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ABSTRACT

The intricate relationship between species and their ecosystems has been a focal point of ecological research for
decades. With the advent of big data and artificial intelligence, we are now able to explore this relationship with
unprecedented depth and precision. This review delves into the transformative role of these technologies in ecological
research, emphasizing their potential to enhance our understanding of species-ecosystem linkages.
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Introduction

Ecological research has traditionally relied on field
observations and experimental data, often limited by
geographical scope and temporal scale. However, the
emergence of big data and artificial intelligence (Al) tech-
nologies has revolutionized this field, enabling researchers
to analyze complex ecological phenomena on a global
scale and in real-time.

For last two decades, the realization of Al technology in
real life application has become true. When AlphaGo (Silver
et al., 2016) first came out, people were shocked to watch
how fast Al can catch up human intelligence. ChatGPT
hit human community hard with fears that Al may take
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over human intelligence. However, it is us to design and
execute Al, and therefore we should not fear of it. Under-
standing the nature of Al technology and learning how it
can help us are very important for that reason.

Deep learning and big data are two significant areas
in the field of Al that have seen substantial growth and
development in recent years. Here’s a conceptual back-
ground of how they interact.

Deep learning

Deep learning is a subset of machine learning, which
itself is a subset of Al It involves the use of artificial
neural networks with several layers - these are the ‘deep’
structures that gave deep learning its name. These neural
networks attempt to simulate the behavior of the human
brain—albeit far from matching its ability—in order to
‘learn’ from large amounts of data. While a neural net-
work with a single layer can still make approximate pre-
dictions, additional hidden layers can help optimize the
accuracy.
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Big data

Big data refers to extremely large datasets that can be
analyzed computationally to reveal patterns, trends, and
associations, especially relating to human behavior and
interactions. The key aspects of big data, often referred to
as the 3Vs, are volume (large amounts of data), velocity
(speed at which data is generated and processed), and va-
riety (different types of data, from structured to unstruc-
tured).

Interaction of deep learning and big data in Al

Deep learning algorithms, due to their capacity for high
levels of abstraction, are particularly well-suited to make
use of big data. They can use this wealth of informa-
tion to train themselves and improve their accuracy. The
more data fed to these algorithms, the better they usually
perform. This is where big data comes into play. With the
vast amounts of data available in today’s digital world,
deep learning algorithms can be used to make increas-
ingly accurate predictions.

In essence, deep learning provides the brain that makes
sense of the data, and big data provides the nutritious
food that feeds this brain. Together, they are a powerful
combination in the field of Al, driving many of the most
exciting and promising applications of Al we see in the
world today.

Big Data in Ecological Research

Big data in ecology refers to the vast amounts of data
generated from various sources such as remote sensing,
genomics, citizen science projects, and long-term eco-
logical studies. These data sets provide a holistic view of
ecosystems, capturing the intricate interactions between
species and their environment. They allow researchers to
track changes in biodiversity, monitor species distribu-
tions, and predict the impacts of climate change on eco-
systems. One of the early studies implementing big data
in ecological research is by Varotsos and Krapivin (2017).

There are many ways to get the big data for ecological
research with help from modern technology.

Remote sensing

Satellite imagery: High-resolution images from satellites
like Landsat and Sentinel can provide valuable ecological
information on land cover, vegetation health, and chang-
es in ecosystem structure over time.

Drones: Unmanned airial vehicles equipped with camer-
as or other sensors can capture detailed data over smaller
areas, which can be especially useful for difficult-to-reach
locations.

In-situ monitoring
Sensor networks: Automated sensor networks can col-

lect large datasets on climate variables, soil conditions,
and water quality.

Acoustic monitoring: Automated audio devices can col-
lect big data on animal calls and other sounds, which can
be used to monitor biodiversity.

Citizen science

Crowdsourced observations: Mobile apps like iNatural-
ist allow citizen scientists to upload observations of flora
and fauna, contributing to large datasets.

Online databases: Websites like eBird and BugGuide al-
low users to contribute ornithological and entomological
data, respectively.

Data repositories

Global biodiversity information facility: This open-
access platform provides data on a wide range of biodi-
versity aspects.

National centers for environmental information: Holds
datasets related to climate and environment.

