8,10] exceeding the
common practice of group sizes of six mice [34]. As noted by others
[35], six animals per group is often considered an adequate sample size
by some researchers, although the scientific and statistical bases of this
perception are weak. Systematic reviews correct this perception by
finding many preclinical studies with larger sample sizes [36,37].
Nevertheless, the lower boundary for valid generative augmentation in
small-sample biomedical datasets remains insufficiently characterized.
The resource equation method [38] suggests that error degrees of
freedom (E = total animals minus total groups) should lie between 10
and 20, which for typical experimental designs with multiple treatment
groups yields minimum group sizes in the range of n =5 to 6 [35].
Furthermore, group-sequential designs with interim analyses at n = 6
and multiples thereof have demonstrated average savings of 20% in
animal use without decreasing statistical power [39]. For the present
evaluations, an iterative reduction approach was employed to empiri-
cally identify the threshold at which statistical significance disappeared.
This threshold was found to be n = 6 per group, which served as the
intentional design point for testing genESOM-based augmentation and
aligns with the resource equation recommendations and
group-sequential design practices described above.

To generate an appropriately reduced data set, in an iterative
experiment, the data set was reduced stepwise to the first n = [10, ..., 2]
mice from each group, as if the actual experiments had been stopped
with this number of mice. Two groups had only n = 8 mice, so the first
data set was the original transformed data set, the second contained n =
9 controls and all EAE and EAE + fingolimod mice, the third contained
n = 8 controls and all experimental autoimmune encephalomyelitis
(EAE) and EAE + fingolimod mice, and from the fourth iteration on, the
data set contained the first n = [7, ..., 2] mice from each group. Missing
value imputation was repeated on each iteration of the reduced datasets
as described above. Statistical analyses in the simplified form described
above were performed on the transformed and imputed data at each step
to determine when statistical significance was lost.

2.2.5. Evaluation of key information extraction from biomedical data using
genESOM

2.2.5.1. Generative Al driven data augmentation. Generative Al was
applied to increase group size by leveraging the intrinsic structural
properties of the dataset using emergent self-organizing maps (ESOM) to
identify true structures in high-dimensional biomedical data [40,41].
The methods have been comprehensively described previously [4,12]
and are therefore only briefly summarized here.
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ESOM extends classical self-organizing maps (SOM) by arranging
thousands of neurons on a two-dimensional toroidal grid and adding a
third dimension encoding distances between subgroups or projection
errors onto a 2D plane [42-44]. This preserves neighborhood relation-
ships and detects cluster structures without imposing specific cluster
shapes, outperforming many traditional methods [45]. The transformed,
imputed, and scaled lipidomics data were projected onto the ESOM,
where the learning update follows

Aw; = y(t) h(bmu,r,t)(x; —w;) 1)
where x; is a data point, bmuy; is the closest neuron for x; in the SOM (best
matching unit, BMU), w; denotes the weight vector of neuron n; h(...)
describes the neighborhood and 7(t) € [0, 1] the learning rate, both of
which decrease during learning [42,46]. The ESOM map consists of
many neurons (e.g., >4000) arranged on the toroidal grid [43,45].

After training, the U-matrix encodes average distances between
neuron prototypes, indicating cluster boundaries [44,47]. The P-matrix
quantifies point density by counting points within hyperspheres of
radius raround each neuron. It displays local densities, estimated as the
number of data points in a hypersphere of radius r around each weight
vector (w;) of a neuron on the output grid of the ESOM.

P(ny) = |{xldow; <7} @
where n;; is the neuron of the U-matrix at row i and column j with weight
vector w;;.

For multivariate density estimation, the radius r is the critical
parameter. Using ESOM, a suitable radius r can be found as follows: the
abstract U-matrix heights (AU_heights) [44] are the subsets of data
distances

{AU_heights} C D = d(x;,x«) for all pairs of BMUs 3)
on edges of the Gabriel graph constructed from the BMUs. The distri-
bution of AU_heights is modeled by a bimodal Gaussian Mixture Model
(GMM) optimized by expectation maximization [44,48]. The critical
radius rcorresponds to the Bayesian decision boundary between the two
Gaussians:

r=arg min 11" (c 1, 63) = 120 1, 03)] “)

Synthetic data generation occurs within neighborhoods defined by r,
leveraging Bayesian modeling based on P-matrix densities to ensure
validity and preservation of data structure [49]

The third step took advantage of the property of the ESOM projection
that it is neighborhood preserving, i.e., data points that are close to each
other in high-dimensional space are also close to each other in the
projection. New data was generated in the neighborhood of a data point
(seed) with respect to the distance of the generated point to the seed,
which is well defined [49]. The generation used Bayesian statistics to
model the decision of whether a new data point is to be expected,
obtaining the probability of the existence of such a data point from the
P-matrix, which shows the density of the data of the projection of the
data set onto the ESOM. The bandwidth of the density estimate for the
P-matrix can be estimated from the distribution of the distances in the
U-matrix and is verified in the P-matrix visualization. This was used to
generate valid new cases, based on the U-matrix/P-matrix analysis of the
observed data.

