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Synopsis  In the era of big data, ecological research is experiencing a transformative shift, yet big-data advancements in ther-
mal ecology and the study of animal responses to climate conditions remain limited. This review discusses how big data ana-
lytics and artificial intelligence (AI) can significantly enhance our understanding of microclimates and animal behaviors under
changing climatic conditions. We explore AI’s potential to refine microclimate models and analyze data from advanced sensors
and camera technologies, which capture detailed, high-resolution information. This integration can allow researchers to dissect
complex ecological and physiological processes with unprecedented precision. We describe how AI can enhance microclimate
modeling through improved bias correction and downscaling techniques, providing more accurate estimates of the conditions
that animals face under various climate scenarios. Additionally, we explore AT’s capabilities in tracking animal responses to
these conditions, particularly through innovative classification models that utilize sensors such as accelerometers and acoustic
loggers. For example, the widespread usage of camera traps can benefit from Al-driven image classification models to accurately
identify thermoregulatory responses, such as shade usage and panting. Al is therefore instrumental in monitoring how animals
interact with their environments, offering vital insights into their adaptive behaviors. Finally, we discuss how these advanced
data-driven approaches can inform and enhance conservation strategies. In particular, detailed mapping of microhabitats es-
sential for species survival under adverse conditions can guide the design of climate-resilient conservation and restoration
programs that prioritize habitat features crucial for biodiversity resilience. In conclusion, the convergence of Al, big data, and
ecological science heralds a new era of precision conservation, essential for addressing the global environmental challenges of
the 21st century.

Background cluding natural observations (McCain and King 2014),

Over the last few decades, climate change has emerged
as one of the most significant threats to ecological sys-
tems (Shukla et al. 2019). As animals depend on spe-
cific climatic conditions, climate change introduces new
challenges that may force species to adapt or face ex-
tinction (Thomas et al. 2004). Numerous studies have
already demonstrated that climate change has caused
shifts in animal behaviors, phenology, and distribu-
tion (Visser and Both 2005). To understand these re-
sponses and predict future impacts on other species,
it is essential to deepen our understanding of how cli-
matic conditions affect animals (Angilletta 2009). Re-
searchers have developed various study designs, in-
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controlled and semi-controlled experiments (Telemeco
et al. 2017; Mamantov and Sheldon 2021), and
both statistical (Thomas et al. 2017) and mechanistic
models (Porter etal. 1973), aimed at understanding how
animals perform under natural or optimal conditions
and how climate change might alter this performance.
With rising concerns for many species, ecologists and
decision-makers recognize the need to improve the de-
tection of species at risk and develop better methods to
understand the ecological and physiological factors that
may put them at risk.

The era of big data presents promising ways for ad-
vancing novel approaches to data collection and analy-
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sis, which can yield fresh insights for addressing these
challenges (Hilbert 2016; Farley et al. 2018; McCleery
et al. 2023). Ecology and conservation biology are cur-
rently undergoing a profound transformation, marked
by an astronomical increase in the volume and va-
riety of data being generated across many ecological
systems (Lewis et al. 2018; Nathan et al. 2022). From
high-resolution satellite imagery (Feidas et al. 2004;
Alshahrani et al. 2021) to automated wildlife cameras
capturing thousands of photos (Beery et al. 2019; Wearn
and Glover-Kapfer 2019; Palencia et al. 2022), and from
sensor networks recording microclimatic conditions
(Zellweger et al. 2019; Miihlbauer et al. 2023) to social
media platforms gathering citizen science observations
(Nugent 2018), this deluge of digital information pro-
vides an unprecedented window into the natural world,
offering numerous opportunities to develop better bio-
logical insights at unprecedented scales and resolutions.

The shift from traditional human-labor observations
to big-data research carries significant implications. Re-
searchers now have the tools to monitor ecosystem
changes in real-time (White et al. 2002; Comiso et al.
2003; Abrahms et al. 2021; Ellis-Soto et al. 2023), track
species movements across vast areas (Marcinek et al.
2001; Franklin et al. 2009; Wang et al. 2019), and an-
alyze environmental patterns of climate change (Zhao
et al. 2023). However, the large volume and complex-
ity of these data also pose significant challenges. Tra-
ditional methods of data analysis, often manual and
time-consuming, are ill-equipped to handle the scale
and intricacy of big data (Gupta et al. 2018). The risk
is that valuable insights remain buried within this digi-
tal avalanche, inaccessible to scientists and policymak-
ers who need them most (Varian 2014; Thessen 2016;
Liew et al. 2022).

This bottleneck, coupled with the urgent need to de-
velop strategies for mitigating climate change impacts,
highlights the critical role of artificial intelligence (AI)
through machine learning (ML) models (see Box 1
for glossary). Machine learning algorithms can ana-
lyze vast quantities of naturally observed data, mak-
ing new predictions that provide key insights (Thessen
2016; Liew et al. 2022; Jebeile et al. 2023; Chaturvedi
et al. 2024). For instance, Al can already detect pat-
terns in climatic events and extremes (Hauswirth et al.
2023) and identify key variables for modeling com-
plex ecological systems, thus accelerating discovery
(Ryo et al. 2021). Al may also enable thermal ecolo-
gists to estimate microclimates, fine-scale climate vari-
ations at spatial resolutions of meters or less (Potter
et al. 2013; Pincebourde and Woods 2020), and of-
fer insights for biophysical niche models, which simu-
late the physical, physiological, and ecological processes
affecting an organism’s response to different environ-
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Fig. | Diagram illustrating the integration of various data sources
and methods to model the biological impacts of climate change on
animals. The model starts with three primary data inputs:
mesoscale climate data, landscape features, and microclimate
observations. These inputs are used to generate microclimate
predictions. Sensor time-series data and camera trap images
provide additional behavioral data, capturing activity patterns,
microhabitat choices, thermal preferences and tolerances, and
other behavioral responses of animals. This information may be fed
into the modeling process to predict how climate change impacts
animal behavior and ecology, aiding in the development of effective
conservation strategies.

ments (Briscoe et al. 2023). Therefore, incorporating
AT techniques is not merely a technological upgrade;
it can substantially increase our ability to navigate the
complexities of the natural world in the era of big
data.

Here, we review the rapidly developing field of AI
and its potential in enhancing our understanding of the
ecological impacts of climate change. We focus on ap-
plications within thermal ecology (i.e., the complex re-
lationship between organisms and temperature; Clarke
2017) and highlight how ML models can improve mi-
croclimate modeling and data collection methods. Such
improvements can enhance the accuracy of biophysical
niche models and may provide predictive insights into
the responses of animals to climate change (Fig. 1).