Traditional surveys

Long-term ecological research: Traditional field stud-
ies, when conducted over long periods, can provide large
volumes of data. However, the data might be specific to
certain parameters or regions.

Literature mining: Existing academic literature often
contains data that can be aggregated for meta-analysis.

Collaboration and data sharing

Interdisciplinary collaboration: Working with experts
from fields like computer science or geoinformatics can
help ecologists manage and analyze big data.

Data consortiums: Institutions often share data for mu-
tual benefit.

Computational methods

Web scraping: Collecting publicly available data from
websites and online repositories.

Social media monitoring: Platforms like Twitter can
provide real-time data about human-wildlife interactions,
etc.

It’s crucial to consider the ethics of data collection, es-
pecially when it involves sensitive or endangered species,
or when utilizing citizen science data. Proper permis-
sions and protocols should be followed. By leveraging a
combination of these methods, ecologists can acquire the
large datasets necessary for comprehensive analysis and
impactful research.

Artificial Intelligence in Ecological Research

Al, particularly machine learning, has emerged as a
powerful tool for analyzing big ecological data. Machine
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learning algorithms can identify patterns and make pre-
dictions based on large, complex datasets, a task that
would be nearly impossible for humans. For instance,
Al can be used to predict species distribution based on
environmental variables, identify species from images or
sounds, and model ecosystem dynamics. Some of the
possible applications of Al in ecological research are pre-
sented below.

Data analysis and pattern recognition

Species identification: Machine learning algorithms can
identify species from images, sounds, or other types of
data.

Climate modeling: Al can be used to develop more ac-
curate models for understanding climate change effects
on ecosystems.

Anomaly detection: ldentifying unusual patterns in en-
vironmental data, which could signify a problem such as
an invasive species or disease outbreak.

Data collection and automation

Remote sensing: Al can analyze satellite and drone im-
agery to monitor changes in land use, deforestation, or
coral reef health.

Automated counting: Machine learning models can
automatically count animal populations from camera trap
images or aerial photographs.

Sensor data interpretation: Al can process large volumes
of data from sensor networks, making real-time monitor-
ing of ecosystems more efficient.

Conservation and management

Habitat assessment: Al can help identify critical habitats
that need protection or restoration.

Resource allocation: Optimization algorithms can aid in
efficient allocation of resources for conservation efforts.

Poaching prevention: Al algorithms can predict poach-
ing activities and help in developing effective anti-poach-
ing strategies.

Population dynamics

Predictive modeling: Machine learning can help fore-
cast population sizes and distributions based on various
factors like food availability, climate change, and human
activity.

Animal behavior analysis: Al can help understand intri-
cate animal behaviors through the analysis of movement
data, vocalizations, and social interactions.

Citizen science and engagement

Data validation: Al can help in the quick validation of
data gathered through citizen science initiatives.

Public awareness: Natural language processing (NLP)
can analyze public sentiment and awareness about eco-

logical issues.

Human-wildlife interactions

Conflict mitigation: Al can predict potential human-
wildlife conflicts by analyzing data on animal movements
and human activities.

Disease monitoring: Al can help in tracking the spread
of diseases that could transfer between animals and hu-
mans.

Ecosystem services and economic valuation

Assessment of ecosystem services: Al can evaluate the
economic and social value of ecosystem services, aiding in
conservation planning.

Supply chain analysis: Al can track the sustainability of
products sourced from ecosystems, like timber and fish.

Meta-analysis and literature mining
Systematic review: NLP can help review a large number
of scientific articles to extract meaningful conclusions.

Bioacoustics

Sound classification: Al can analyze ecological audio
recordings to classify sounds, identify species, and assess
biodiversity.

Simulation and virtual reality

Ecological simulations: Al can be used to simulate vari-
ous ecological scenarios, which can help in understanding
complex dynamics and interactions.

These are just examples, and as technology continues
to evolve, the range of applications is likely to expand,
offering even more ways to leverage Al in ecological re-
search.

Linking Species with the Ecosystem

The combination of big data and Al has significantly
enhanced our ability to understand the linkages between
species and ecosystems. For example, researchers can now
model how changes in an individual species might affect
the entire ecosystem, or how changes in the ecosystem
might affect individual species. This has important impli-
cations for conservation, as it allows us to identify species
that are particularly important for ecosystem function,
and to predict how ecosystems might respond to the loss
of these species.

