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M achine learning (ML) has been extensively employed in
the field of ecotoxicological research, with a notable
application in predicting ecotoxicity. Typically, researchers
employ chemical substance property data, environmental
exposure data, and species information to predict the potential
toxicity of pollutants through specific ML models and
algorithms." However, it is difficult to gather systematic
collected toxicological data as they are costly and time-
consuming to generate, while endless combinations of
pollutant species with exposure media properties can be
made. This leads to unbalanced experimental data, which often
results in data sets with varying quality that are unsuitable for
modeling. In fact, many modeling studies in this field lack a
solid database.” In the process of applying ML for toxicity
prediction, limited data and sparse learnable features are
common challenges. When the available data cannot meet the
requirements for model construction, this situation is termed a
“small data” problem. This issue can be understood from two
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perspectives. First, the sample size fails to meet the minimum
data requirements for ML modeling; for instance, previous
studies suggested such a minimum threshold as 100 samples.””
Second, the sample size fails to satisfy the specific needs of the
modeling task. For example, when the ratio of the number of
samples to the number of features is too low, the model is
prone to overfitting. In such cases, even thousands of samples
may still be considered small data for models with hundreds of
features. In our previous literature review, most studies that
achieve favorable predictions maintain a sample data-to-
features ratio above 20.>° Hence, we suggest that a ratio
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Figure 1. Workflow for the application of SDML methods in ecotoxicology.

below 20 should be considered a sign of a small data scenario.
Such limited data sets not only curtail the predictive
performance of ML models but also diminish the representa-
tiveness and persuasiveness of the models.

Acknowledging the difficulty of the acquisition of reliable
toxicity data, there is an urgent need to develop a specific ML-
based modeling process for small data samples, with the aim of
improving data utilization and improving the predictive
performance of models. A rapid and large-scale prediction of
the ecotoxicity of chemicals and/or nanomaterials is crucial for
reducing the time and cost of risk assessment, as well as
minimizing animal experiments and selecting optimal testing
strategies. This is also considered as a key direction in 21st
century toxicology. Therefore, we believe that small data ML
(SDML) methods are especially valuable when the available
research data set is inadequate for applying conventional ML
models. The outcomes of SDML models can also identify data
gaps and help refine the plan for conducting supplementary
ecotoxicity tests, thereby optimizing the allocation of limited
resources.

In this Viewpoint, we discuss the implementation principles,
modeling processes, and challenges of SDML methods and
elucidate the application of SDML methods in ecotoxicology
for advancing science and technology.

B SMALL DATA ML IMPLEMENTATION

The one-shot learning framework was first proposed by Li et
al.” in 2003, and it is generally accepted that the quality and
quantity of data, as well as the algorithms used for modeling,
are the determining factors for the performance of SDML
models. Therefore, the development of SDML methods in
ecotoxicology applications can be achieved in two ways. One is
to solve the problem of limited toxicity data through increasing
the amount of data as much as possible by data augmentation,
and the other is to solve the problem of possible model
overfitting through choosing the learning strategy and ML
algorithms suitable for the small toxicology data set (and, at
the same time, avoiding overfitting to increase the accuracy of
the prediction model and its generalization ability).

Data Augmentation Methods. The principal tools of
data augmentation for generating new data include the
synthetic minority oversampling technique (SMOTE), Gaus-
sian mixture model (GMM), and other methods based on data
distribution of the original data set. Newly generated virtual
data need to be quality controlled. Quality control of virtual
data is crucial in ensuring that augmented data do not
introduce noise or bias. This quality control can be performed
in two stages. (1) In pre-virtual data generation, rules should
be established to restrict the scope of data augmentation to
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ensure that the distribution of virtual data closely resembles
that of real data (e.g, feature distribution and category
balance) and at the same time adheres to physical laws and the
logic of toxicology, integrating logical constraints into the
model. For instance, the exposure time of pollutants to aquatic
organisms cannot be negative. (2) For post-virtual data
generation, the credibility of the virtual data should be
assessed by pretrained models to detect anomalies in the
generated data. For example, the generated data are considered
valid if the difference between their predicted and actual
outputs is less than 10%." The newly generated data will then
be included in modeling (Figure 1).

For a case study, in our previous work we established a
database of the toxicity of metallic and metal oxide
nanoparticles to multiple species.” We selected 131 toxicity
data points of metallic nanoparticles for Daphnia magna from
the database and expanded this data set by 20-fold using the
SMOTE method. Based on this data set, we employed five ML
models (support vector machine (SVM), random forest (RF),
classification and regression tree (CART), gradient boosting
machine (GBM), and artificial neural network (ANN)) to
predict the toxicity of nanometals to D. magna. The result
showed that the ANN model achieved the best performance
(R* = 0.99; RMSE = 0.50), outperforming the modeling results
for the original data set (R*> = 0.77; RMSE = 0.51).
Additionally, we attempted the same approach using the
GMM method and found that the GBM model yielded the
best fit after augmentation by 20 times (R* = 0.98; RMSE =
0.60), also surpassing the modeling results of the original data
set.