From traditional data collection to a big-data
field

The evolution of data collection in ecological research,
particularly in thermal ecology, has progressed from
manual observations to sophisticated automated sys-
tems. This transformation, which began in the sec-
ond half of the 20th century, has accelerated with re-
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Artificial intelligence for climate change 3

Box 1. General glossary of terms mentioned in the paper

Artificial intelligence: There is no commonly accepted definition of AI. However, it is usually referred to systems
and machines capable of performing tasks that typically require human intelligence. This includes tasks like under-
standing natural language, recognizing patterns in data (such as images or speech), making decisions based on com-
plex information, and even learning from experience to improve performance over time. Al ranges from specialized
applications, like facial recognition or language translation, to broader goals of achieving human-like intelligence
across various domains (Duan et al. 2019).

Machine learning: A set of statistical tools that enable computers to learn from and make predictions or decisions
based on data. Unlike traditional statistical methods that often require predefined assumptions about data rela-
tionships, ML algorithms can automatically learn from patterns and iteratively improve their performance. This
capability allows ML to excel in tasks such as image and speech recognition (Hastie et al. 2001).

Explainable artificial intelligence: Explainable artificial intelligence (XAI) refers to the development of Al systems
that can provide understandable explanations for their decisions and behaviors. It focuses on making AI outputs
transparent and interpretable to humans, aiming to build trust and facilitate acceptance in critical domains. XAI
techniques include methods for revealing how inputs are processed, identifying important features that influence
model predictions, and highlighting areas where additional data or observations are needed to enhance model ro-
bustness and reliability (Miller 2019).

Model features: In machine learning, features refer to the measurable attributes or variables selected for their rele-
vance in describing and predicting outcomes or phenomena of interest. Unlike explanatory variables that are tradi-
tionally used in statistical models (e.g., regression) to explain variations in a dependent variable, features encompass
a broader spectrum of input variables. They include not only explanatory variables but also additional attributes
such as engineered features, or derived metrics designed to capture complex relationships and patterns in the data
(Hastie et al. 2001).

Supervised learning: A type of machine learning where the model is trained on labeled data. The goal is to learn
a mapping from input to output, which can then be used to predict outputs for new inputs. Examples: Regression
models for predicting continuous outputs, and classification models for species recognition in images.

Unsupervised learning: A type of machine learning that deals with unlabeled data. The model tries to learn the
underlying structure from the input data without any explicit output variable. Examples: principal component analysis
(PCA) for dimensionality reduction of environmental data.

Feature-based models: These models use predefined features calculated from raw data to learn patterns or make
predictions. The quality and choice of features significantly impact the model’s performance. Examples: Species Dis-
tribution models using daily maximum and minimum temperatures as input variables.

Raw data-based models: Models that use raw data without prior feature extraction. Techniques like deep learning,
which can automatically discover the representations needed for detection or classification, are typical examples. Ex-
amples: Convolutional Neural Networks (CNNS, see below) for species identification from camera trap photos; Recurrent
Neural Networks (RNNs, see below) for analyzing temporal patterns in ecological time series data.

Mutual information (MI): Mutual information measures the strength of the relationship between two variables. In
ML, MI can be used to assess the relationship between input features and the target variable, highlighting which
features carry the most information and, thus, are most relevant for the model. This helps in feature selection, en-
suring that the model is trained on the most informative variables, thereby improving performance and reducing
complexity (Guyon and Elisseeff 2003).

Permutation feature importance: A technique that measures the change in model performance when the values ofa
feature are randomly shuffled. By permuting the feature values, its relationship with the target variable is broken, and
any decrease in model performance indicates the importance of that feature. This technique can be applied to any
ML model, and provides a straightforward way to understand the impact of each feature on the model’s predictions
(Guyon and Elisseeff 2003).

cent technological advancements (Ropert-Coudert and
Wilson 2005; Wilmers et al. 2015). Initially, researchers
relied on direct, manual observations to study the
body temperature and thermoregulation of wild ani-
mals (e.g., Huey and Stevenson 1979). These studies

were limited by human capacity and the difficulties of
accessing diverse and remote environments (Ropert-
Coudert and Wilson 2005; Wilmers et al. 2015). The
advent of telemetry in the 1960s and 1970s marked a
significant leap toward automation, enabling the track-
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ing of animal movements, behavioral thermoregulation,
and body temperatures (e.g., Kroll et al. 1973; Kerr et al.
2004; Levy et al. 2011).

Moving into the 1980s and beyond, the introduction
of remote sensing, geographic information systems, and
the proliferation of the internet and citizen science ex-
panded the scale and scope of data collection and our
understanding of animals’ interactions with their en-
vironments (Kearney et al. 2018; Stark et al. 2022).
These advances have been instrumental in studying cli-
mate change and thermal ecology, capturing nuanced
responses of individuals and populations to changing
climates (Zhao et al. 2023), and improving models of
climate change impacts on biodiversity and ecosystem
functions (Runting et al. 2020).

Alongside these novel techniques of data collection,
concurrent developments in computer science have
profoundly transformed ecological research (Soranno
and Schimel 2014; Durden et al. 2017). Enhanced com-
puting power and sophisticated algorithms now enable
scientists to process and analyze massive volumes of
data from sensors and remote sensing technologies, en-
abling them to model complex ecological and physio-
logical processes with unprecedented detail and accu-
racy (Levy et al. 2014). For example, increased comput-
ing power has revolutionized biophysical niche model-
ing, enabling the accurate calculation of variables such
as the operative body temperature of ectotherms and
the water and energy costs of thermoregulation in en-
dotherms (Briscoe et al. 2023). These advancements
have expanded the scale of ecological simulations from
localized, short-term studies (Porter et al. 1973) to
comprehensive models that span extensive regions and
decades (Kearney et al. 2009), offering key insights into
the widespread and long-term effects of climate change
on biodiversity.

From big data to predictions

Advances in statistical methodologies with predictive
capabilities have marked another significant leap in our
understanding of ecological data (Gimenez et al. 2014;
Ovaskainen et al. 2017; Warton et al. 2015). Initially,
traditional statistical tests such as ANOVA and non-
parametric ranking tests were popular but limited as
they could not produce predictions (McElduft et al.
2010; Zuur et al. 2010). The development of linear mod-
els, which describe how a continuous response vari-
able changes with one or more predictor variables, ad-
dressed this limitation and enabled predictive modeling
(MCcElduff et al. 2010; Zuur et al. 2010). Subsequently,
Bayesian modeling allowed for the integration of prior
knowledge and uncertainties into analyses, further en-
hancing predictive power (Zipkin et al. 2014). Bayesian
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hierarchical models, in particular, facilitate the integra-
tion of data from diverse sources and offer a robust
framework for synthesizing information across spatial
and temporal scales (Senf et al. 2017; Zipkin et al. 2023).
This capability is essential as ecological data often come
from varied monitoring efforts with differing method-
ologies.