Unlike many alternative approaches, genESOM separates structure
learning from data synthesis and permits modulation of data dimen-
sionality. This allows the injection of engineered diagnostic features,
such as permuted counterparts of real variables, that act as negative
controls to monitor feature importance stability during data generation.
A data-driven stopping criterion terminates augmentation when error
inflation emerges, thereby limiting overfitting. Thus, to control error
inflation in data augmentation, genESOM integrates a stopping criterion
based on dimensionality modulation and engineered negative control
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features [4,12]. Permuted variables serve as diagnostics to monitor
feature importance stability during bootstrap feature selection, estab-
lishing an error threshold Ljon the difference in selection frequencies
between original and permuted features. Synthetic data are generated
incrementally within radius r, while the importance difference

Al = I(X) — I(XP™) ®)

is evaluated for each variable j. Augmentation halts if Al; > L,, signaling
overfitting and preserving the statistical validity of the expanded data-
sets [12,50]. In the "mouse_lipidomics_data" dataset in [12], which is
exactly the data set used in the present report, this stopping criterion has
resulted in halting the augmentation after one new data point per
original. This was therefore followed in the present analyses and no
repeated here. Reassessment of key informative variables for study
group differentiation

2.2.5.1.1. Statistical approach to treatment group differentiation on
augmented data. To evaluate the impact of data augmentation on key
variable identification, we repeated the statistical analyses originally
performed on the full dataset, now applied to the augmented dataset.
Group comparisons involved univariate analyses of variance (ANOVA)
conducted on each of the d= 62 lipid marker variables with the factor
"group" at three levels: no EAE, EAE, and EAE plus fingolimod. Again,
the Sidak correction for multiple testing was retained from the original
study to control family-wise error rates [27].

2.2.5.1.2. Machine learning-based feature selection on augmented
data. This expansion motivated complementing traditional statistical
methods with machine learning (ML)-based feature selection applied to
the augmented dataset. Supervised feature selection techniques,
including regularization methods and tree-based models, were used to
rank and select variables with the highest predictive relevance for dis-
tinguishing among groups. This approach provided an independent,
data-driven confirmation of key informative features after augmenta-
tion. It was performed as described above for the complete data set.

2.2.6. Comparative evaluation of alternative data generative approaches

The generative emergent self-organizing map (genESOM) Al is
unique in its ability to allow dimensionality modulation between the
structural detection phase and the data generation phase, thereby
enabling control of alpha error inflation [12]. This capability sets it
apart from other generative AI methods that lack integrated error con-
trol mechanisms. Consequently, a direct quantitative comparison of
alternative generative methods in terms of error inflation was not
feasible. However, prior work has demonstrated that Gaussian mixture
models (GMMs), a commonly used generative approach, are also prone
to error inflation [12]. Similar risks are likely to affect other generative
Al methods as well. Moreover, the structure-preserving data generation
capabilities of genESOM have been extensively compared with alter-
native generative Al types previously and will therefore not be repeated
in this report.

However, within the scope of this report, we compared alternative
generative Al methods by evaluating their ability to recover statistical
results originally obtained from the full, original dataset. We employed
genESOM as a reference method due to its error control features,
assessing how well each method reproduced key statistical findings post-
augmentation. This comparative approach provides insight into the
reliability and validity of different data augmentation techniques con-
cerning preservation of original dataset characteristics and inferential
integrity.

A selection, not intended as exhaustive, of alternative methods
included Gaussian mixture models (GMM), generative adversarial net-
works (GAN), and autoencoders. They were applied to the same reduced
dataset. The results, including false positives and false negatives as
defined by the originally published hits [22], were compared with those
obtained from ESOM-based data generation, which served as the pri-
mary method in this report.
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Gaussian mixture models (GMM) are probabilistic models that as-
sume that all data points are generated from a mixture of a finite number
of Gaussian distributions with unknown parameters. The expectation
maximization (EM) algorithm is typically used in GMM to optimize the
maximum likelihood; however, implementations of alternatives such as
Markov chain Monte Carlo (MCMC) are available (summarized in [51]).
The simplest form of GMM is the Bayesian approach [52], which is well
established. Two variants of data generation algorithms based on
Gaussian distributions have been used, i.e., independent Gaussian (IG)
and multivariate Gaussian (MG). The independent Gaussian (IG) variant
is also used in the so-called “DataBoost” algorithm that uses data gen-
eration to increase classification performance [53]. For each variable i in
the data set and class k, the distribution is modeled as a Gaussian.

k
205 (6)

Gy, Ok = e
( k ) m
Data generation in IG is performed for each variable and class
separately by drawing data from the model distribution. By contrast,
multivariate Gaussian (MG) uses a multivariate normal distribution
given as

exp( — o —p)'T (x—p) )
N(/"!Z) = (2”)d|2‘ 7

with mean p = (py,...,Jlq) representing a d-dimensional mean vector,
where d denotes the number of variables in the data set and X denotes a
d x d sized covariance matrix

E[(x — uy) * (x5 — ;)] ®

The p-dimensional normal distribution is constructed for each class
using the EM method [48], using a MATLAB implementation described
in [54]. The generated data was then drawn from the multivariate dis-
tribution for each class.

