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Abstract

We present a compact and generative machine-learning framework that predicts

oil contamination based on microbial community compositions from experimental
samples. Our method combines dimensionality reduction with data augmentation and
generative modeling to address high-dimensional, non-linear, and sparse microbial
data. To reduce the 503-dimensional bacterial composition dataset, we compared
three dimensionality reduction techniques: feature importance from random forest,
principal component analysis (PCA), and t-distributed stochastic neighbor embedding
(t-SNE). Feature importance outperformed PCA and t-SNE, improving predictive per-
formance and identifying microbial species most strongly correlated with oil contami-
nation. To mitigate data scarcity, we augmented the training data using an augmented
data neural network (ADNN) with noise injection. Samples generated by a variational
autoencoder (VAE) were used as controlled perturbations to probe model robustness
during stress testing. Using the top 3—10 bacterial features, our model achieved an
R? value of up to 0.99 in both training and stress testing for predicting oil contamina-
tion from microbial data. In a bottle-level hold-out evaluation (22 splits at an 80/20
bottle ratio), performance on held-out bottles was lower and variable (mean test R*=
-0.150), indicating limited generalization within this cohort. These results should be
interpreted as a feasibility demonstration requiring validation on larger independent
datasets.

Introduction

Oil contamination continues to be a persistent environmental challenge, with oil
spills causing extensive damage to both marine and terrestrial ecosystems and
leading to long-term environmental degradation [1,2]. Detecting and preventing
oil contamination effectively is therefore critical for environmental protection and
resource management. While detecting large scale spills is trivial, as it can be done
visually, detecting small leaks and transient spill risks can be more challenging.
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Microorganisms play vital roles in ecosystem functioning and are sensitive to environ-
mental disturbance. Microbial communities have been previously shown to respond
to even trace amounts of oil, resulting in substantial change in microbial community
composition. For instance, King et al. summarized how indigenous marine microbes
rapidly bloom in response to oil and gas release [3], and Redmond et al. observed
that Gulf microbial communities shifted toward hydrocarbon-degrading taxa following
the Deepwater Horizon spill [4]. Other fields report that oil contamination can cause
10-fold increases in bacterial abundance and enrichment of known degraders [5].

In seawater microcosms contaminated with oil, blooms of Pseudomonadales and
Methylococcales greatly exceeded even the normal dominant Alcanivorax, indicating
rapid community restructuring [6]. Understanding these microbial responses to oil
and predicting their behaviors under varying environmental conditions is essential for
developing effective environmental monitoring, management, and remediation strate-
gies, with potential applications for a range of other contaminants.

Nevertheless, microbial data pose unique challenges, including high dimension-
ality [7], sparsity, and non-linear relationships. Obtaining oil contamination data that
reveal how various types of oil affect microbial communities is difficult, as accurately
modeling the complex interactions among microbes, crude oil, and refined oil remains
poorly understood. Furthermore, microbial community taxonomic compositions often
vary substantially due to minor shifts in environmental parameters such as location,
season, and temperature. Additionally, collecting water samples, incubating microbes
in laboratory settings, and measuring microbe abundances can be time-consuming
and technically challenging. Therefore, sophisticated analytical tools like machine
learning models with strong predictive capabilities are essential for addressing these
multidimensional issues and revealing complex patterns [8]. Unlike traditional eco-
logical models, such as predator-prey models, which struggle to account for the
complexity of numerous bacterial species and their unknown interactions, machine
learning methods can effectively function as simplified models to capture microbial
dynamics.

Over the past decade, machine learning has emerged as a powerful tool for
analyzing complex microbial datasets and predicting environmental changes. Vari-
ous studies have demonstrated the potential of machine learning models to identify
microbial responses to environmental stimuli [9,10]. Predictive models trained on
microbial community data have been used in human and environmental health,
including predicting the presence of environmental contamination [11]. However,
despite these advancements, the accuracy, generalizability and translation of these
models remain limited. Many existing frameworks rely on complex classifiers that per-
form well on familiar samples but struggle to generalize to unseen environments. For
example, one recent study analyzed 86 out of 1709 soil microbiome taxa to predict
microbial community compositions, achieving the highest accuracy of 0.65 on test
data [12]. This reflects the inherent challenges posed by high-dimensional, sparse,
and site-specific data, which can hinder the development of robust and scalable
machine-learning frameworks. These limitations highlight the need for innovative
approaches, including augmented data models to enrich datasets, noise-injection
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methods to improve model robustness, and autoencoders to decode and interpret predicted information. Moreover,
research leveraging microbial community data combined with environmental information to trace contamination sources,
such as oil pollution, is still in its early stages.

Experimentally collected microbial datasets are often limited in size, making it challenging to identify trends or achieve
accurate predictions. Traditional machine learning methods typically struggle with these small datasets, resulting in
reduced predictive power and accuracy. Generative approaches have shown their effectiveness in small-sample biological
domains. For example, generative adversarial network (GAN)-augmented data improved disease prediction performance
in microbiome studies, increasing sensitivity and specificity [13], and boosting disease AUCs (Area Under the Curve) by
~30% in datasets with limited sample sizes [14]. However, GANs are computationally intensive, and their most efficient
algorithms are designed largely for image-based data rather than high-dimensional microbe community compositions [15].
In addition, microbial datasets are inherently high-dimensional, sparse, and often contain far fewer samples than features,
making it difficult for traditional machine learning algorithms to perform robustly [16,17]. Further exacerbating the problem,
environmental communities have far more inter-sample diversity than most clinical microbiomes. However, when sample
sizes are limited, synthetic data cannot substitute for independent real-world test data. Instead, generative models can be
used to probe robustness, structure, and sensitivity of learned representations under controlled perturbations.

To address these issues, we construct a neural network framework that integrates a generative model, variational
autoencoder (VAE), and predictive neural network. It has been demonstrated that VAEs can effectively extract interpreta-
ble latent features from sparse high-throughput biological data [18]. Given the limited availability of experimental data, we
employ a generative model with noise injection to generate synthetic samples that mimic real data. We then use a VAE
to learn the underlying distribution of the augmented data, capturing its complexity and producing new test data points
that further augmented training datasets. These augmented training datasets improve predictive performance and verify
overall model robustness.