However, these models are limited to tabular data and
require users to specify the relationships between re-
sponse and predictor variables. This limitation becomes
more pronounced with the increasing volume and di-
versity of today’s datasets. In particular, modern ecolog-
ical datasets not only encompass large volumes of struc-
tured data, such as climate records, but also include un-
structured raw data like images and videos from wildlife
cameras. Moreover, these datasets often contain com-
plex interactions that are challenging for conventional
statistical methods to decipher.

During the last decade, the use of ML models in
ecological research has gained popularity. As illustrated
in the AI Framework (Fig. 2), ML models learn the
complex relationships between response variables and
predictors through iterative processes of training and
validation. A key advancement within this field is
deep learning, a branch of machine learning that in-
volves models commonly called deep neural networks
(DNNs, Box 2), which can automatically detect very
complex and highly discriminating patterns in data
(LeCun et al. 2015). This ability makes deep learning
particularly relevant for solving complex problems
such as speech recognition, object detection, com-
puter vision, and many other domains (Hinton et al.
2012; Taigman et al. 2014). Such models can provide
thermal ecologists with powerful tools to better under-
stand how animals are affected by their surrounding
environments.

Alongside the development of predictive models, cli-
mate change has intensified the need to predict ecolog-
ical responses to novel conditions. These predictions
can highlight the vulnerability of species and ecosys-
tems and inform conservation strategies. Both statis-
tical (pattern identification) and mechanistic (theory-
driven) models have been developed to address this
need. Statistical models such as species distribution
models (SDMs) use records of species presence and ab-
sence to project potential distributions under various
climate scenarios (Hijmans and Graham 2006; Austin
2007; Franklin et al. 2009). However, SDMs often lose
effectiveness under unprecedented climate conditions
due to their reliance on historical data (Buckley et al.
2010; Briscoe et al. 2023). Consequently, there’s a grow-
ing demand for mechanistic models that simulate phys-
iological processes and thermal tolerances. These mod-
els aim to capture how new limiting conditions af-
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—»[ Data Collection

{ Data Cleaning

—{ Data Annotation

[ Data Preprocessing

—»{ Model Training

4[ Model Validation

{ Model Testing

{ Model Deployment

{ Feedback Loop

Collection from various sources like sen-
sors, satellites, and camera traps.

Cleaning the data from noise.

Labeling of data manually or semi-
automatically with expert verification.

Transforming and augmenting data to fit
model requirements.

Algorithms are trained using computa-
tional resources to learn from data.

Models are validated and adjusted to en-
hance accuracy and performance.

Models are tested against independent
data from various resources.

Deployed models apply learned insights
to new datasets in real-world scenarios.

Insights from deployed models refine fur-
ther data collection and processing.

Fig. 2 Al framework in ecological research: This diagram outlines the iterative process from data collection to model deployment and
feedback. Arrows illustrate the cyclical nature of the process, where feedback informs continual refinement and re-training to optimize

performance and adapt to new insights.

fect animals in their habitats, providing a more ro-
bust framework for predicting climate change impacts
(Helmuth et al. 2005; Buckley et al. 2010; Sinclair et al.
2010; Urban et al. 2016). However, effective implemen-
tation requires detailed knowledge of the conditions an-
imals experience and their thermal sensitivity (Briscoe
et al. 2023).

Despite the crucial role of predictive ability, high-
quality parameters essential for accurate predictions are
often not readily available (Angilletta et al. 2019; Briscoe
etal. 2023; Riddell et al. 2023). Gathering and analyzing
the necessary microclimate and thermal sensitivity data
for mechanistic models can be particularly challenging,
especially in natural environments (Angilletta et al.
2019; Riddell et al. 2023). AI offers a potential to
address these challenges by improving the estima-
tion of microclimate data and enhancing the abil-
ity to track animals’ responses to different environ-

ments. These improvements should facilitate the ac-
quisition of critical data with greater accuracy and
efficiency.

Al in climate models and its potential for
microclimate modeling

Understanding the microclimates that animals ex-
perience is fundamental for characterizing the
impacts of climate on their behavior and sur-
vival (Potter et al. 2013; Pincebourde and Woods
2020). For instance, animals may thermoregu-
late by moving between sunny and shaded areas
within their habitats (Kearney et al. 2009). There-
fore, traditional climate models, operating at spatial
scales of many kilometers, provide broad regional
predictions but fail to account for fine-scale microcli-
matic variations (Potter et al. 2013). To address this
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Box 2. Glossary of advanced models mentioned in the paper

Decision trees: A fundamental component of many ML models, decision trees are used to make a series of decisions
based on the data’s attributes. They are simple to understand and interpret and are used as building blocks in more
complex algorithms such as Random Forests (Quinlan 1986).

Random forest: A machine learning technique for classification and regression that builds multiple decision trees
and merges them to get a more accurate and stable prediction, widely used in ecological data analysis (Liew et al.
2022).

Support vector machines (SVMs): Models used for classification and regression challenges, effective in high-
dimensional spaces (Cortes and Vapnik 1995).

Artificial neural networks (ANNs): Artificial neural networks are computational models inspired by the human
brain, consisting of interconnected nodes (neurons) organized in layers, used to recognize patterns and make deci-
sions based on input data. These models are capable of pattern recognition and statistical classification, adaptable to
various types of data inputs, which makes them useful in complex ecological predictions (Fukushima 1980).

Deep neural networks (DNNs): A type of ANN with multiple hidden layers between inputs and outputs, enhancing
the model’s ability to learn and model complex patterns, suitable for tasks such as image recognition and time-series
prediction in ecological research (LeCun et al. 2015).

Convolutional neural networks (CNNs): A class of deep neural networks commonly used for analyzing visual
imagery. CNNs use convolutional layers to automatically and adaptively learn spatial hierarchies of features from
input images, making them powerful for tasks such as image classification and object detection (Jadeja et al. 2023).
Recurrent neural networks (RNNs): A type of artificial neural network designed to recognize patterns in sequences
of data, such as time series or natural language. RNNs have connections that form directed cycles, allowing them
to maintain a ‘memory’ of previous inputs in the sequence. This makes them suitable for tasks where context and
sequential information are essential (Kaur and Mohta 2019).