Generative adversarial networks (GANs) were considered as another
alternative method, as they are currently widely used in the machine
learning field. However, their conventional application to image data-
sets raised skepticism about their efficacy for augmenting an excep-
tionally small preclinical dataset that is organized in tabular form. In
essence, a GAN consists of a generator function that produces synthetic
data that is identified as true or false by a discriminator function until
the distinctions between real and synthetic data become indistinguish-
able [55]. To specifically address the GAN model to a tabular data
format, a Conditional Tabular GAN (CT-GAN) was applied to a reduced
mouse dataset (n =6 per condition/group) running on an NVIDIA
GeForce GTX 1050 GPU (NVIDIA Corporation, Santa Clara, CA, USA)
using the Compute Unified Device Architecture (CUDA) version 12.0.
Scripting of the CT-GAN workflow was established based on the
CTGAN-package basic tutorial for Python [56]. The model was trained
based on 20 epochs, sampling for generated 1000 rows. The generated
data was sampled at a size of n = 12 per group, consistent with the
parameters used for other generative algorithms. The results of this
generation are shown in Supplementary Figure 1.

Zij =

3. Results

The main hypothesis addressed in this investigation was that key
group-difference drivers (relevant "hits") identified in a well-powered
preclinical dataset may become undetectable when the sample size is
reduced, but can be recovered through data augmentation using genE-
SOM. To test this, we assessed whether variables significant in the full
original dataset would disappear after reduction and subsequently re-
emerge following generative augmentation.

Additionally, to explore the potential benefits of machine learning
approaches, particularly their ability to incorporate generalizability
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assessment into the analysis pipeline, we applied supervised machine 3.1. Identification of key modulators of group differences in the original
learning models to both feature selection and classification tasks on the dataset

augmented dataset. This allowed for a complementary evaluation of

variable informativeness and the robustness of group discrimination The statistically significant lipid mediators identified in the full
beyond traditional statistical analysis. dataset are consistent with previously reported dysregulation of lyso-

phosphatidic acids and sphingolipids in experimental autoimmune
encephalomyelitis and multiple sclerosis. These lipid classes are known

A Group ANOVA p-Values at decreasing group sizes B Group ANOVA p-Values at decreasing group sizes, Sidak corrected
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Fig. 1. Significant lipid mediators observed with different group sizes after analysis of variance of d = 62 log-transformed lipid mediator concentrations using the
factor "group" with three levels, i.e., no EAE, EAE, and EAE plus fingolimod. In an iterative experiment, the data set was reduced stepwise to the first n = [10, ..., 2]
mice from each group. Two groups had only n = 8 mice, so the first data set was the original transformed data set, the second contained n = 9 controls and all EAE
and EAE + fingolimod mice, the third contained n = 8 controls and all EAE and EAE + fingolimod mice, and from the fourth iteration on, the data set contained the
first [7,...,2] mice from each group. A: Significant effects observed in successively smaller sample sizes per group (see above). P-value thresholds, either raw or
a-corrected according to Bonferroni [57], are drawn as dashed horizontal lines. The names of significant lipids are given as text annotations to the respective
p-values. B: Similar analysis as in panel A, but with p-value correction according to Siddk [27] to be consistent with the original publication where this was applied
[14]. The figure was generated using the R software package. (version 4.3.1 for Linux; https://CRAN.R-project.org/ [17]) and the R library "ggplot2" (https://cran.
r-project.org/package=ggplot2 [88]).
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to participate in immune cell trafficking, neuroinflammation, and
sphingolipid signaling pathways relevant to disease progression and
therapeutic response. Thus, the present analysis serves as a biological
reference point, confirming that the dataset captures established
disease-relevant lipid signatures prior to any reduction or augmentation
procedures.

3.1.1. Statistical analysis of group differences

In a straight-forward statistical group comparison consisting of 62
univariate analyses of variance using the three treatment groups as
factor levels, significant treatment group effects were detected in d = 27
lipids at p < 0.05, and in d = 15 lipid wen setting the a-threshold to
p < 0.01, corrected for multiple testing, either according to Bonferroni
[57] or to Sidak [27]. Furthermore, the most significant group differ-
ences, if the lowest p-values are taken as criterion, were observed in d =
5 lipids (p < 0.01 Bonferroni corrected), two of which were lysophos-
phatidic acids, repeating the main finding of the original analysis [14]
(Fig. 1).

3.1.2. Supervised machine learning-based feature selection

On the original dataset with group sizes of n = [8,10], random for-
ests were successful in classifying the cases of the respective test data
subsets with a balanced accuracy (BA) [58] better than chance, i.e., BA
> 0.5 or 50% with the 95% confidence interval not including the
guessing level values. This was obtained in a 1000 cross-validation
scenario using class-proportional splits of the original data set into
training and test subsets (Fig. 2 A).

3.2. Impact of sample size reduction on detection of group differences

3.2.1. Loss of statistical significance after reduction

Iterative reduction of group sizes to the first n mice indicated that at
Nreduced = 6 Mice per group, no variables remained that showed group
differences at p values with p < 0.01 or p < 0.05 that passed the Bon-
ferroni or Sidak o-correction procedures (Fig. 1). The ANOVA signifi-
cances expressed as -loglO(p) values showed weak but statistically
significant product moment correlations [59] with the number of mice
per group, with values of r = -0.28 and —0.25 for raw and Sidak cor-
rected p-values, respectively, which can be interpreted as a “medium”
correlation according to a recently proposed rule of thumb for effect size
interpretation [60].

3.2.2. Impaired performance of supervised algorithms

When the dataset was reduced to the first n = 6 mice per group, the
task could no longer be successfully accomplished, despite retuning the
random forest algorithm for the now smaller dataset.