Norouzzadeh et al. (2018) showed the application of
Al in acquiring the ecological data from camera-trap im-
ages with deep learning. Buckland et al. (2023) showed
the possibility in using modern technology to estimate
population dynamics. There are rapidly increasing number
of articles emerging from ecology sector that utilize these
new scientific advances.
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Some ecology journals are oriented in this direction.
The most well-known ecology journals of this subject are
given below.

Ecological modelling

Publisher: Elsevier.

Scope: This journal is focused on the use of compu-
tational methods and models to understand ecological
systems. 1t covers a wide range of ecological topics, from
population dynamics to ecosystem studies. The journal
aims to promote the development and use of mathemati-
cal models and computational techniques in ecological
research.

Audience: Ecologists, environmental scientists, math-
ematical modelers, and computational scientists.

Noteworthy: Given its broad scope, “Ecological Model-
ling” has been a leading journal in the field of ecological
modeling for several decades.

Methods in ecology and evolution

Publisher: British Ecological Society.

Scope: This journal aims to promote the development
of new methods in ecology and evolution and facilitate
their dissemination across the scientific community. 1t is
focused on methodological papers that introduce new
ways to collect, model, and analyze ecological and evolu-
tionary data.

Audience: Researchers in ecology, evolution, and related
disciplines interested in methodological advancements.

Noteworthy: 1t often features articles that apply ad-
vanced computational techniques, such as machine learn-
ing and Al, to ecological and evolutionary questions.

Computational ecology and software

Publisher: International Academy of Ecology and Envi-
ronmental Sciences.

Scope: This open-access journal focuses on software,
models, and computational methods specifically designed
for ecological research. It serves as a platform for ecolo-
gists to share software tools and computational methods
to advance the field.

Audience: Ecologists, computational biologists, and
software developers interested in ecological applications.

Noteworthy: Being open-access, this journal makes its
articles freely available, allowing for wider dissemination
of computational methods and tools in ecology.

These journals would be beneficial resources for some-
one interested in the intersection of computational meth-
ods and ecology. Given your background in ecology, you
may find articles in these journals that are closely aligned
with your field of expertise.

Challenges and Future Directions

Despite the significant advances brought about by big
data and Al, there are still many challenges to be ad-
dressed. These include issues related to data quality and
accessibility, the interpretability of Al models, and the
need for interdisciplinary collaboration.

Applying Al in ecological research presents numerous
challenges, from data collection and quality issues to
ethical and interpretability concerns. However, solutions
do exist for overcoming these obstacles. Here are some
challenges and ways to address them.

Data availability and quality

Issue: Lack of high-quality, labeled data for training
machine learning models.

Solution: Leverage citizen science, collaborations, and
existing datasets to enhance the availability of high-qual-
ity data. Data augmentation techniques can also be used.

Computational resources

Issue: Al, particularly deep learning models, often re-
quire significant computational power.

Solution: Utilize cloud computing services, or collabo-
rate with departments or organizations that have the nec-
essary computational resources.

Interpretability and transparency

Issue: Many advanced Al algorithms, like neural net-
works, are often seen as “black boxes,” making it difficult
to interpret their decisions.

Solution: Use explainable Al techniques or simpler
models where interpretability is crucial for scientific valid-

ity.

Ethical considerations

Issue: Ethical dilemmas around data privacy, especially
in citizen science initiatives, and the use of Al in conser-
vation policing.

Solution: Develop ethical guidelines and obtain in-
formed consent when collecting data. Ensure that Al ap-
plications comply with legal regulations.

Domain expertise
Issue: The interdisciplinary nature of applying Al in
ecology means that expertise is needed in both domains.
Solution: Foster interdisciplinary teams comprising
ecologists, data scientists, and Al experts to better formu-
late research questions and solutions.

Scalability

Issue: Models trained on specific datasets may not gen-
eralize well to other ecosystems or species.

Solution: Use transfer learning or domain adaptation
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techniques to make models more adaptable to different
but related problems.

Bias and fairness

Issue: Data and model biases can lead to unfair or inac-
curate ecological predictions or assessments.