Long short-term memory networks (LSTMs): A type of recurrent neural network designed to handle sequences
of data, such as time series or text. They are particularly good at remembering information for long periods, which
helps them make better predictions or decisions based on earlier parts of the sequence (Hochreiter and Schmidhuber
1997). This ability makes LSTMs useful for tasks like language translation, speech recognition, and stock price pre-

diction. Such networks also have the potential to predict time-series effects in ecological studies.

gap, microclimate models have been developed to es-
timate conditions in various microenvironments using
available climate data (Kearney et al. 2014; Kearney
and Porter 2017; Maclean et al. 2019). Despite sig-
nificant progress over the last decade, these models
still require further refinement (Briscoe et al. 2023).
While AI methods have started to be incorporated into
climate modeling, their application in microclimate
estimation remains relatively underexplored (but see
Lembrechts et al. 2022; Haesen et al. 2023). This sec-
tion explores how AI has enhanced climate modeling
and discusses how these advancements can be applied
to microclimate models.

Adapting ML in climate models

Climate science heavily relies on predictive mod-
els, which have historically used statistical methods
to forecast climatic changes (Easterling et al. 2000;
Kaplan et al. 2003; Schmidt and Dikau 2004; Tabor
and Williams 2010). However, these methods often
struggle with accuracy, prompting an increased re-
liance on physical models that simulate the complex
physics of the climate system (Chen et al. 2023). De-

spite their sophistication, both physical and statisti-
cal models encounter challenges in accurately pre-
dicting climate factors like precipitation and extreme
weather events. This is particularly evident in regions
with complex climate dynamics, such as the trop-
ics, where variability in precipitation and temperature
poses significant challenges for accurate predictions
(Wills et al. 2022; Zhu et al. 2022; Hauswirth et al.
2023).

Deep neural networks (DNNs) (Box 1) represent a
significant innovation in climate modeling, introducing
new capabilities for bias correction, downscaling, and
emulation. These AI-driven techniques address specific
limitations inherent in previous climate models, en-
hancing their overall predictive accuracy and reliability
(Chen et al. 2023). The following sections will present
examples relevant to microclimates and discuss poten-
tial applications of these AI techniques.

Bias correction

All predictive models, including microclimate mod-
els, inherently suffer from bias. ML models, particu-
larly DNNs (Box 1), are increasingly used to correct
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biases in climate model predictions (Table 1A). These
models enhance prediction reliability by learning com-
plex relationships between model outputs and observed
data, which can help direct ecosystem management,
agricultural planning, and urban development (Zhu
et al. 2022; Chen et al. 2023; Kesavavarthini et al. 2023;
Sabarinath et al. 2023). Although ML approaches are
not yet widely used for bias-correcting microclimates,
DNNss have significantly reduced biases in surface tem-
perature and precipitation in global circulation mod-
els (Kesavavarthini et al. 2023; Sabarinath et al. 2023).
These networks are trained using model predictions
as inputs and observed biases as targets. Long short-
term memory networks (LSTMs, Box 2) are particularly
effective due to their ability to remember past values,
which is essential in contexts where climate conditions
exhibit strong temporal correlations (Yang et al. 2022;
Seo and Ahn 2023; Kao et al. 2024).

ML models can also help find parameters that
contribute the most to model bias. Explainable AI
(EAI) enhances model transparency by identifying
which variables most significantly reduce bias, aiding
in fine-tuning and model parameterization (Gunning
et al. 2019; Ryo et al. 2021; Ali et al. 2023). Tech-
niques such as mutual information and permuta-
tion feature importance (Box 1) provide insights into
the relative importance of different features, help-
ing optimize models by focusing on the most im-
pactful factors (Guyon and Elisseeff 2003; Altmann
et al. 2010; Molnar et al. 2023). This transparency
is critical for improving model accuracy and reliabil-
ity.

In the context of microclimate modeling, ML-based
bias correction techniques hold significant potential. By
integrating real observations of microclimate data (e.g.,
Lembrechts et al. 2020), these models could be trained
to adjust biases in temperature predictions across dif-
ferent microhabitats. This approach would not only en-
hance model accuracy but also guide future research
directions. Identifying important environmental vari-
ables and understanding heat exchange processes like
conduction, convection, and radiation are essential for
accurate modeling. ML models excel in approximating
these complex functions due to their ability to handle
nonlinear interactions, a challenging task for traditional
statistical models (Hernanz et al. 2024).

Downscaling

One of the major problems that climate and biophysical
niche modelers face is the problem of scaling (Giorgi
et al. 2001; Potter et al. 2013). For climate models, the
low resolution (e.g., 6-hourly, and 100-300 km) means
missing many physical processes that operate at much
smaller scales (Linderson et al. 2004). For biophysical

models, parameterization with such coarse climate res-
olution data means that the modeled organism is unable
to experience the realistic microclimate conditions. For
example, accounting for shade availability is necessary
for simulating thermoregulation and risks of climate
change (Buckley et al. 2010; Kearney et al. 2009; Riddell
etal. 2021; Stark et al. 2023; Zlotnick et al. 2024). Recent
implementations of R packages for microclimate mod-
eling now enable users to conveniently calculate micro-
climates using online coarse-climate datasets such as
NCEP (Kemp et al. 2012) and ERAS5 (Klinges et al. 2022)
as inputs (Table 2).

The potential of ML in downscaling climate data
to the microclimate level is still underexplored,
though promising attempts for spatial and tempo-
ral downscaling of global and regional climate data
have been made (Table 1B). One challenge with ML
models is extrapolating under unfamiliar condi-
tions, such as those anticipated with climate change
(Hernanz et al. 2024). While ML models provide more
accurate predictions than traditional methods, they are
currently limited to training on existing observational
data (Asadollah et al. 2022; Amnuaylojaroen 2023).
However, the flexibility of ML models, particularly
DNNs, enhances their ability to mimic natural phe-
nomena and improve extrapolation capabilities. This
approach has been incorporated into both temporal
and spatial downscaling models (Wang et al. 2024).
Hybrid models that merge statistical and physical ap-
proaches are also promising, especially for generalizing
microclimate predictions beyond the training dataset
(Han et al. 2019; DuchEne et al. 2020). Incorporating
landscape features that affect heat balance, such as to-
pography, can provide a physical basis for ML models.
Using local topography maps, the slope and aspect of
each pixel can be calculated to determine how these
factors influence solar radiation intensity (Maclean
et al. 2019; Kearney et al. 2020). This added physical
realism may help the model learn how these features
affect solar radiation and heat distribution, enhancing
microclimate prediction accuracy in diverse environ-
ments. Another hybrid approach may be Simulated
ML (Kleissl et al. 2023), where the training data of
ML microclimate models can be enriched using the
predictions of physical microclimate models.