For dimensionality reduction, we assess several techniques, including t-distributed stochastic neighbor embedding
(t-SNE), principal component analysis (PCA), and feature importance analysis using random forest algorithms, with
the objective of enhancing model interpretability and computational efficiency. Dimensionality reduction is essential in
microbiological studies since microbial community data typically have far more taxa than samples, making dimensionality
reduction “a key component” for visualization and analysis of complex microbiome data [19]. As neural networks require
numerical input, categorical environmental variables are transformed into numerical representations using autoencoders,
which effectively encode geographic coordinates and categorical data into decodable numerical embeddings. This process
enables dimensionality reduction while preserving essential information necessary for model training and interpretability.
Consistent with this, Oh et al. used autoencoders to generate a low-dimensional representation of thousands of microbial
markers, noting that such compression is required to “handle the high-dimensional data with low sample sizes” [20].

In the context of high-dimensional microbial composition data, conventional dimensionality reduction methods may
result in the loss of biologically meaningful features embedded within these complex community profiles. To mitigate this,
we prioritize feature importance analysis derived from random forest models, which offers a more biologically informed
reduction strategy by preserving critical variables. Prior studies have demonstrated that random forest-based feature
selection rankings provide robust, biologically meaningful variable importances for microbiome classification [21]. Subse-
quently, a neural network is trained on the augmented dataset to predict oil contamination levels from microbial profiles,
and the model’s robustness is probed using VAE-generated synthetic stress test samples.

Our study introduces a compact and robust machine learning framework designed to address the challenges of high-
dimensional, small-sample microbial datasets with several advantages. First, it encodes categorical environmental infor-
mation (e.g., location, oil type) into numerical form that can be decoded back into interpretable textual labels. Second, to
enhance model interpretability and efficiency, we apply random forest-based feature selection, which identifies biologically
relevant microbial species correlated with oil contamination. This method outperforms conventional dimensional reduction
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techniques such as PCA and t-SNE by preserving critical biological variables. Third, to address data scarcity, we generate
realistic synthetic microbial community datasets using a hybrid approach that combines a noise-injected data augmenta-
tion with a variational autoencoder (VAE). The VAE captures the latent structure of augmented data and generates diverse
and representative samples used only for synthetic stress testing of model robustness. Fourth, our model achieves high
predictive accuracy (R? up to 0.99) using a small subset (3—10) of microbial species, substantially simplifying analysis and
reducing computational cost. The model shows strong internal consistency on VAE-generated synthetic stress-testing
samples, but broader generalization to unseen environmental conditions requires evaluation on larger, independent
datasets with formal validation procedures. Finally, our streamlined approach is model-independent, scalable, and appli-
cable to both low- and high-dimensional datasets, offering a promising proof-of-concept solution beyond the constraints of
traditional ecological modeling.

Methods
Training data and data processing

We collected microbial community data (Table 1) from multiple locations across three prior experiments, including Lake Mich-
igan, Lake Superior, the Great Lakes Research Center at Michigan Technological University, and the Straits of Mackinac. The
samples consist of oil-amended microcosms of lake surface water, from which community 16S rRNA genes were sequenced
and taxonomy was assigned based on amplicon sequence variants (ASVs). For brevity, the details of the laboratory methods
are provided in the Supplementary Information. One of the experiments is described in Byrne et al. 2021 [22]. Notably, the
three experiments used slightly different methods for sequencing, collection times, and geographic locations. This provides a
greater range of data variability than a single sampling effort would have, resulting in a more generalizable dataset.

The dataset includes the following features as inputs for the augmented data NN: location, incubation time, oil type,
temperature, month, and 16S rRNA taxonomic composition (Table 1). The first column contains the encoded location value
derived from the latitude and longitude of the samples. The second column denotes the incubation time, ranging from week 0
to week 7 (multiplied by 10 in data processing). Temperature represents the lab conditions during incubation. The month col-
umn indicates the season when the samples were collected (also multiplied by 10 in data processing). The columns labeled
“Bac 1” to “Bac 503" correspond to the compositions of 503 different bacterium types in each sample. Thus, each row in the
dataset represents an independent sample, encapsulating its geographic, temporal, and microbial characteristics.

Autoencoder

An autoencoder is an unsupervised learning algorithm designed to replicate its input at the output layer (Fig 1). It con-
sists of two parts: an encoder that compresses the input data into a lower-dimensional representation and a decoder that

Table 1. Raw datasets, including environmental and biological measurements, were collected at various locations and times. Variables com-
prise encoded location coordinates (latitude and longitude), temperature (°C), encoded oil types, and bacterial counts for identified species.
Data was collected at monthly intervals. The “Location” and “Oil Type” columns are unitless encoded values generated using autoencoders.
The “Month” column is encoded as (10 x month); for example, 80 corresponds to August. Columns labeled “Bac 1” to “Bac 503” represent the
counts of bacteria species detected during sampling. The complete training dataset is provided in the supplementary information.

Location Time Oil Type Temp (°C) Month (10 x month) Bac 1 Bac 2 Bac 503
(10 xweeks)

10.39 30 45.11 23 80 116 58 0

10.39 50 146.27 23 80 57 35 0

42.83 60 146.27 23 50 0 0 0

42.83 70 146.27 23 50 1 0 0

https://doi.org/10.1371/journal.pone.0344571.t001
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Autoencoder Architecture for Encoding Locations and Oil Types

Latitude = = Latitude
Longitude = = Longitude
Input ==,  Encoder Decoder == Output

Fig 1. Schematic representation of an autoencoder for encoding “Location” (latitude and longitude) and “Qil type”. The encoder compresses
the input into a reduced-dimensional, unitless encoded value, which the decoder then reconstructs into the original format.

https://doi.org/10.1371/journal.pone.0344571.9001

reconstructs the original data from the compressed form. In this study, the central hidden layer of the autoencoder con-
tains a single neuron encoding latitude, longitude, and oil type into a compressed form. This setup reduces the dimension-
ality of the input features, simplifying data representation while preserving essential information.

Since the oil type information is categorical (“no oil,” “crude,” or “diesel”), it is first converted into binary digits: (0, 0)
for “no ail,” (0, 1) for “crude,” and (1, 0) for “diesel.” These binary digits serve as inputs to the autoencoder, producing
encoded oil-type values. Similarly, latitude and longitude are input into the autoencoder to generate encoded location
values.

The location autoencoder is structured as follows: an input layer with 2 neurons, followed by hidden layers with 16, 8,
and 4 neurons using ReLU activation. The bottleneck layer consists of a single neuron with sigmoid activation to effec-
tively distribute the encoded latitude and longitude values, considering the narrow data range from Lake Michigan-based
sampling. The decoder mirrors the encoder with hidden layers of 4, 8, and 16 neurons using ReLU activation, ending with
an output layer of 2 neurons employing linear activation.