The loss of statistical significance and classification accuracy
observed after reducing group sizes does not indicate the disappearance
of underlying biological effects, but rather reflects reduced power to
detect them. Importantly, the affected lipid mediators remain biologi-
cally plausible and mechanistically linked to EAE pathology, suggesting
that their non-significance at smaller sample sizes represents a limitation
of inference rather than an absence of disease-related regulation. This
mirrors common challenges in preclinical research, where biologically
meaningful effects may be obscured by practical constraints on animal
numbers.

3.3. Recovery of informative modulators in augmented datasets

3.3.1. Structure detection using ESOM neural networks at reduced group
sizes

The data from the first n,.g,c.¢ = 6 mice per group, i.e., the number of
cases in which the statistical results for the entire cohort fell below the
alpha-corrected p-value threshold of 0.05 as determined above, were
projected onto the R? plane using an ESOM after scaling by percentage
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transformation (Fig. 2 A). The plane consisted of 50 x 80 artificial
neurons on a toroidal grid. After training the artificial network in 20
epochs with decreasing learning rates from 0.3 to 0.05 and using a
Gaussian neighborhood function, the distances between neurons rep-
resenting a prototype were computed. The projection showed a ten-
dency for the three treatment groups to separate, consistent with the
structure of the data groups, but not perfectly, as also consistent with the
reduced statistical significance of the group differences in this reduced
data set. The P-matrix displays local densities, estimated as the number
of data points in a hypersphere of radius r around each weight vector
(w;) of a neuron on the output grid of the ESOM (Fig. 2 B). It provided a
two-dimensional representation of the multivariate density function of
the data space.

3.3.2. Generative data augmentation based on detected structures

The EM algorithm suggested a radius of 230 as best suited for data
density estimation (Fig. 2 C), which was converted to the untransformed
data space using linear regression of the data sets’ distances on a She-
pard plot (Fig. 2 D) [61,62]. The radius of r = .3559 obtained during the
ESOM analyses of the reduced preclinical data set was then used to
generate new data from the lipidomics data of the first n..gyceq = 6 mice
per group. The generated data set size was 2 @ Ny c.q = 12 per group, i.
e., for each original mouse of the reduced data set, an additional data
point was created, doubling the size of the reduced dataset to Ngenerared =
36 mice with k = 3 groups.

The partial separation of treatment groups observed in the reduced
dataset indicates that biologically relevant structure persists even when
classical statistical significance is lost. This suggests that disease- and
treatment-associated lipid patterns remain embedded in the data, albeit
in a form that is difficult to extract using standard univariate analyses.
From a biological perspective, this indicates that potentially meaningful
molecular differences are not necessarily absent in small cohorts, but
may be more difficult to identify reliably using standard univariate ap-
proaches, motivating cautious exploratory approaches aimed at stabi-
lizing their detection rather than dismissing them outright.

3.3.3. Reappearance of statistical significance after augmentation

The ESOM U-Matrix/P-Matrix-based data generation method, gen-
ESOM, was then applied to the transformed and imputed lipidomics data
of the first n = 6 mice of each group according to the above results. This
succeeded in recovering the main results observed in the whole cohort in
the generated data, i.e., the five lipid mediators LPA 16:0 and LPA 20:4
in plasma and sphingosine, sphinganine and C18 ceramide in prefrontal
cortex. These were the most significant variables in the full data set that
did not pass the a-corrected p-value threshold of p < 0.01 in the reduced
data set, but passed again in the generated data (Fig. 2). However, a few
additional hits were generated, all of which were in the upper range of
statistical significance among the mediators in the original full data set.

The re-emergence of the same lipid mediators that were significant in
the full dataset, particularly lysophosphatidic acids and sphingolipid
species, indicates that generative augmentation stabilized detection of
known disease-associated signals rather than introducing novel or bio-
logically implausible findings. Importantly, no entirely new lipid classes
emerged as dominant drivers, supporting the interpretation that
augmentation reinforces existing biological structure rather than
creating artificial effects. These results therefore suggest recovery of
attenuated biological signals, not the discovery of new mechanisms.

3.3.4. Restoration of successful machine learning group assignment

On the original dataset with group sizes of n = [8,10], random for-
ests were successful in classifying the cases of the respective test data
subsets with a balanced accuracy (BA) [58] better than chance, i.e., BA
> 0.5 or 50% with the 95% confidence interval (CI) not including the
guessing level values. This was obtained in a 1000 cross-validation
scenario using 50/50 random class-proportional splits of the original