An additional significant challenge for microclimate
modeling is the scarce availability of high-resolution
data needed for training and predictions. While online
databases like ERA5 (Hersbach et al. 2020) and ERA5-
Land (Mufoz-Sabater et al. 2021) provide high-quality
climatic data, spatial landscape data at resolutions of a
few meters or less is essential for effective downscal-
ing to the microclimate level. High-resolution maps of
physical parameters like radiation are rare, and maps
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Table | Examples of machine learning applications in climate bias correction and downscaling, as well as in the analysis of time-series
sensor data and camera trap images. These approaches hold significant potential for predicting microclimate conditions and for
understanding animals’ responses to such conditions.

(A) Climate bias correction
ML model

Citation

Model usage

SVM Yoshikane and Yoshimura (2023) Corrections of hourly precipitation predictions
Random forest Zebarjadian et al. (2024) Corrections of daily precipitation map predictions
DNN Sabarinath et al. (2023) Corrections of surface air temperature predictions
DNN Kesavavarthini et al. (2023) Corrections of precipitation predictions

(B) Climate downscaling

ML model Citation Model usage

DNN Wang (2024) Temporal downscaling of gridded maps

SVM Chen et al. (2010); Tripathi et al. (2006) Temporal downscaling of precipitation

SVM Yoshikane and Yoshimura (2023) Spatial downscaling of precipitation

Random forest Davy et al. (2010) Temporal downscaling of wind variability

DNN Coulibaly et al. (2005) Spatial downscaling of precipitation and temperature
DNN Sharifi et al. (2019) Temporal downscaling of precipitation and temperature

(C) Classification of time-series acceleration and acoustic data

ML model Citation Model usage

Random forest Keen et al. (2021) Natural and synthetic vocalizations of two bird species
LDA Radford et al. (2016) Vocalization of a fish species

SVM Fagerlund (2007) Vocalization of several bird species

LDA, SVM, and decision trees Acevedo et al. (2009) Vocalization of several bird and frog species

DNN Zhong et al. (2020) Vocalization of several bird and frog species

SVM Martiskainen et al. (2009) Acceleration data of cows

LDA, SVM, decision trees, random
forest,and DNN
Random forest

Nathan et al. (2012)

Resheff et al. (2024)

Acceleration data of vultures

Acceleration data of Damaraland mole-rats, meerkats,
olive baboons, and polar bears

DNN Pan et al. (2023) Acceleration data of domestic pigs

DNN Otsuka et al. (2024) Acceleration data of two seabird species

(D) Camera traps

ML Model Citation Model usage

DNN Beery et al. (2019) Detection of animals

DNN Norouzzadeh et al. (2018, 2021) Detection, counting, and describing of animals

DNN Chen et al. (2020) Individual face recognition of giant pandas

DNN Clapham et al. (2022) Individual face recognition of bears

DNN Deb et al. (2018) Individual face recognition of several primate species
DNN Shermeister et al. (2024) Microhabitat choice (sun/shade) in lizards

of ground temperatures at these resolutions are even
scarcer, posing significant hurdles for model training
and validation (Briscoe et al. 2023). Collecting such data
at meter or sub-meter resolutions, depending on the
study species, can be achieved using satellite or airborne
sensors like LiDAR, which provides spatially contin-
uous, sub-meter-scale data on important modifiers of
climate at the ground-atmosphere interface, including
ground topography and vegetation structure (Zellweger
etal. 2019). Additionally, drones equipped with various
sensors can gather detailed high-resolution data on to-

pography, radiation, and vegetation cover (Ednie and
Kerr 2022; Hoffrén and Garcia 2023).

Impact on conservation

Accurate estimations of microclimates can significantly
enhance conservation efforts. Thanks to advancements
in technology, conservation managers can now collect
the necessary data to train and deploy microclimate
models more cost-effectively. Off-the-shelf drones al-
low for detailed measurement of local topography, veg-
etation cover, and other physical features. Additionally,
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Table 2 Overview of various tools and libraries used in environmental data processing, categorized by their functions and programming

languages
Category Library Language Explanation Citation
Microclimate data myClim R Microclimate data handling and Man et al. (2023)
analysis
Microclimate data mcera5 R Provides access to ERAS climate Klinges et al. (2022)
reanalysis data for microclimate
modeling
Microclimate model microclima R A mechanistic mesoclimate and Maclean et al. (2019)
microclimate model of near-ground
air temperature
Microclimate and NicheMapR R Tools for microclimate and Microclimate model—Kearney and
Biophysical models biophysical modeling Porter (2017). Ectotherm and dynamic
energy budget models—Kearney and
Porter (2019). Endotherm
model—Kearney et al. (2021)
Microclimate and trenchR R Tools for microclimate and Buckley et al. (2023)
biophysical models biophysical modeling
Acceleration data acc R Process, visualize, and analyze Song et al. (2023)
processing accelerometer data
Acceleration data rabc R Animal behavior classification from  Yu and Klaassen (2021)
processing accelerometer data
Acceleration data accelerateR R A framework for acceleration data Wanja (2019)
processing analysis
Acoustic data processing warbleR R Analysis of animal acoustic signals Araya-Salas and Smith-Vidaurre (2017)
Acoustic data processing OpenSoundscape  Python Automated acoustic detection, Lapp et al. (2023)
classification, and localization
methods
Image processing magick R Tools for image processing Ooms (2024)
Camera traps processing camtrapR R Functions for managing and analyzing Niedballa et al. (2016)
camera trap data
Camera traps processing  MLWIC2 R Machine learning algorithms for Tabak et al. (2020)

animals’ identification in camera trap
images

This list may not be exhaustive.

Microclimate
predictions

Drone mapping

of an area g

Input maps for
the Al model

25

15

Coarse scale
climate data

Fig. 3 High-resolution microclimate downscaling can benefit from remote sensing and online climate data. Gray-numbered circles
represent the different stages of a possible Al framework. (1) A study area is selected; (2) a drone is used to map the area; (3) mapping
software is used to generate the input maps for the model; (4) the input maps and coarse scale predictions of temperatures for historical
and future climates (e.g., | km data from the WorldClim database [Fick and Hijmans 2017]) are used as input to the Al model; and (5) the
model produces predictions of ground temperature that can be further analyzed and inform decision-makers. For example, the black
arrows point to areas where temperature extremes may risk animals, and mitigation steps such as planting additional trees or adding other
shade elements should be considered. Drone image by Rodri Paz from Pixabay under Pixabay Content License.
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conservation managers can collect meteorological data
either locally or using online databases. They can also
deploy temperature sensors in their area to collect pre-
cise temperature data. These combined data sources can
then be used to train bias-correction and downscal-
ing ML models (Fig. 3). By training bias-correction ML
models with local temperature sensor data, managers
can enhance the accuracy of their microclimate esti-
mates, making conservation efforts more effective. By
training downscaling ML models and mapping these ar-
eas in high resolution, conservationists can better un-
derstand and preserve the diversity of microhabitats for
supporting various animal species.