The oil-type autoencoder follows a similar architecture: an input layer with 2 neurons, hidden layers with 8 and 4 neu-
rons using ReLU activation, and a bottleneck layer with a single neuron using ReLU activation for the encoded value. The
decoder mirrors the encoder with hidden layers of 4 and 8 neurons using ReLU activation, ending with an output layer of
2 neurons using sigmoid activation, which is suitable for the binary (0 or 1) oil-type values. Both autoencoders utilize the
Adam optimizer and mean squared error as the loss function, with a batch size of 16.

The encoded location and oil type retain the original latitude, longitude, and oil type information from the samples. After
predicting oil contamination, the oil-type decoder determines whether the sample is oil contaminated and identifies the
specific type of oil.

Dimensionality reduction

PCA and t-SNE: The bacterial compositions of each sample form a 503-dimensional dataset, representing measurements
from 503 bacterial species. To maximize the use of all bacterial compositions while reducing noise in high-dimensional
data and improving computational efficiency, we apply dimensionality reduction techniques. Principal component
analysis (PCA), a linear reduction method, condenses the 503-dimensional data into lower-dimensional representations,
such as two-dimensional PC1 and PC2, which capture key variations in bacterial composition. Additionally, t-distributed
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stochastic neighbor embedding (t-SNE), a nonlinear technique, is used to visualize complex patterns in the data. Both
methods transform the high-dimensional feature space into two dimensions, facilitating visualization and pattern interpre-
tation (Fig 2).

Feature Importance with Random Forest Regressor (RFR)

Alternatively, we employ feature importance analysis using RFR to identify key features predictive of the oil type of sam-
ples. RFR is an ensemble learning method that constructs multiple uncorrelated decision trees during training and aver-
ages their outputs for regression tasks. Each decision tree of RFR iteratively splits the data by selecting the feature and
threshold that best reduces impurity, quantified by the mean squared error (MSE). Feature importance is calculated based
on the reduction in MSE at each split, where larger reductions indicate higher importance [23]. These importance values
are aggregated across all trees to rank features according to their overall contribution to the model’s predictions. Inter-
ested readers are referred to the Supplementary Information for additional details on how random forest ranks bacterial
genera by importance.

We implemented RFR models using the RandomForestRegressor function from the scikit-learn library [24], which offers
a robust suite of machine-learning algorithms. Feature importance is extracted via the “feature_importances_" attribute.
To optimize performance, we tune hyperparameters, setting n_estimators=2500 (number of trees) and max_depth=25
(to limit tree levels for preventing overfitting). The random forest hyperparameters were selected empirically to balance
predictive accuracy and computational cost. Increasing the number of trees beyond 2500 or the maximum depth beyond
25 did not improve predictive performance, while smaller values led to reduced model stability. Feature importance
analysis was then used to identify bacterial taxa that most strongly influence oil-type prediction. Although the model was
initially trained on all 503 features, using only the top 10 ranked features still yielded a training R? of approximately 0.904,
with minimal loss in performance. This indicates that these top-ranking bacterial genera contain the majority of biologically
relevant information required for oil-type differentiation, allowing accurate prediction while substantially reducing model
complexity.

2D PCA of Microbial Communities by Location 2D t-SNE of Microbial Communities by Location

700 —7 STR4 30 —7 STR4
600
L STR3 20 L STR3
500
L STR2 L STR2
400 10 0, o0, o
g STR1 ; ggjpr°o % :’C%o “ ? STR1
I PR ¢ I
g 300 g o 5 Lo 'ﬁré
-3 -3 * > wod of
200 Mi Mi
£ £ §
S . § %
100f %, -10 o
& GLRC GLRC
(1] 5
™y -20
oo SUP2 sup2
-100
SuP1 -30 SuP1

~20%55500-100 0 100 200 300 400 500 600

Component 1

-40 -30 -20 -10 O 10 20

Component 1

30

40

Fig 2. Visualization of microbial community distributions using PCA (left) and t-SNE (right). Each data point represents a microbial sample,
colored by location. PCA captures variance linearly, while t-SNE reveals non-linear relationships. In the case of t-SNE, distinct dispersal patterns are
observed across locations. STR, MI, GLRC, and SUP correspond to the Mackinaw Straits, Lake Michigan, the Great Lakes Research Center at Michigan
Tech, and Lake Superior, respectively.

https://doi.org/10.1371/journal.pone.0344571.9002
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When dimensionality is reduced to two features, RFR feature importance identifies the original microbial genera that
drive the predictions and maintains performance comparable to PCA and t-SNE while preserving biological interpretability
(Table 2). With additional top-ranked features, the RFR approach can outperform PCA and t-SNE, as discussed later. The
performance outcomes of these analyses are summarized in Figure S1 of the S1 File.

Data augmentation - augmented data neural network (ADNN)

Obtaining experimental samples and determining their bacterial compositions is a time-consuming process. As a result,
sample limitations often occur, significantly restricting the amount of training data available for machine learning models.
This issue is frequently addressed using transfer learning methods, where pre-trained machine learning models transfer
knowledge acquired from other tasks in a source domain to target tasks. However, if the source and target domains are
too dissimilar, the model may fail to generalize effectively, resulting in poor performance on the target task. More broadly,
generative models have emerged as a promising approach for augmenting sparse ecological datasets. For example,
Rafiq et al. discuss the use of generative models to enhance data-limited ecological studies [25].

To address data limitations and develop a more adaptable method for diverse bacterial composition datasets in oil-
contaminated aquatic environments, we implemented a data augmentation network. This network consists of a traditional
feedforward artificial neural network and generates additional training data that closely resemble the original experimen-
tal data. The input features include five sample attributes: encoded locations, incubation time, oil type, temperature, and
month. Temperature represents the incubation conditions in the lab, while the month indicates the time of sample collec-
tion, capturing seasonal variations. The network outputs bacterial compositions processed after dimensionality reduction.

All samples were used to train the ADNN. The architecture (Fig 4) consists of 5 input neurons, 5 hidden layers, and N
output neurons, where N is the number of selected bacterial features. The hidden layers are structured as follows: the first
and fifth hidden layers contain 32 neurons with ReLU activation functions, the second and fourth hidden layers have 64
neurons with ReLU activation functions, and the third hidden layer consists of 128 neurons with Gaussian activation func-
tions. The output layer employs a linear activation function. The model is trained for 3000 epochs with a batch size of 32.
During training, we track the loss function and the training R? value every 100 epochs, saving the model with the highest
training R? value.

To train the augmented data NN to produce synthetic data that closely resembles real data, we use a method known as
noise injection in machine learning [26,27]. We start with 404 collected samples, each containing five features: location,
time, oil type, temperature, and month. Based on these inputs, the network learns to predict the top-selected bacterial
compositions.