J. Lotsch et al. Pharmacological Research 227 (2026) 108159

data set into training and test subsets (Fig. 2). each, as used in the statistical analysis reported above, restored the
When the dataset was reduced to the first n = 6 mice per group, the ability of random forests to classify the cases of the test data subsets with
task could no longer be successfully accomplished, despite retuning the class-wise accuracy better than chance. This made the dataset accessible
random forest algorithm for the now smaller dataset. Running the al- for machine learning based feature selection. The retained variables
gorithms on ESOM-based generated data with group sizes of n =12 included all the final hits from the statistical analysis, but several more,
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Fig. 2. Emergent self-organizing maps (ESOM) based generation of valid data from the lipidomics dataset with reduced sample size of n = 6 mice per group (total: n
= 18 mice). A: ESOM projection of the data set showing a 3-dimensional U-matrix visualization of the distance-based structures of the serum concentrations of d = 62
lipid mediators after projection of the data points onto a toroidal grid of 4000 neurons, where opposite edges are connected. The subgroups are separated by "snowy
mountain ranges". The dots represent the so-called "best matching units" (BMU), i.e. neurons on the grid that, after ESOM learning, carried a data vector that
primarily resembled a data vector of a sample in the data set. They are colored according to the prior group structure into no EAE, EAE, and EAE plus fingolimod. The
U-matrix projection was performed with percentage scaled log-transformed imputed data. B: P-matrix associated with the U-matrix shown in panel A, representing
local densities estimated as the number of data points in a hypersphere of radius r around each weight vector (w;) of a neuron on the output grid of the ESOM. C:
Selection of the radius of the hyperspheres for density estimation based on a proposal obtained from the probability density distribution of the distances between data
points. The panel shows the distribution of the distance between neighboring BMUs, measured as the length of the edges in the Delaunay graph. The vertical line
marks the distance limit at which the class assignment of a BMU does not interfere with a neighboring class, as obtained by fitting a Gaussian mixture model to the
density function using the expectation maximization (EM) algorithm [48]. D: Shephard plot [61] showing the distances in the original data versus the percentage
scaled data to transform the radius obtained in panel C back to the original logarithmic data space (red lines). E: Generation of data from reduced mouse group sizes
(n = 6 per group) and restoration of statistical significance of top hits in lipid mediators. Original (full color dots) and generated (semitransparent color dots) values
of d = 62 log-transformed lipid mediator concentrations measured in four different tissues including plasma (d = 24 lipids), cerebellum (d = 18 lipids), prefrontal
cortex (d = 13 lipids), and hippocampus (d = 7 lipids). F: Enlarged example showing the original and generated data of the concentration of the top hit of the original
analysis [14], i.e., lysophosphatidic acid 16:0. The figure was generated using the R software package.(version 4.3.1 for Linux; https://CRAN.R-project.org/ [17]),
El1e R library "ggplot2" (https://cran.r-project.org/package=ggplot2 [88]), and our R library and "Umatrix" (https://cran.r-project.org/package=Umatrix [65]).

mainly from the LPA class of lipids, consistent with the original findings.

Improved classification performance following augmentation re-
flects enhanced consistency of biologically meaningful lipid patterns
across samples, rather than the introduction of independent biological
variability. From a preclinical standpoint, this indicates that augmen-
tation may help clarify whether an observed molecular trend is coherent
and reproducible within the confines of the original experimental sys-
tem. However, this should not be interpreted as evidence of increased
biological diversity or replacement of biological replication.

3.4. Comparative effectiveness of alternative generative approaches

Of the alternative methods examined (Fig. 2), the multivariate
Gaussian mixture-based generation yielded fewer statistically signifi-
cant results compared to the original data set, achieving significance
only at the a-corrected p-value threshold of p < 0.05. The independent
Gaussian mixture-based generation restored original significance at the
more stringent a-corrected p-value threshold of p < 0.01. In contrast,
the independent Gaussian mixture-based generation restored original
significance at the more stringent a-corrected p-value threshold of
p < 0.01 but introduced additional variables with increased signifi-
cance. Notably, some of these newfound significances occurred in var-
iables that originally had higher p-values, suggesting a potential
occurrence of false positives from the GMM-based generation. For
comparison, both GMM-based methods introduced variables with lower
original significances than those generated by the ESOM-based
approach. Conversely, the CT-GAN-based generation did not produce
statistically significant results at the a-corrected p-value threshold of
p < 0.01, failing to reproduce the original significant findings observed
in the full dataset. Due to the higher rates of false positives or false
negatives compared to the primary ESOM-based method in the case of
the GMM based generative models or the inability to restore original
results in the case of the CT-GAN, the alternative methods were not
further explored in the same depth as the main method.

When comparing different data augmentation methods, the ESOM-
based approach most reliably reproduced the biologically meaningful
lipid signals observed in the full dataset without introducing implausible
new findings. In contrast, Gaussian mixture-based methods either
recovered fewer significant results or generated additional signals that
were less consistent with the original data, raising concerns about po-
tential false positives. The CT-GAN approach failed to restore the key
findings altogether.

Collectively, these findings indicate that generative augmentation
can stabilize detection of established biological signals under con-
strained sample sizes, while not creating new biological effects or
substituting for experimental replication.

4. Discussion

4.1. Generative learning for enhancing knowledge in small preclinical
datasets

The core hypothesis, i.e., that generative learning can improve
knowledge discovery from small preclinical datasets, is supported, with
the caveat that applications must avoid overfitting. Generative data
augmentation emerged as a viable strategy to recover signals lost due to
limited sample sizes. A neural network approach based on ESOM has
shown promise in improving the extraction of valid knowledge from
small-sample preclinical studies. Applying this to a robust mouse model
dataset (group sizes n = 8... 10) revealed statistically significant regu-
lation of lysophosphatidic acid and other lipids [14]. Simulating smaller
samples by reducing the dataset to n = 6 led to a loss of statistical sig-
nificance. However, applying the generative algorithm restored these
key findings, confirmed by appropriate statistical tests and machine
learning-based assessments of treatment group differences.

4.2. Contribution to animal use reduction and integration with statistical
methods

Generative Al-based data augmentation aligns with the 3Rs princi-
ples, replacement, reduction, and refinement, by potentially reducing
animal usage without compromising scientific insight. In constrained
settings where raising sample sizes is not feasible, these methods expand
available research options validly.