Developing ML downscaling models for areas of in-
terest can also revolutionize habitat management and
species protection efforts under climate change. These
models may help predict how microclimates within
specific habitats are likely to change under different
climate scenarios, enabling decision-makers to proac-
tively identify potential climate refugia—areas that re-
main relatively stable and can serve as safe havens for
species during extreme weather events or long-term cli-
matic shifts. Furthermore, integrating local topograph-
ical data into ML models enhances the understand-
ing of how specific landscape features influence micro-
climates. This knowledge is vital for developing tar-
geted conservation strategies, such as conserving or
even restoring vegetation or rock cover in areas prone
to heat stress (Stark et al. 2023; Zlotnick et al. 2024).
By identifying microhabitats that support vulnerable
species, these areas can be prioritized for conservation
actions, ensuring resources are allocated more effec-
tively. Such adaptive management approaches ensure
that conservation practices remain effective in the face
of changing environmental conditions. In summary,
training ML microclimate models may provide power-
ful management tools to enhance conservation strate-
gies, enabling data-driven decisions that support biodi-
versity and ecosystem resilience.

Al in tracking climate impacts on
animals

While characterizing microclimates under current and
future climates is crucial, it is only part of the broader
ecological picture. Understanding how these microcli-
mates affect animal behavior and physiology is equally
important. Animal responses to microclimates can il-
luminate the significance of different microhabitats and
highlight risks associated with habitat loss and climate
change (Kearney et al. 2009; Riddell et al. 2021). These
responses are generally categorized into behavioral (e.g.,
shade-seeking, changing body posture, panting, and gu-
lar fluttering) and physiological (e.g., body tempera-
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ture) changes, which vary depending on the species
studied. Insights from these responses can help parame-
terize biophysical niche models, making them more ac-
curate in predicting how animals interact with their en-
vironment under varying climatic conditions.

For decades, traditional manual observations have
offered significant insights into aspects such as micro-
habitat utilization (Huey and Pianka 1977), body tem-
perature monitoring (Hertz and Nevo 1981), and other
physiological responses (Bartholomew et al. 1968).
However, these methods often face logistical challenges
when studies require long durations or cover multi-
ple sites (Weaver et al. 2021). Wearable and implanted
sensors have been developed to overcome these obsta-
cles by continuously tracking animals’ locations (e.g.,
Kearney et al. 2018), body temperatures (e.g., Levy et al.
2012), activities (e.g., Levy et al. 2016), and exposure to
solar radiation (e.g., Moore et al. 2018). Similarly, cam-
era traps have become vital for capturing the diversity of
animal species and their microhabitat usage (O’Connell
et al. 2011). Despite these advancements, the immense
volume of data generated presents new challenges that
are well-suited for big-data and Al-driven solutions.

Al plays an essential role in interpreting the vast
amounts of raw data generated from these technolo-
gies. For instance, accelerometers, which measure ac-
celeration on two or three axes, require sophisticated
analysis to translate movements into behaviors like rest-
ing, walking, or running (Fehlmann et al. 2017; Nathan
et al. 2022; Silva et al. 2022; Otsuka et al. 2024). Sim-
ilarly, acoustic data must be processed to derive eco-
logical insights such as movement speed, microhabitat
choices (open air, shelter, and water), and activity types
(browsing, gnawing, digging, scratching, diving, etc.)
(Thiebault et al. 2021). Camera traps also demand de-
tailed inspection to extract useful information, such as
identifying species, observing postures, and determin-
ing microhabitat selections (Norouzzadeh et al. 2018;
Wolff et al. 2020; Zhou et al. 2022; Stark et al. 2024).
The unique characteristics of each data type, from high-
frequency measurements in accelerometers and sound
devices to the RGB matrices of camera images, necessi-
tate tailored Al approaches for effective analysis.

Time-series acceleration and acoustic data

Bio-logging has become a powerful tool for studying
thermoregulatory responses in wild animals. However,
devices that provide high-frequency time-series data,
such as accelerometers and acoustic sensors, are still
underrepresented in thermal ecology. These data can
be translated into valuable ecological insights that in-
form biophysical niche models and enhance our un-
derstanding of thermoregulation. For instance, Nathan
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et al. (2012) utilized accelerometers to study how envi-
ronmental factors affect the flight patterns of vultures.
Accelerometers can also enable researchers to moni-
tor thermoregulatory events such as changes in body
posture and panting, shedding more light on animals’
responses to changes in their thermal environment
(Islam et al. 2020, 2023). Using acoustic loggers, Pessato
et al. (2020) investigated how desert birds use vocal
panting as an adaptation to intense heat conditions. Im-
portantly, the time-series nature of loggers’ data pro-
vides a unique opportunity to capture sequences of ther-
moregulatory responses, from behavioral modifications
to physiological changes over time.

Using ML models to characterize these behaviors in
such data may increase the adoption of acceleration and
acoustic sensors in thermal ecology. Two approaches
are commonly employed to automatically character-
ize behaviors from bio-logging data: supervised and
unsupervised models (Box 2). Supervised models are
more prevalent, requiring data samples to be annotated
with ground-truth observations to identify specific be-
haviors or physiological responses. For example, ac-
celerometer data may classify thermoregulatory behav-
iors such as shade-seeking and changes in body pos-
ture, while acoustic data may identify vocal panting in
response to heat. Researchers can use these annotated
samples to train classification ML models, such as lin-
ear discriminant analysis (LDA) and support vector ma-
chines (SVMs), which can then automatically recog-
nize and categorize similar data patterns (reviewed by
Keen et al. 2021). An example is the work by Oswald
etal. (2022), who demonstrated that different species of
Townsend-group chipmunks (Neotamias townsendii, N.
siskiyou, N. senex, and N. ochroge nys) exhibit distinct
vocalization patterns. The main benefit of supervised
learning is its accuracy and predictability in classifica-
tion tasks when labeled data are abundant. However, its
effectiveness is limited by the quality and extent of the
annotation, which can be labor-intensive and costly.