To incorporate controlled randomness into the inputs, we calculate the mean and standard deviation (o4, o2, 03, 04, 05)
for each feature. We then generate a random matrix of the same dimensions (404 x 5), where each feature column follows
a normal distribution with mean zero and a standard deviation of 0.01¢;. Adding this random matrix to the original input
data creates 404 synthetic samples. This process is repeated to generate a total of 1,616 synthetic samples. Combined

Table 2. Performance outcomes of PCA and t-SNE, and random-forest feature selection (top-2 features).

Number of Bacteria Features ADNN Training R? | VAE Training R? Oil Prediction Model Oil Prediction Test R?
Training R? (VAE-Generated Stress Test)

PCA components 0.89 0.954 0.995 0.853

(PC1 and PC2)

t-SNE components 0.943 0.980 0.952 0.866

(t-SNE1 and t-SNE2)

Random forest feature selection (top 2) 0.838 0.995 0.995 0.834

https://doi.org/10.1371/journal.pone.0344571.t002
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with the original 404 real samples, the final training set consists of a total of 2020 samples, which will be used to train a
variational autoencoder introduced in the next subsection.

Noise-injected data should not be used for validating datasets to ensure an unbiased and accurate evaluation of model
performance on real-world, unseen data. Introducing noise can distort this assessment by altering the data distribution,
introducing potential biases, and skewing the evaluation metrics, leading to unreliable and non-representative results.
Since the augmented data NN aims to generate data similar to the real samples, achieving a higher training R? value is
critical. Therefore, the entire dataset is used to ensure the generator learns all available information about microbial deg-
radation systems.

Latent-space perturbation analysis using a variational autoencoder (VAE)

In this study, VAE-generated samples are not intended to represent truly out-of-distribution ecological conditions. Instead,
the VAE learns a smooth latent representation of the empirical data distribution (augmented for stability), from which con-
trolled perturbations can be generated. These samples remain within the learned data manifold and are used to probe the
robustness and internal consistency of the predictive model under biologically plausible variations.

VAEs can learn the probabilistic distribution of training data in their latent space by capturing mean values () and stan-
dard deviations (o) [28-30]. By sampling from the learned latent distributions, VAEs generate data similar to the original
but not identical, ensuring variability and diversity in outputs. Compared to GANs, VAEs offer advantages such as requir-
ing less training data and shorter training times and having a simpler architecture.

The VAE architecture (Fig 3) consists of an encoder, a latent space, and a decoder. The encoder outputs y and log-c; a
latent vector z is sampled using z = u + o - £, where € ~ A/(0, /), and the decoder reconstructs the inputs. The loss com-
bines reconstruction mean squared error and Kullback—Leibler divergence and is optimized with Adam for 3000 epochs
with a batch size of 32. Inputs have (5+ N) neurons (location, incubation time, oil type, temperature, month, and the top
N microbial features), followed by three dense layers of 256, 128, and 64 neurons with ReLU activation, a 3-dimensional
latent space, and a sampling layer.

Location = Location

Incubation time —, Incubation time

r I
1 I
1 I
1 I
1 |
1 I
1 . !
1 Oil type = Oil type 1

|
: Temperature = Temperature 1
: Month = Month :
: Bac 8 = Bac 8 :
- Bac33 = Bac 33 :
: |
1 |
- _ .. |

Compression Reconstruction

Fig 3. Architecture of variational autoencoder (VAE) used for data compression and reconstruction. The encoder maps input features (e.g., loca-
tion, oil type, temperature, bacterial counts) into a latent space represented by a mean vector (1) and standard deviation vector (o), which characterizes
the learned distribution. Using the reparameterization trick, a latent vector (z) is sampled and passed to the decoder to reconstruct the original input data
or generate new realistic data points for synthetic stress testing.

https://doi.org/10.1371/journal.pone.0344571.9003
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We monitor the R? value every 100 epochs during the training process and save the best model with the highest R?
value. When well-trained using 2020 samples (404 real samples + 1616 synthetic samples), the VAE models the empiri-
cal training distribution of sample features and bacterial compositions. We then sample 2020 data points from the latent
space to generate synthetic samples for stress testing the oil contamination prediction model. We use VAE-generated
samples as controlled, in-distribution perturbations to probe internal robustness. True generalization to unseen real data is
limited by sample size.

Oil contamination prediction neural network

For predicting oil contamination, we use a neural network with (4 + N) input neurons (location, incubation time, tempera-
ture, month, plus N selected bacterial features), 5 hidden layers, and 1 output neuron for oil type prediction, as shown in
Fig 4. The hidden layers are structured as follows: 32 neurons with ReLU activation functions, 64 neurons with ReLU acti-
vation functions, 128 neurons with ReLU activation functions, 64 neurons with ReLU activation functions, and 32 neurons
with ReLU activation functions combined with batch normalization (BN). The model is trained using the Adam optimizer
with mean squared error as the loss function for 1500 epochs and a batch size of 16.

BN is applied to mitigate overfitting, which is particularly beneficial when training with noisy data and a large dataset.
We also investigated the effect of BN in our previous study [31]. During training, we save the best model with the highest

Real samples:

inputs outputs . Y
Augmented T L Location Time Oil Temperature Month [ Bac8 Bac 33 Oll PredICtlon
ramin 0| 10388067 30  45.11250 23 s o -
Data Neural R2:0 838 1 | 10388067 50 146.26027 23 80| 20 6
tw 402 [ 43826073 60 14626926 28 s 12 0 .
Network o= 403 [ 43826073 70 14626926 23 s 2 0 Location =
Location = (& Incubation time —
Incubation time = — Bac$ Training Temperature =
i = . > Month =
T ol tg'upe —Bac33 Synthetic samples: R2=0.93 Buo g
emperatur¢ = P L * ac =
P synthetic inputs prediction
Month = Location Time Oil Temperature  Month Bac8  Bac33 Bac 33 =
404 [10.303895 20934915 45.671918  23.048753 50.085605 | AVBSE72  0.064533
O 405 (10520317 49.919838 146138351  22.996460 79.886203 |12.950366 2.951096
|—> 2018 [42825464 50.007067 146414183 23014193 5015984 | 1224813 -0.002152 |