Selection of Learning Strategies. Learning strategies
suitable for small data scenarios are specifically meta-learning
and multi-task learning. Meta-learning is used to design a
cross-task optimization strategy that can quickly converge to
the best model parameters. Meta-learning can extract
toxicological data features from the data and select better
parameters or models by learning how to learn from multiple
related tasks. Effectively, only a small amount of data are used
to quickly train a reliable model and ensure the accuracy.
Multi-task learning can learn from multiple related tasks while
exploiting the shared information between tasks to improve
prediction performance. An example of how to execute these
learning strategies can be found in ref 10. Schlender et al.
executed different meta-learning techniques and showed that a
multi-task RF model performed optimally with scarce data and
was able to accurately predict toxicity for multiple aquatic
species.

B MODELING PROCESS FOR SMALL DATA ML

Based on the above discussion and characteristics of
toxicological data, we propose a modeling workflow for the
application of SDML methods in ecotoxicology at the data and
model levels (Figure 1):

e Step 1. Data collection and analysis

Acquire quality ecotoxicological data, physicochemical
properties of chemical and/nanomaterial substances, and
species information through toxicity experiments, online
databases, and pertinent literature and preprocess the
data by the Findability, Accessibility, Interoperability,
and Reuse (FAIR) Principles or the Klimisch system to
scoring methodologies for data quality.""

o Step 2. Choosing the right data augmentation method or
learning strategies

Choose the most suited ML methods for small data
sets based on the research objectives (classification or
regression). In the case of performing regression tasks,
utilizing SMOTE and GMM to generate virtual data is
recommended, followed by filtering based on established
data selection principles. For classification problems,
strategies emphasizing enhanced learning capabilities
across multiple tasks, such as meta-learning and multi-
task learning, are advised methods to optimize
parameters.

e Step 3. ML algorithms selection and modeling

Select ML modeling algorithms that are more suitable
for small data samples and can quickly capture data
characteristics, such as SVM, RF, GBM, decision trees,
and extreme gradient boosting (XGBoost).

e Step 4. Model performance evaluation and interpret-
ability

Model performance and credibility are recommended
to be tested using internal and external validation
methods, and the use of the mean square error (MSE)
increase, SHapley Additive exPlanation (SHAP), partial
dependence plot (PDP), and local interpretable model-
agnostic explanation (LIME) ensures that the model is
satisfactorily interpretable.

This workflow has the potential for the prediction of
ecotoxicity of the infinite combinations of chemicals/
nanomaterials and species as in vivo testing is tedious
and virtually undoable.

B CHALLENGES FOR SMALL DATA ML

Facing the dilemma of data scarcity in ecotoxicology, the use of
SDML methods can solve problems of severe performance
degradation of traditional ML methods when scattered scarce
data are available.

As any method is experimental or computational, SDML
models also have precautions in their use. The following
aspects should be acknowledged:

(1) SDML models are more sensitive to anomalous data
(which is more common in toxicological trials), and one
must thus be more judicious in data processing when
toxicological data are collected in databases or from the
literature.

(2) When the task is highly variable or the distribution of the
data is changed, SDML models often have difficulty in
learning and predicting effectively across different
domains. SDML methods are therefore more suitable
for prediction tasks with a single goal and low
complexity.

(3) SDML methods pose significant challenges in terms of
scalability for large-scale applications due to their high
model complexity and computational costs. Just as in
case of the ECOlogical Structure—Activity Relationship
(ECOSAR) predictive model of the U.S. Environmental
Protection Agency, the result generated from SDML
models should be primarily used for screening-level
assessments of ecological risk due to the insufficiency of
quality experimental data, while professional judgment is
required to determine the appropriateness and applic-
ability of the predictions from the SDML models.
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Computer scientists recognize the problems of SDML
methods and are currently working on improved strategies.
First, the toxicological data collection and screening stages
must be performed with extreme precision to ensure a model’s
accuracy and minimize the influence of outliers, such as
eliminating attributes that cannot represent the sample
distribution, performing multiple preprocessing steps, and
selecting features. Second, integrating methods for general-
ization can be performed to enable the models to quickly adapt
to new tasks.'”'® These methods include transfer learning,
ensemble learning, and imbalanced learning. Third, data
sharing, multimodal methods, and combining multiple
algorithms and models should be encouraged to enhance
model scalability."*'> We believe that the future addition of
advanced frameworks such as active learning and reinforce-
ment learning will break through the limitations of SDML
methods and provide new perspectives on the application of
generative artificial intelligence (AI) to advance ecotoxico-
logical research.
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