Unsupervised models do not require data to be man-
ually annotated into predefined classes. Instead, these
models are designed to self-identify data classes, which
is particularly beneficial when the number of classes
or behaviors is unknown. For example, unsupervised
models can help discover novel thermoregulatory be-
haviors, such as unrecognized patterns of panting or
novel vocal responses to heat. The strength of unsuper-
vised learning lies in its ability to discover hidden pat-
terns and structures in data without prior knowledge,
making it ideal for exploratory data analysis. However,
the drawback is that it can sometimes lead to less precise
or ambiguous classification outcomes, especially when
the dataset is complex or when distinguishing features
between classes are subtle.

Building on advancements in ML models for clas-
sifying time-series data, DNNs (Box 1) are increas-
ingly applied to the analysis of acoustic and acceleration
data. Over the last decade, significant progress has been
made in acoustic DNN classifiers, demonstrating deep
learning’s potential (reviewed by Stowell 2022). How-
ever, the application of deep learning to classify wild
animal behavior from acceleration data is still nascent,
with only a handful of studies so far showing promis-
ing results (Otsuka et al. 2024; Pan et al. 2023). State-
of-the-art deep learning models have enhanced behav-
ioral classification by utilizing raw acceleration data di-
rectly, eliminating the need for extensive feature en-
gineering required by traditional ML models (Otsuka
et al. 2024). For instance, DNNs can be used to identify
detailed thermoregulatory responses such as specific
posture changes or precise panting patterns in various
environmental conditions. See Table 1C for examples
of ML-based classification models of time-series sensor
data.

Working with acceleration and acoustic data intro-
duces several challenges. These challenges include class
imbalance, noisy data, and variations due to differences
in individual behavior, logger attachment, and sensor
manufacturers (Otsuka et al. 2024). Data augmentation
techniques have been employed to enhance the quantity
and variability of data, helping prevent overfitting and
maintaining performance even in noisy or imbalanced
conditions. Common data augmentation techniques in-
clude scaling, jittering, rotating, and permuting the data
(Um et al. 2017; Pan et al. 2023; Otsuka et al. 2024).
Additionally, several software packages have been de-
veloped to assist researchers in handling and training
classification models for both acoustic (Araya-Salas and
Smith-Vidaurre 2017; Searfoss et al. 2020; Silva et al.
2022; Lapp et al. 2023) and acceleration (Wieland and
Nigg 2023; Yu and Klaassen 2021) data, facilitating the
study of complex thermoregulatory behaviors. By ad-
dressing these challenges, researchers can more effec-
tively use these technologies to understand how animals
respond to varying thermal conditions.

Camera traps

To effectively study animal behavior, we need the ca-
pability to track animals under various conditions.
Traditional methods like temperature-sensitive loggers
(Moore et al. 2018) and radiotelemetry (Qrskov et al.
2019) often involve logistical challenges, particularly
with capturing animals or when they are unsuitable
for small species. Overcoming these limitations, camera
traps have revolutionized wildlife tracking by providing
an unprecedented volume of data (O’Connell etal. 2011;
Fennell et al. 2022; Vélez et al. 2023), which has facili-
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tated the development of various Al models tailored for
ecological analysis (reviewed by Fennell et al. 2022).

As the planet faces escalating threats from cli-
mate change, camera traps have become significant
in mitigating these risks by collecting valuable data
worldwide (Buchholz et al. 2021). These data include
detailed records of when and where animals appear,
allowing researchers to decipher the conditions that
influence behaviors such as seeking sun or shade
(Shermeister et al. 2024). Such insights are crucial for
understanding preferred environmental conditions and
the significance of shading elements in habitat selec-
tion. For example, Wolff et al. (2020) utilized camera
traps to study how deer (Odocoileus virginianus) change
their preferences for shaded or unshaded feeders based
on climatic conditions. Similarly, Cserkész et al. (2023)
revealed that the endangered Hungarian birch mouse
(Sicista trizona) can remain active in temperatures as
low as —-6°C, much cooler than previously documented.
Moreover, studies like those by Stark et al. (2024) using
camera trap videos have underscored the importance of
thermoregulation and movement costs in desert lizards,
providing invaluable data for parameterizing mecha-
nistic niche models that predict animal survival under
varying climatic conditions (Briscoe et al. 2023; Stark
etal. 2023).

Al, particularly computer vision, has profoundly im-
pacted wildlife research by enabling AlI-driven im-
age recognition algorithms to automatically detect an-
imals (Beery et al. 2019), classify specific species
(Norouzzadeh et al. 2021), and identify behaviors
(Norouzzadeh et al. 2018) (see Fig. 4 for a suggested
framework) (Table 1D). However, the use of camera
traps in studying behavioral thermoregulation, a task
typically performed by human observers, remains un-
derexplored (Norouzzadeh et al. 2018). For example,
computer vision Al models have successfully classified
various animal species (Norouzzadeh et al. 2018), iden-
tified giant pandas (Ailuropoda melanoleuca) (Chen
et al. 2020), eight species of bears (Clapham et al. 2022),
and fourteen species of primates (Deb et al. 2018). How-
ever, current models typically concentrate solely on the
animals and often overlook the environmental context.
Incorporating this context can provide valuable insights
into behavioral patterns and how animals interact with
their surroundings.

To fully leverage Al capabilities in camera traps for
analyzing thermally related responses, models should
discern not just the animals but also their surround-
ing environmental conditions (Shermeister et al. 2024).
Classification models, therefore, should be designed to
assess both the environmental context, such as whether
animals are in sunlit or shaded microhabitats, and spe-
cific behaviors and physiological responses like pos-
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ture and panting. Additionally, EAI algorithms, such
as Gradient-weighted Class Activation Mapping (Grad-
CAM), which highlight important regions in the im-
age for predicting a class (Selvaraju et al. 2020), can
clarify whether the model’s focus is predominantly on
the animal or its environmental context. This enhance-
ment in model transparency significantly boosts the in-
terpretability and ecological applicability of Al in ther-
mally related studies.

Impact on conservation

Sensors and camera trap surveys can inform conserva-
tion efforts by capturing animals’ responses to micro-
habitats with varying thermal conditions (e.g., sunny
and shaded locations). Integrating Al frameworks into
such studies can enhance the utility of the collected data
for understanding climate exposure, physiology, ther-
moregulation, and microhabitat usage. By analyzing mi-
crohabitat preferences, such data can guide the design
of wildlife reserves, supporting species amidst climate
change (Stark et al. 2023; Zlotnick et al. 2024). This tech-
nology can also guide the strategic placement of shade
structures or watering stations in areas facing rising
temperatures. Combining such data with microclimate
data and high-resolution drone maps can help iden-
tify the importance of shade elements like vegetation
and rock cover (Stark et al. 2022). Using microclimate
data and biophysical niche models, one may also be able
to calculate operative temperatures and assess animals’
thermoregulatory behaviors (Briscoe et al. 2023). In-
sights from these methodologies help design climate-
resilient conservation and restoration programs based
on microhabitat usage under adverse conditions. For
captive animals, such maps can aid in designing enclo-
sures that promote efficient thermoregulation and ther-
mal comfort (de Azevedo et al. 2023; Wark et al. 2020).