2019 |42.756449 69.944996 146.010633 22.959410 49.923268 | 4.004506 1.097944

Stress-testing

R2=0.995 )
—= R*=0.80
Training
Location = = Location . .
Incubation time o, S VAE-generated synthetic stress testing samples:
Oiltype = = 0il type Location Time 0Qil Temperature Month Bac8 Bac 33
- 0 10491271 30269377 44102619  23.046944 79.920738 4170290 0295545
Temperature = (4 = Temperature 1 11.310206 50.042080 146182190  23.009071 79.681190 12.848853 3.063064
Month = = Month
Bac 8 = = Bac8 2018 43799278 61.848022 145641876  22.886572 48925331 11.871796 1.385933
Bac 33 = = Bacd3 2019 43511238 70.214676 145875931  23.018705 49251568 3.591121 1991162

Variational
Autoencoder
Fig 4. Machine learning framework for modeling microbial communities and predicting oil contamination. The RFR reduces the complexity of
the 503-dimensional bacterial count data by identifying key bacterial features. The augmented data neural network is employed to create synthetic data

to supplement real samples. The VAE learns the empirical feature distribution and produces additional synthetic samples for stress testing. The oil con-
tamination prediction model achieves high accuracy when trained on both real and synthetic data, enhancing the robustness and reliability of predictions.

https://doi.org/10.1371/journal.pone.0344571.9g004
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R? value at each epoch. Since our augmented training set consists of 2020 samples (a combination of real data and
synthetic data generated by the augmented data NN), BN helps improve the model’s performance by addressing noise
and ensuring robust learning. By using BN, we achieve better performance and prevent overfitting, enhancing the neural
network’s ability to accurately predict oil contamination based on the provided input features.

Synthetic stress tests and data usage

To maintain separation between training and stress-testing datasets, the predictive neural network was trained using
augmented data produced by the Augmented Data Neural Network (ADNN), while the stress-testing samples were inde-
pendently generated from the latent space of the Variational Autoencoder (VAE). The VAE was trained on the augmented
dataset to capture the underlying community distribution. In this design, VAE-generated samples serve as synthetic
stress-testing data, which is biologically realistic but not directly reused from the training process.

Model performance is summarized by R? on real samples from the study cohort. Given the limited cohort, we priori-
tized model parsimony and training regularization. We used batch normalization and stochastic noise injection to mitigate
overfitting during training. Performance summaries reflect internal fits and are presented as preliminary indicators rather
than definitive out-of-sample accuracy. ADNN-generated synthetic samples were used to expand the training set, while
VAE-generated samples served as synthetic stress tests for assessing internal consistency of the neural network pipeline,
not as independent validation data.

Limitations

The small sample size limits the reliability of performance estimates and prevents strong claims about generalizability.
Generated samples cannot establish independent validation and may not capture the full range of biological variability.
Findings should be viewed as a feasibility demonstration that requires confirmation on larger independent cohorts with
formal validation procedures. Reported R? values are internal estimates. Because both ADNN and VAE are trained

on the same limited cohort, evaluation on VAE-generated samples may lead to optimistic performance estimates;
therefore, these results are interpreted strictly as internal robustness analyses rather than independent measures of
generalization.

Sampling was restricted to the Great Lakes region during a limited seasonal window. Community composition and
physicochemical drivers vary across watersheds; therefore, models trained here may capture region-specific signals.
The associations reported should be viewed as hypotheses requiring external validation across independent regions and
seasons.

ADNN augmentation (noise-injection method) was applied to the training set only to generate synthetic training
samples. No augmentation was performed on the test set. The oil prediction NN was trained using the augmented
training data. The same model architecture and hyperparameter configuration described above were applied with-
out additional tuning for the hold-out experiment. Model performance was evaluated on the untouched held-out test
set using R2.

Results and discussion
Autoencoder

We utilized autoencoders to convert oil type into numerical values and to encode latitude and longitude into single numer-
ical values. The R? value for the oil type encoding and decoding process is 1, demonstrating that the oil type can be
encoded and decoded with perfect precision. Similarly, the location can be decoded back to latitude and longitude. The
training R? value for the location autoencoder is 0.989, indicating that latitude and longitude can be encoded and decoded
with very high accuracy.
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After the neural network models make predictions, a decoder translates the encoded oil type back into binary digits,
which can then be translated into textual information. This information indicates whether the sample is oil-contaminated
and, if so, whether it is contaminated by crude oil or refined oil. In this decoding process, (0,0) represents no oil in the
sample, (0,1) represents contamination by crude oil, and (1,0) represents contamination by refined oil.

Dimensionality reduction using random forest

As discussed in the previous section, PCA and t-SNE are not well-suited for this study due to limitations in interpretability.
PCA performs a linear transformation to reduce dimensionality, producing principal components (e.g., PC1 and PC2) that
represent linear combinations of the original variables. However, these principal components lack direct interpretability

in a biological context, as they do not correspond to specific microbial compositions in the real world. Similarly, -SNE, a
stochastic and nonlinear dimensionality reduction method, presents two major limitations: (1) it is not reversible, meaning
the original microbial information cannot be reconstructed, and (2) its output lacks biological interpretability, making it chal-
lenging to translate prediction results into meaningful microbiological insights.

Although alternative dimensionality reduction approaches occasionally yield higher test R? values, RFR was preferred
due to its biological interpretability, stability across feature counts, and direct mapping to microbial taxa. This enables
mechanistic interpretation and hypothesis generation, which are central goals of environmental microbiome studies. The
random forest model was trained using 503 bacterial composition features as input and the encoded oil type as output.
The model achieved a training R? value of 0.904 across 404 samples (see code snippet in Supplemental Information).

Fig 5 shows the ranked features that contribute most to predicting oil type. Unlike PCA or t-SNE, the random forest
provides feature importance scores that directly identify the most significant bacterial genera for prediction. Using predic-
tions from the trained RFR model, we found that selecting the top 3—10 features resulted in only a minimal reduction in

Top 10 Bacteria Genera by Feature Importance

Sandarakinorhabdus | BaC 8
Parablastomonas| BaC 33
Caulobacter|
Polynucleobacter
Limnohabitans |

Candidatus Methylopumilus |

Bacteria Genus

Aquabacterium}
Pseudomonas|
Brevundimonas}

Dechloromonas |

0.00 0.02 0.04 0.06 0.08 0.10
Feature Importance

Fig 5. Horizontal bar plot of normalized feature importance scores from the RFR. The bars indicate the contribution of each genus to predicting oil
types.

https://doi.org/10.1371/journal.pone.0344571.9005
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prediction accuracy compared to using all 503 features. This suggests that the top-ranked features effectively capture the
key characteristics of the full 503-dimensional bacterial composition data. The random forest approach offers interpretable
results and identifies strong microbial indicators of oil contamination, providing meaningful biological insights. In this con-
text, random forest outperformed PCA and t-SNE in dimensionality reduction. We therefore suggest feature importance as
a dimensionality reduction method for microbial 16S rRNA taxonomic analysis.