The proposed workflow deploys machine learning throughout the
entire process: starting with data imputation, progressing to unsuper-
vised generative data augmentation via emergent self-organizing maps
(genESOM), and concluding with supervised machine learning-based
feature selection to identify variables relevant for treatment group
segregation. This multistep process first uses neural network-based Al to
analyze dataset structure, extracts essential information for data gen-
eration, augments the dataset accordingly, then tests classifier perfor-
mance on held-out cases. Importantly, it focuses on ensuring identified
informative features do not reflect importance inflation caused by the
generative process itself.

The increasing use of machine learning models like random forests in
small-sample biomedical analyses complements generative augmenta-
tion workflows. These algorithms effectively capture nonlinear
complexity and provide reliable feature importance estimates to
monitor overfitting [63,64]. Nevertheless, traditional statistical ap-
proaches, such as regularization, model simplification, cross-validation,
and newer algorithmic techniques, remain essential alternatives for
controlling overfitting [9].
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Fig. 3. Significant effects observed in generated data with group sizes of n = 12 mice per group, obtained in statistical analyses of d = 62 log-transformed lipid
mediator concentrations of four classes measured in four different tissues, including plasma (d = 24 lipids), cerebellum (d = 18 lipids), prefrontal cortex (d = 13
lipids), and hippocampus (d = 7 lipids). A: P-values obtained in the ESOM-based generated data (decreasing order of significance) of the group comparison in the
generated data (n = 12 per group) performed as an analysis of variance (ANOVA) with the factor "group" at three levels, i.e., no EAE, EAE, and EAE plus fingolimod.
P-value thresholds, either raw or a-corrected according to Bonferroni [57], are shown as dashed horizontal lines. B: Similar to panel A, but on data generated by a
multivariate Gaussian mixture model. C: Similar to panel A, but on independent Gaussian mixture model generated data. D: Similar to panel A, but on data generated
using a Conditional Tabular GAN (CTGAN). E: Summary of significant hits in lipid mediators using a significance criterion of p < 0.01 (red) or p < 0.05 (light red)
Bonferroni a-corrected. The original top hits are shown in red in the right column of the matrix. The bar graph on the right shows the significance level (-log p-value)
obtained in the original complete data set, i.e. [8,10] group size. The columns are filled according to the original significances. The borders of the columns are colored
according to the majority vote of significance across the four generative methods. The figure has been created using the R software package (version 4.3.1 for Linux;
https://CRAN.R-project.org/ [17]) and the R libraries "ggplot2" (https://cran.r-project.org/package=ggplot2 [88]) and “ComplexHeatmap” (https://www.bi

oconductor.org/packages/ComplexHeatmap/ [89]).

4.3. Cautions and limitations in data augmentation

4.3.1. Expert oversight and workflow requirements

The proposed workflow is not fully automated and requires expert
oversight at critical decision points. The core computational compo-
nents, ESOM/U-Matrix and genESOM, are implemented in our R pack-
age “Umatrix” (https://cran.r-project.org/package=Umatrix [65]),
which provides fundamental functionality for structure detection and
generative augmentation. Successful application requires careful cali-
bration and expert supervision at multiple analytical stages and rigorous
preprocessing of raw data before dimensionality reduction and structure
detection, both of which fall outside the scope of the core algorithm.
Since the purpose of data augmentation is to reduce animal usage while
maintaining scientific validity, and failure to preserve biological signal
integrity would render even reduced animal numbers ethically unjusti-
fiable, this approach should be applied exclusively by researchers with
expertise in the biological system under investigation and training in
data science methodology to perform the preprocessing, validation of
emergent data structures, and critical interpretation of augmented
results.

Whether a fully automated solution is viable remains to be deter-
mined. For more constrained analytical scenarios, visually guided pre-
processing platforms, such as our R library "pguIMP" (https://cran.r-proj
ect.org/package=pgulMP [22]) for cross-sectional tabular lipidomics
data or the "MetaboAnalystR" package for metabolomics workflows (htt
ps://github.com/xia-lab/MetaboAnalystR  [66]), demonstrate that
user-friendly environments can provide comprehensive data handling.
Development of similarly robust frameworks specifically designed for
generative augmentation in the context of reduced animal experimen-
tation may therefore be feasible but exceeds the scope of the present
report.

4.3.2. Statistical considerations and error control

Synthetic observations generated by genESOM are not statistically
independent biological replicates and should not be interpreted as such.
They represent structure-preserving interpolations within the observed
data manifold that can stabilize downstream analyses by increasing the
effective sample density in regions where the original data are sparse.
Statistical inference on augmented datasets must be interpreted condi-
tionally, recognizing that synthetic data do not increase the true degrees
of freedom available for hypothesis testing.

Generative models can only learn from observed data structure;
extrapolation beyond the sampled distribution leads to hallucination
[67]. As discussed previously [12], critical evaluation of dataset repre-
sentativeness is essential when planning experiments that combine
genESOM-based augmentation with reduced sample sizes. If the true
biological population comprises distinct subpopulations in a 70:25:5
ratio but experimental sampling captures only 10 observations,
low-frequency subpopulations may remain unobserved. Augmentation
cannot recover unsampled biological variation and will instead inter-
polate only within the structure present in the observed data. While this
sampling limitation is not unique to generative AI, researchers
employing this framework for sample size reduction must explicitly
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consider whether their experimental design adequately samples the
expected biological heterogeneity.