Discussion and conclusions

Integrating new tools from fields outside biology takes
time, and climate change biology still lags in adopting
machine learning. This delay may hinder urgent con-
servation efforts. This review highlights how AT and ML
can improve our understanding of abiotic and biotic
factors, which are essential for climate change estimates.
We hope this review inspires studies that leverage these
technologies.

For thermal ecologists, understanding ML and Al
can lead to innovative data uses, collection methods,
and study designs that offer more accurate estimates
of climate change impacts (e.g., Fig. 1). Researchers
can use ML to automate tasks such as image detection
and classification with camera traps (e.g., Norouzzadeh
etal. 2018). For those collecting field data with sensors,
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Fig. 4 Using camera traps and ML models to detect activity patterns, microhabitat usage, and thermal preferences of animals. First, camera
traps collect images of passing animals across the day and night. Next, each image is scanned by an object-detection model (e.g.,
MegaDetector model, Beery et al. 2019) to identify the presence of animals in the image. Next, each animal detection is analyzed using an
ML animal classification model, and the data are saved for analysis of activity patterns of each animal class or parameterization of

biophysical niche models.

AT can help clean, organize, and analyze data through
outlier detection (Ruff et al. 2021), clustering sound
and acceleration data (Keen et al. 2021), identifying
key ecological and physiological factors (Miller 2019),
and making ecological predictions. Additionally, ML
can enhance the accuracy and resolution of microcli-
mate estimates. Traditional surveys and loggers provide
valuable data (Huey and Stevenson 1979; Kerr et al.
2004; Moore et al. 2018), and sensors like sound and
accelerometers can offer new insights. Using ML, we
can reveal how behaviors such as foraging, panting, and
hibernating vary with climate conditions (Islam et al.
2020). For example, acoustic data may detect unique
sound signatures associated with behaviors like panting
and drinking. As ML models and sensor technologies
evolve, staying updated will enable further advance-
ments.

While ML offers exciting opportunities, it also has
limitations. ML predictions are confined to the scope
of their training data and may falter with unforeseen
scenarios (Lee et al. 2018; Ovadia et al. 2019). Insuf-
ficient training data can lead to model failures, such
as undetected animals in images with unusual light-
ing. Comprehensive scenario coverage in training sets
can mitigate this issue. Mechanistic models can address
these limitations by integrating physical, biological,
and ecological processes, producing reliable predictions
under novel conditions, and identifying key change
drivers (Buckley et al. 2010; Urban et al. 2016; Briscoe
et al. 2023). Bridging ML with mechanistic models can
harness both methodologies’ strengths (Procopio et al.
2023). For instance, microclimate estimates from phys-
ical microclimate models can supplement real-world

data for training ML models and improve their pre-
dictions (Kleissl et al. 2023). Integrating these meth-
ods enhances robustness and reliability (Kleissl et al.
2023).

Implementing ML models can be challenging due
to the complexity of coding and specialized knowledge
required. Familiarity with common ML libraries (see
Table 3 for Python, R, and Julia libraries) and leveraging
online resources can provide valuable guidance (Blair
etal. 2024; Shermeister et al. 2024). GitHub repositories,
like Microsoft’s computer-vision recipes, offer code and
guidelines for ML tasks. Generative AI models, such as
ChatGPT, Google Gemini, and GitHub Copilot, assist
in generating code and troubleshooting errors, making
coding more accessible (Odeh et al. 2024). Collaborat-
ing with ML experts ensures models are accurate, effi-
cient, and biologically meaningful. By adopting these
strategies, ecologists can effectively use ML to tackle
complex environmental challenges.

Summary

In summary, the integration of AI within ecological re-
search, particularly in the study of thermal ecology, rep-
resents a transformative approach to understanding the
complex impacts of climate change on biodiversity. By
employing Al in conjunction with microclimate mod-
els and animal tracking technologies, researchers can
collect detailed data with unprecedented resolution and
accuracy. Such datasets can then provide novel insights
into how species interact with their environments and
enhance our ability to predict and mitigate the effects of
climate change on ecological systems. Thoughtful appli-
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Table 3 Examples of machine learning libraries across different commonly used programming languages

O. Levy and S. Shahar

(A) Python

Package Description Citation

scikit-learn A library for statistical analysis including functions for Pedregosa et al. (201 1)
training ML models (e.g. SVM)

fastai A high-level programming interface for training DNN Howard and Gugger (2020)
models

TensorFlow Python interface to “TensorFlow” neural network Abadi et al. (2015)
framework

Keras A high-level programming interface of the Chollet et al. (2015)
“TensorFlow” platform

PyTorch Python interface to “torch” neural network framework Paszke et al. (2019)

statsmodels

Statistical modeling in python including ML models (e.g.
random forest)

Seabold and Perktold (2010)

(B) R

Package Description Citation

caret An interface for training ML models from a list of Kuhn (2008)
available models (e.g. SVM, random forest,and DNN)

randomForest A library for training random forest models Liaw and Wiener (2002)

el071 A library for statistical analysis including functions for Meyer et al. (2023)
training ML models (e.g. SVM)

nnet A library for training DNN models Venables and Ripley (2013)

keras R interface to “Keras” neural network framework Chollet et al. (2017)

tensorflow R interface to “TensorFlow” neural network framework Allaire and Tang (2024)

mir A library for training various ML models Bischl et al. (2016)

neuralnet A library for training DNN models Fritsch et al. (2019)

cito R interface to “torch” neural network framework Amesdder et al. (2024)

(C) Julia

Package Description Citation

Flux.jl An interface for training ML models particularly DNNs Innes (2018)

MLJjI An interface for training ML models mostly non-DNN Blaom et al. (2020)
models

Knet.jl An interface for training deep learning models Yuret (2016)

TensorFlow.jl Julia interface for “TensorFlow” neural network Malmaud and White (2018)
framework

ScikitLearn.jl Julia implementation of the “scikit-learn” Python library St-Jean (2022)

Glossary: SVM—support vector machine. DNN—deep neural network. LDA—linear discriminant analysis.

cation of Al for interpreting microclimates and track-
ing animal data not only improves the accuracy and
breadth of our ecological models but also strengthens
our conservation strategies, contributing to a more re-
silient framework for biodiversity in the face of global
environmental changes.
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