Prediction performance

Fig 6 presents the training results for different types of taxonomic compositions and compares the performance of various
feature selection methods within a machine learning framework for oil prediction. Notably, using only the top two features
yielded prediction accuracy comparable to that achieved with PCA-transformed data, demonstrating the efficiency of

the feature selection approach. As the number of selected features increases, the training R? of the oil prediction model
improves, reflecting the incorporation of more relevant information.

However, the training R? of the ADNN may decline when attempting to predict high-dimensional outputs from a limited
set of input features, a task that poses significant challenges for neural networks. Importantly, the training R? of the ADNN
also serves as an indicator of synthetic sample quality: higher R? values suggest that the synthetic data closely resemble
real microbial community compositions, indicating higher fidelity. Improved sample quality enhances the VAE’s ability to
learn meaningful distributions, thereby increasing the realism of VAE-generated samples and ultimately improving predic-
tive performance in the oil prediction model.

There is a trade-off in selecting the number of community composition features. In this study, we observe that the train-
ing R? values of both the ADNN and the VAE remain stable initially as the number of top features increases, but begin to
decline when more features are included. This suggests that the ADNN struggles to accurately predict microbial commu-
nity compositions from the five known environmental factors as the dimensionality increases.

Model Performance vs. Number of Features

1.00

—e— ADNN Training R?
—a— VAE Training R?

Q75 Qil Prediction NN Training R2
—&— Qil Prediction NN Stress R?
0.70 Optimal Performance Range

PCl & PC2Top2 Top3 Top4 Top5 Top6 Top 10 Top 20 Top 25
Number of Features

Fig 6. Comparison of R? values across different feature sets. The augmented data NN (ADNN), VAE, and oil prediction model achieve optimal per-
formance within the top 3 to top 10 feature range, exhibiting outstanding R? values exceeding 0.95 for both oil prediction and VAE.

https://doi.org/10.1371/journal.pone.0344571.9006
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Note that the oil prediction model performs best when using the top 3—10 features, yielding R? values above 0.95 for
both training and stress-testing datasets, suggesting strong predictive performance. Additionally, given a sample’s loca-
tion, incubation time, temperature, month of collection, and five community composition features, oil contamination can be
effectively estimated using both synthetic data from the ADNN and stress-testing data generated by the VAE. However,
when the number of top features increases to 30, the ADNN shows a marked decline in predictive performance, indicat-
ing the limitations of modeling high-dimensional outputs with limited input features. Further details on model performance
across different feature sets are provided in Table S1 of the S1 File.

Additionally, when our ADNN fails to effectively model real data (e.g., training R#<0.75), the synthetic data it gener-
ates become less reliable. This issue is particularly evident when analyzing datasets with many microbial features, where
complexity surpasses the learning capacity of the ADNN. As a result, the VAE trained on this less reliable augmented data
produces unrealistic stress-testing samples, negatively impacting subsequent analyses.

In a well-generalized model, the training R? is typically equal to or slightly higher than the stress-testing R2. A
large discrepancy, with high training and low stress-testing R?, indicates overfitting, while low values for both sug-
gest underfitting. As shown in Fig 7, this training versus stress testing comparison indicates robust performance
within the optimal range from top 3 to top 10 features, while overfitting is apparent outside this range. To address
this issue, we applied batch normalization (BN) [31,32], a technique that reduces internal covariate shift by nor-
malizing layer inputs across each mini-batch. This normalization improves gradient flow, enabling faster and more
stable training.

Overall, BN enhances stress-testing performance by reducing overfitting and stabilizing learning, particularly for high-
dimensional datasets involving 10 or more features. These findings underscore the combined importance of BN and effec-
tive feature selection in improving the accuracy and generalizability of oil contamination prediction models.

R2 Values With and Without Batch Normalization

0.80¢f
—e— Training R? (Without BN)
—e— Stress R? (Without BN)
b Training R? (With BN)
—e— Stress R? (With BN)
0.701 Good Fitting Range

PClL & PC2Top 2 Top3 Top4d Top5 Top6 Top 10 Top 20 Top 25
Number of Features

Fig 7. Comparison of training and stress-testing R? values for the oil-type prediction model with and without batch normalization (BN) across
different feature sets.

https://doi.org/10.1371/journal.pone.0344571.9007
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Held-out evaluation and interpretation

To assess generalization to unseen real bottles, we performed a bottle-level hold-out evaluation. The dataset comprises
172 bottles (independent physical microcosms). We conducted 22 repeated random splits at an 80/20 bottle ratio, holding
out approximately 34—35 bottles per split. The held-out test set contained about 83 real samples on average.

Under this protocol, the oil prediction neural network achieved high training performance in the hold-out experiment
(training R2=0.9988), whereas performance on held-out bottles was lower and variable. Across the 22 splits, the mean
test R? was —0.150 (standard deviation 0.237; range —0.551 to 0.202). These results indicate that generalization to unseen
bottles within this dataset is limited.

This pattern is consistent with the challenges of learning predictive relationships from a relatively small dataset (n=404
samples distributed across 172 bottles) with substantial between-bottle variability. In this evaluation, ADNN augmentation via
noise injection was applied to the training set only, and the held-out test set was not used in augmentation or model fitting. VAE-
generated samples were not used for model evaluation; instead, the VAE component is used only for controlled perturbation
analysis within the learned data manifold and should not be interpreted as independent validation or out-of-distribution testing.

Conclusions

In this study, we developed a compact machine learning framework to predict oil contamination from limited experimental
samples on microbial compositions in aqueous environments. Feature importance analysis using random forest efficiently
reduced the complexity of the original 503-dimensional bacterial composition data, yielding more interpretable and trac-
table models. The high predictive accuracy achieved with only the top 3—10 community composition features suggests
that these features capture the key taxa associated with responding to oil contamination. In particular, the random forest
feature importance ranking (Fig 5) provides a ranked shortlist of candidate indicator genera that can guide mechanistic
interpretation and targeted experimental validation in future studies.

The augmented data neural network (ADNN), combined with noise injection, generated synthetic data closely resem-
bling real samples, thereby expanding the experimental dataset. This augmented data, along with the original samples,
were used to train a neural network for oil-type prediction, achieving training accuracy of up to 99%. The optimal number
of bacterial features was determined by evaluating the deviation between training and stress-testing accuracy, where the
stress-testing data were generated from a variational autoencoder (VAE) trained on both synthetic and experimental data
distributions. These VAE generated samples are used only for synthetic stress testing as controlled, in distribution pertur-
bations and should not be interpreted as independent validation. Additionally, feature importance selection using random
forest-based importance scores, combined with noise injection-based data augmentation, significantly reduced overfitting
and improved predictive performance in our model.