Alpha error inflation is a major concern in generative augmentation,
as it may yield false positive results [68]. These risks are amplified in
preclinical research with small sample sizes where animal reduction is a
goal. Effective augmentation improves both model fairness and predic-
tive power, but noise amplification and false discovery must be actively
prevented [10]. Prior work with the "mouse_lipidomics_data" dataset, as
the present data set was named in [12], demonstrates that the extent of
error inflation scales with effect size and that careful calibration can
keep augmented data within validity thresholds using random forest
out-of-bag analysis [12]. In that study, safe augmentation was identified
as adding one synthetic data point per original observation, which was
the ratio applied in the present assessments. Excessive augmentation
increases the risk of overfitting and false discoveries, necessitating strict
stopping criteria, conservative augmentation ratios, and the error
inflation control mechanisms unique to genESOM [12]. Naive or
excessive augmentation, such as increasing sample size tenfold, sub-
stantially increases the likelihood of overfitting and false discoveries.
Overly simplistic strategies such as adding random noise or indiscrimi-
nate oversampling can worsen the curse of dimensionality, fueling
spurious findings as an issue to which biomedical datasets are particu-
larly prone [69]. genESOM mitigates these risks by organizing synthetic
data via emergent self-organizing maps, ensuring new data are placed
within the correct biological topology and minimizing class boundary
distortion [4].

Empirical evidence from artificial and biomedical datasets demon-
strates that a one-to-one augmentation ratio (one synthetic data point
per original observation) preserves variable ranking and statistical sta-
bility. This ratio has been systematically validated using the "mouse_li-
pidomics_data" dataset [12] and others, where it maintained strong
negative correlations between statistical significance and feature
importance (Kendall’s tau range: —0.53 to —0.85) without signs of error
inflation. This aligns with independent recommendations to limit syn-
thetic data addition to approximately one-to-one to ensure reproduc-
ibility [68]. The optimal ratio of synthetic to original data remains
uncertain beyond conservative one-to-one augmentation. Modest
augmentation may still yield stability, whereas higher ratios markedly
increase the risk of overfitting and false discoveries, as detected by
genESOM’s diagnostic features.

4.4. Scope and limitations

Despite its advantages, generative AI cannot replace essential
experimental design steps, subgroup analysis, or thorough outlier
detection. Minimum practical sample sizes for valid augmentation are
underexplored. In the present study, n = 6 per group represented the
empirically determined threshold at which statistical significance was
lost in the original dataset, and successful augmentation at this sample
size suggests it may represent a practical lower boundary for genESOM
application, though smaller datasets may occasionally be adequate with
clear statistical power justification. Augmentation of small datasets
cannot recapitulate full biological diversity or synthesize novel
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selection procedure performed as a random forest based Boruta approach to identify the most informative features for class assignment [33]. This uses the random
forests out of back (OOB) permutation importance and evaluates the importance measure of each variable based on the decrease in classification accuracy due to
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for classification. The mean and standard deviation of the loss of accuracy are then calculated and the z-score is used to compare against an external reference, the
so-called "shadow" features (empty boxes), obtained by permuting the values of the original feature. Light green boxes represent "confirmed" significant features,
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are placed in ABC subset “B”. The figure has been created using the R software package (version 4.3.1 for Linux; https://CRAN.R-project.org/ [17]) and the R li-
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biological mechanisms. Generative Al expands the observed data dis-
tribution rather than creating entirely new phenomena, contrasting with
biological simulators (e.g., brain models) [70], and emphasizing the
need for cautious interpretation of augmented results.

The generalizability of the genESOM framework to additional data
modalities remains an open question. To date, validation has been
restricted to lipidomics and selected biomedical datasets, and perfor-
mance in other domains such as transcriptomics, proteomics, imaging,
or behavioral phenotyping may require further dedicated evaluation.
Nevertheless, in the experiments with genESOM published so far [4,12,
71], a range of artificial and biomedical data problems has already been
covered, and genESOM has always been successful. Consequently, the
present findings should not be extrapolated beyond comparable data
structures without further empirical validation. Generative augmenta-
tion does not replace fundamental principles of experimental design,
including appropriate subgroup stratification, outlier detection, and
biological replication. The effectiveness of the approach in highly het-
erogeneous or noisy datasets has not been systematically evaluated.
Traditional experimental safeguards remain essential, and augmented
analyses should be interpreted as complementary rather than
substitutive.

4.5. Comparison with alternative generative methods

The generative emergent self-organizing map (genESOM) Al is
notable for allowing dimensionality modulation between structure
detection and data generation phases, enabling direct control of alpha
error inflation [12]. This feature distinguishes genESOM from other
generative Al approaches that lack built-in error control.

A couple of alternative generative Al approaches were evaluated.
Gaussian mixture models (GMMs), including independent GMMs and
"DataBoost" [53], exhibited mixed performance: ESOM recovered all
original significant hits and some extras; multivariate GMM captured
only the top two hits and missed others, occasionally resulting in false
positives; independent GMM inflated the number of significant variables
beyond what was originally observed. Generative adversarial networks
(GANSs), although effective for image augmentation tasks [72], failed to
capture group structure from very small samples. While GANs generated
data within the original variable ranges (see Supplementary Figure 1),
group differences were faint and statistical significance was not restored
in reduced datasets. Top hits from the ceramide class were somewhat
captured, but GAN results remained unconvincing for restoring signifi-
cance and are generally unsuitable for small-sample learning. This
failure likely reflects the insufficient sample size for GAN architectures
rather than algorithmic limitations, as the same CTGAN implementation
produced satisfactory results on larger datasets in prior work [4]. In that
study, “the newer version of the tabular GAN-based data generator,
called CTGAN, produced similar results in less time” compared to the
TGAN implementation. Therefore, the current performance shortfall
most plausibly stems from limited sample size rather than issues with the
CTGAN algorithm itself.