Solution: Use techniques to identify and mitigate biases
in both the training data and the model itself.

Cost and time

Issue: Data collection, labeling, and analysis using Al
can be expensive and time-consuming.

Solution: Apply for grants and partnerships that can
provide both financial and logistical support.

Data integration

Issue: Ecological research often involves diverse data
types (e.g., audio, image, numerical), making it challeng-
ing to integrate them into a unified Al model.

Solution: Use multimodal machine learning techniques
designed to handle multiple types of input data.

Real-world applicability
Issue: There might be a gap between what a model pre-
dicts in a controlled setting and its efficacy in the field.
Solution: Validate models using independent datasets
and in real-world settings to ensure their robustness and
applicability.

Overcoming challenges

Collaboration: Work with interdisciplinary teams to
bring expertise from various domains.

Education: Train ecologists in basic Al and data science
skills, and vice versa.

Community involvement: Engage the community for
citizen science efforts to aid in data collection and valida-
tion.

Regular updates: Keep abreast of the latest technolo-
gies and methodologies in Al and ecology.

By proactively addressing these challenges and continu-
ally refining methodologies and models, researchers can
more effectively harness the power of Al in ecological re-
search.

The application of Al in ecological research is still an
evolving field, and several future directions can be fore-
seen, including but not limited to.

Advanced data analytics

Real-time analysis: As sensor and internet of things
technologies improve, real-time analysis of ecosystems us-
ing Al will become more feasible.

Multimodal data integration: Future research is likely to
focus on developing Al algorithms capable of integrating
multiple types of data (e.g., audio, visual, genetic) to of-

fer a more comprehensive analysis.

Improved models and algorithms

Explainable Al: Given the need for interpretability in
scientific research, developing Al models that are both
powerful and explainable will be crucial.

Uncertainty quantification: Al models that can estimate
the uncertainty of their predictions will be increasingly
important, especially for decision-making in conservation
and management.

Enhanced monitoring and conservation

Automated monitoring: Al-powered drones and auto-
mated traps and sensors could revolutionize how species
and habitats are monitored.

Predictive policing: Al could help in predicting illegal
activities like poaching, thereby optimizing patrol routes
for rangers.

Citizen science and public engagement

Crowdsourcing and validation: Al can assist in auto-
matically validating the large amounts of data generated
through citizen science projects.

Public awareness: Al-powered chatbots or platforms
could educate the public and engage them in ecological
issues and data collection.

Interdisciplinary collaboration

Integrated platforms: Development of comprehensive
platforms that can analyze, interpret, and visualize eco-
logical data, thereby enabling better collaboration be-
tween ecologists, data scientists, and policymakers.

Curriculum development: Incorporating Al into ecologi-
cal research training to generate a workforce proficient in
both fields.

Ethical and policy considerations

Ethical Al: Given that conservation decisions can have
significant social and ethical implications, the ethical di-
mensions of using Al in ecology will likely receive more
attention.

Policy and regulation: As Al plays a more significant
role in ecological research, policies may be developed to
guide its ethical and effective use.

Climate change and sustainability

Climate modeling: Al can help create more accurate
and dynamic models to predict how climate change will
impact biodiversity and ecosystems.

Sustainable practices: Al could help in monitoring and
enforcing sustainable fishing, logging, and other practices
that impact ecosystems.
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Personalized approaches

Local ecosystem modeling: Al algorithms tailored to
specific local conditions could become more common,
allowing for more accurate ecological assessments on a
smaller scale.

Global collaborations

Global ecosystem monitoring network: Al could facili-
tate the development of a global network for ecosystem
monitoring, bringing in data from around the world for
real-time analysis and insights, such as the International
Long-Term Ecological Research.

The field is ripe for innovations that can significantly
accelerate the pace of research and the effectiveness of
conservation efforts. However, the future will also require
addressing various challenges, from data quality to ethi-
cal considerations, to fully leverage the potential of Al in
ecological research.

Conclusion

The integration of big data and Al in ecological research
has opened up new avenues for understanding the com-
plex relationships between species and their ecosystems.
As these technologies continue to evolve, they promise to
provide even deeper insights into these relationships, ulti-

mately enhancing our ability to conserve and manage our
planet’s biodiversity.
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