Finally, we also note that batch normalization reduced overfitting and improved stress-testing performance, particularly
in high-dimensional settings. Overall, this framework is applicable to both low- and high-dimensional data, offering a ver-
satile approach for environmental monitoring and biodegradation applications. In the bottle-level hold-out evaluation, per-
formance on held-out bottles (mean test R2=-0.150 across 22 splits) was lower and variable than training performance,
indicating limited generalization within this cohort. Although the current dataset is limited to samples from the Great Lakes
region, such data constraints are common in environmental microbiology. Performance estimates reflect internal consis-
tency within the sampled region and should be interpreted as region-specific, with generalizability to other regions remain-
ing to be established. Future work should benchmark the full predictive pipeline against established classifiers on larger,
multi-region datasets to quantify relative advantages.

Supporting information

S1 File. Supporting information. Contains supporting figures and tables.
(ZIP)

PLOS One | https://doi.org/10.137 1/journal.pone.0344571 March 19, 2026 14/16



http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0344571.s001

PLO\Sﬁ\\.- One

Acknowledgments

This work was supported by the Henes Center for Quantum Phenomena at Michigan Technological University. We also
greatly appreciate the constructive discussion with Prof. Ravindra Pandey regarding our current study on microbial system
modeling.

Author contributions

Conceptualization: Issei Nakamura.

Data curation: Tong Gao, Isaac Bigcraft, Stephen Techtmann.

Formal analysis: Tong Gao, Isaac Bigcraft.

Funding acquisition: Stephen Techtmann, Issei Nakamura.
Investigation: Stephen Techtmann, Issei Nakamura.

Methodology: Tong Gao, Isaac Bigcraft, Stephen Techtmann, Issei Nakamura.
Project administration: Issei Nakamura.

Resources: Isaac Bigcraft, Stephen Techtmann, Issei Nakamura.
Software: Tong Gao.

Supervision: Stephen Techtmann, Issei Nakamura.

Validation: Tong Gao.

Visualization: Tong Gao, Isaac Bigcraft.

Writing — original draft: Tong Gao, Isaac Bigcraft, Stephen Techtmann.
Writing — review & editing: Tong Gao, Issei Nakamura.

References
Atlas RM, Hazen TC. Oil biodegradation and bioremediation: a tale of the two worst spills in US history. 2011, ACS Publications.

2. Sgrhus E, Edvardsen RB, Karlsen &, Nordtug T, van der Meeren T, Thorsen A, et al. Unexpected interaction with dispersed crude oil drop-
lets drives severe toxicity in Atlantic haddock embryos. PLoS One. 2015;10(4):e0124376. https://doi.org/10.1371/journal.pone.0124376 PMID:
25923774

3. King GM, Kostka JE, Hazen TC, Sobecky PA. Microbial responses to the Deepwater Horizon oil spill: From coastal wetlands to the deep sea. Ann
Rev Mar Sci. 2015;7:377—401. https://doi.org/10.1146/annurev-marine-010814-015543 PMID: 25251273

4. Redmond MC, Valentine DL. Natural gas and temperature structured a microbial community response to the Deepwater Horizon oil spill. Proc Natl
Acad Sci U S A. 2012;109(50):20292—7. https://doi.org/10.1073/pnas.1108756108 PMID: 21969552

5. Kostka JE, Prakash O, Overholt WA, Green SJ, Freyer G, Canion A, et al. Hydrocarbon-degrading bacteria and the bacterial community response
in gulf of Mexico beach sands impacted by the deepwater horizon oil spill. Appl Environ Microbiol. 2011;77(22):7962—74. https://doi.org/10.1128/
AEM.05402-11 PMID: 21948834

6. Neethu CS, Saravanakumar C, Purvaja R, Robin RS, Ramesh R. OQil-Spill Triggered Shift in Indigenous Microbial Structure and Functional Dynam-
ics in Different Marine Environmental Matrices. Sci Rep. 2019;9(1):1354. https://doi.org/10.1038/s41598-018-37903-x PMID: 30718727

7. Sunagawa S, Coelho LP, Chaffron S, Kultima JR, Labadie K, Salazar G, et al. Ocean plankton. Structure and function of the global ocean microbi-
ome. Science. 2015;348(6237):1261359. https://doi.org/10.1126/science.1261359 PMID: 25999513

8. Knights D, Costello EK, Knight R. Supervised classification of human microbiota. FEMS Microbiol Rev. 2011;35(2):343-59. https://doi.org/10.1111/
j.1574-6976.2010.00251.x PMID: 21039646

9. QuK, GuoF, Liu X, Lin'Y, Zou Q. Application of machine learning in microbiology. Front Microbiol. 2019;10:827. https://doi.org/10.3389/
fmicb.2019.00827 PMID: 31057526

10. Hernandez Medina R, Kutuzova S, Nielsen KN, Johansen J, Hansen LH, Nielsen M, et al. Machine learning and deep learning applications in
microbiome research. ISME Commun. 2022;2(1):98. https://doi.org/10.1038/s43705-022-00182-9 PMID: 37938690

11.  Ghannam RB, Techtmann SM. Machine learning applications in microbial ecology, human microbiome studies, and environmental monitoring.
Comput Struct Biotechnol J. 2021;19:1092—107. https://doi.org/10.1016/j.csbj.2021.01.028 PMID: 33680353

PLOS One | https://doi.org/10.1371/journal.pone.0344571 March 19, 2026 15/16



https://doi.org/10.1371/journal.pone.0124376
http://www.ncbi.nlm.nih.gov/pubmed/25923774
https://doi.org/10.1146/annurev-marine-010814-015543
http://www.ncbi.nlm.nih.gov/pubmed/25251273
https://doi.org/10.1073/pnas.1108756108
http://www.ncbi.nlm.nih.gov/pubmed/21969552
https://doi.org/10.1128/AEM.05402-11
https://doi.org/10.1128/AEM.05402-11
http://www.ncbi.nlm.nih.gov/pubmed/21948834
https://doi.org/10.1038/s41598-018-37903-x
http://www.ncbi.nlm.nih.gov/pubmed/30718727
https://doi.org/10.1126/science.1261359
http://www.ncbi.nlm.nih.gov/pubmed/25999513
https://doi.org/10.1111/j.1574-6976.2010.00251.x
https://doi.org/10.1111/j.1574-6976.2010.00251.x
http://www.ncbi.nlm.nih.gov/pubmed/21039646
https://doi.org/10.3389/fmicb.2019.00827
https://doi.org/10.3389/fmicb.2019.00827
http://www.ncbi.nlm.nih.gov/pubmed/31057526
https://doi.org/10.1038/s43705-022-00182-9
http://www.ncbi.nlm.nih.gov/pubmed/37938690
https://doi.org/10.1016/j.csbj.2021.01.028
http://www.ncbi.nlm.nih.gov/pubmed/33680353

PLO\Sﬁ\\.- One

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,
25.
26.
27.