More sophisticated generative neural architectures such as Boltz-
mann machines and restricted Boltzmann machines (RBMs) were not
systematically evaluated in the present study [73-77]. These models
typically require substantially larger datasets to achieve stable training
and are known to perform poorly in very small-sample regimes. The
scikit-learn documentation [78], the Python framework for machine
learning used for some of the present experiments such as GAN,
explicitly states that "The parameter learning algorithm used (Stochastic
Maximum Likelihood) prevents the representations from straying far
from the input data, which makes them capture interesting regularities,
but makes the model less useful for small datasets, and usually not useful
for density estimation" (https://scikit-learn.org/stable/modules/neur
al_networks_unsupervised.html). As such, their application to datasets
of the size examined here (n = 6 per group) would likely require prior
augmentation or strong regularization, limiting their suitability as
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baseline comparators for evaluating genESOM's performance in
small-sample scenarios.

Among further generative approaches not addressed in the present
experiments, hidden Markov models (HMMs) possess generative ca-
pacity [79] but are commonly used for temporal or sequential data [80].
While we have successfully employed HMMs for sequential data analysis
in previous work [81], their application to the static, cross-sectional
lipidomics measurements in the present study was considered less
appropriate given the absence of temporal dependencies. Therefore,
genESOM is specifically suited to the constraints and goals of
small-sample biomedical research involving cross-sectional tabular nu-
merical data.

Finally, genESOM possesses a unique advantage through its inte-
grated error inflation control via dimensionality modulation between
structure learning and data generation [12]. This embedded alpha error
signaling mechanism, achieved through engineered diagnostic features
that serve as negative controls, provides a data-driven stopping criterion
that halts augmentation when error inflation is detected. To the authors'
knowledge, none of the alternative generative models evaluated pro-
vides comparable built-in safeguards. Given the critical need to reduce
animal sample sizes without compromising statistical validity, where
failure would render preclinical experiments worthless and even the
reduced number of animal lives wasted, the structural advantage of
genESOM lies in its ability to actively signal when augmentation
boundaries are approached. This distinguishes it from alternative
methods, for which such error control mechanisms remain to be
demonstrated.

5. Conclusions

This study addresses the persistent challenge of small sample sizes in
preclinical research by demonstrating that generative artificial intelli-
gence can improve analytical stability and sensitivity in exploratory
analyses without compromising biological interpretability. Using a
validated preclinical lipidomics dataset from an experimental autoim-
mune encephalomyelitis mouse model, we show that genESOM-based
augmentation can help recover treatment-specific signals that become
difficult to detect when sample sizes are reduced fromn = 8-10ton =6
per group.

The proposed approach integrates machine learning across the
analytical workflow: emergent self-organizing maps (ESOM) for struc-
ture detection, genESOM for topology-preserving data augmentation,
and supervised feature selection for identifying treatment-discriminat-
ing variables. Critically, our genESOM [4] includes built-in safeguards
against statistical inflation through its self-developed dimensional
modulation procedure and engineered negative controls [12], providing
a data-driven stopping criterion that mitigates overfitting. This
error-control mechanism distinguishes genESOM from alternative
generative methods lacking comparable constraints.

Application to the intentionally reduced dataset restored the prin-
cipal patterns of statistically supported lipid mediators, including lyso-
phosphatidic acid and ceramide species, yielding group segregation
comparable to the full dataset. This was achieved without inflating false
positives, as verified by both conventional statistics and machine
learning validation. In contrast, Gaussian mixture models and condi-
tional GANs failed to recover meaningful structure under identical
conditions, underscoring the specific suitability of genESOM for
small-sample data contexts. In line with the growing trend of applying
machine learning to modestly sized datasets [64] and independent ad-
vances integrating generative methods into biomedical workflows
[82-87], the presented genESOM framework constitutes a promising,
empirically validated supporting tool to extract valid results from
small-sample preclinical studies. It provides a means to extend analyt-
ical reach rather than to replace biological replication.

Our findings indicate that genESOM-based augmentation can, under
appropriate conditions, assist in achieving reliable analyses with smaller
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cohorts, i.e., potentially reducing the number of required animal sub-
jects by up to about 30-50% in exploratory contexts, while maintaining
reproducibility and scientific validity. Importantly, we emphasize that
synthetic data cannot substitute for independent biological samples or
adequately powered confirmatory experiments [68]. Instead, this
framework should be viewed as a complementary analytical tool to
guide early-stage discovery and inform efficient experimental design,
consistent with the 3Rs principles of animal research. Overall, genESOM
offers a scientific method to stabilize analyses of limited datasets. By
embedding synthetic observations within the true biological data
manifold and monitoring for error inflation, this framework advances
both the methodological robustness and ethical standards of preclinical
research, i.e., promoting exploratory knowledge extraction while
respecting the boundaries of biological inference. While synthetic
augmentation cannot substitute for biological replication, it can support
exploratory analyses and help reduce the need for additional animal
experimentation, provided the necessary caution is observed. That
under these conditions valid results can be obtained is shown in this
report.
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