28.
29.
30.
31.

32.

Thompson J, Johansen R, Dunbar J, Munsky B. Machine learning to predict microbial community functions: An analysis of dissolved organic car-
bon from litter decomposition. PLoS One. 2019;14(7):e0215502. https://doi.org/10.1371/journal.pone.0215502 PMID: 31260460

Frid-Adar M, Diamant |, Klang E, Amitai M, Goldberger J, Greenspan H. GAN-based synthetic medical image augmentation for increased CNN
performance in liver lesion classification. Neurocomputing. 2018;321:321-31. https://doi.org/10.1016/j.neucom.2018.09.013

Sharma D, Lou W, Xu W. phylaGAN: data augmentation through conditional GANs and autoencoders for improving disease prediction accuracy
using microbiome data. Bioinformatics. 2024;40(4):btae161. https://doi.org/10.1093/bicinformatics/btae161 PMID: 38569898

Creswell A, White T, Dumoulin V, Arulkumaran K, Sengupta B, Bharath AA. Generative adversarial networks: An overview. IEEE Signal Process
Mag. 2018;35(1):53—65. https://doi.org/10.1109/msp.2017.2765202

Shtossel O, Isakov H, Turjeman S, Koren O, Louzoun Y. Ordering taxa in image convolution networks improves microbiome-based machine learn-
ing accuracy. Gut Microbes. 2023;15(1):2224474. https://doi.org/10.1080/19490976.2023.2224474 PMID: 37345233

Pasolli E, Truong DT, Malik F, Waldron L, Segata N. Machine learning meta-analysis of large metagenomic datasets: Tools and biological insights.
PLoS Comput Biol. 2016;12(7):e1004977. https://doi.org/10.1371/journal.pcbi.1004977 PMID: 27400279

Svensson V, Gayoso A, Yosef N, Pachter L. Interpretable factor models of single-cell RNA-seq via variational autoencoders. Bioinformatics.
2020;36(11):3418-21. https://doi.org/10.1093/bicinformatics/btaa169 PMID: 32176273

Armstrong G, et al. Applications and comparison of dimensionality reduction methods for microbiome data. Frontiers in Bioinformatics.
2022;2:821861.

Oh M, Zhang L. DeepMicro: deep representation learning for disease prediction based on microbiome data. Sci Rep. 2020;10(1):6026. https://doi.
org/10.1038/s41598-020-63159-5 PMID: 32265477

Topguoglu BD, Lesniak NA, Ruffin MT, Wiens J, Schloss PD. A framework for effective application of machine learning to microbiome-based classi-
fication problems. mBio. 2020;11(3):e00434-20. https://doi.org/10.1128/mBio.00434-20 PMID: 32518182

Byrne ER, Roche KM, Schaerer LG, Techtmann SM. Temporal variation of crude and refined oil biodegradation rates and microbial community
composition in freshwater systems. Journal of Great Lakes Research. 2021;47(5):1376-85. https://doi.org/10.1016/j.jgIr.2021.08.003

Yuan X, Liu S, Feng W, Dauphin G. Feature Importance Ranking of Random Forest-Based End-to-End Learning Algorithm. Remote Sensing.
2023;15(21):5203. https://doi.org/10.3390/rs15215203

Pedregosa F, et al. Scikit-learn: Machine learning in Python. The Journal of Machine Learning Research. 2011;12:2825-30.

Rafig K, et al. Generative Al as a tool to accelerate the field of ecology. Nature Ecology & Evolution. 2025;:1-8.
Sietsma J, Dow RJF. Creating artificial neural networks that generalize. Neural Networks. 1991;4(1):67—79.

Holmstrom L, Koistinen P. Using additive noise in back-propagation training. IEEE Trans Neural Netw. 1992;3(1):24-38. https://doi.
org/10.1109/72.105415 PMID: 18276403

Kingma DP, Welling M. Auto-Encoding Variational Bayes. 2013. https://doi.org/10.48550/arXiv.1312.6114
Girin L, et al., Dynamical variational autoencoders: A comprehensive review. Foundations and Trends® in Machine Learning, 2021;15(1-2):1-175.
Diederik PK, Max W. An Introduction to Variational Autoencoders. 2019.

Gao T, Shock CJ, Stevens MJ, Frischknecht AL, Nakamura |. Surrogate molecular dynamics simulation model for dielectric constants with ensem-
ble neural networks. MRS Communications. 2022;12(5):966—74. https://doi.org/10.1557/s43579-022-00283-5

loffe S, Szegedy C. Batch normalization: Accelerating deep network training by reducing internal covariate shift. International conference on
machine learning, 2015.

PLOS One | https://doi.org/10.1371/journal.pone.0344571 March 19, 2026 16/16



https://doi.org/10.1371/journal.pone.0215502
http://www.ncbi.nlm.nih.gov/pubmed/31260460
https://doi.org/10.1016/j.neucom.2018.09.013
https://doi.org/10.1093/bioinformatics/btae161
http://www.ncbi.nlm.nih.gov/pubmed/38569898
https://doi.org/10.1109/msp.2017.2765202
https://doi.org/10.1080/19490976.2023.2224474
http://www.ncbi.nlm.nih.gov/pubmed/37345233
https://doi.org/10.1371/journal.pcbi.1004977
http://www.ncbi.nlm.nih.gov/pubmed/27400279
https://doi.org/10.1093/bioinformatics/btaa169
http://www.ncbi.nlm.nih.gov/pubmed/32176273
https://doi.org/10.1038/s41598-020-63159-5
https://doi.org/10.1038/s41598-020-63159-5
http://www.ncbi.nlm.nih.gov/pubmed/32265477
https://doi.org/10.1128/mBio.00434-20
http://www.ncbi.nlm.nih.gov/pubmed/32518182
https://doi.org/10.1016/j.jglr.2021.08.003
https://doi.org/10.3390/rs15215203
https://doi.org/10.1109/72.105415
https://doi.org/10.1109/72.105415
http://www.ncbi.nlm.nih.gov/pubmed/18276403
https://doi.org/10.48550/arXiv.1312.6114
https://doi.org/10.1557/s43579-022-00283-5

