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Eco-RETINA is an innovative and eco-friendly algorithm explicitly designed for out-of-
sample prediction. Functioning as a regression-based flexible approximator, it is linear in
parameters but nonlinear in inputs, employing a selective model search to optimize
performance. The algorithm adeptly manages multicollinearity while emphasizing speed,
accuracy, and environmental sustainability. Its modular and transparent structure
facilitates easy interpretation and modification, making it an invaluable tool for
researchers in developing explicit models for out-of-sample forecasting. The algorithm
generates outputs such as a list of relevant transformed inputs, coefficients, standard
deviations, and confidence intervals, enhancing its interpretability.

Now implemented in Python and available on GitHub, Eco-RETINA introduces several
new features, including measuring CO: emissions and energy consumption. These
enhancements, alongside improved data transformations, bottleneck elimination, and a
user-friendly interface, significantly boost its performance. The algorithm achieves
remarkable reductions in carbon footprint and power consumption (ranging from 50% to
90%) while significantly reducing computational time. Empirical results indicate that
Eco-RETINA is not only a sustainable alternative to conventional neural networks but
also surpasses them in certain aspects, offering a competitive edge in accuracy,
interpretability, and environmental impact.

Motivation and Characteristics

The power consumption and carbon footprint associated with Al-related algorithms have
become pressing concerns for researchers, industry, and policymakers. Lynn et al. (2021),
OECD (2022), Barbierato et al. (2024), among others, have highlighted the critical
importance of addressing these issues, with some researchers predicting the potential
depletion of available energy resources by 2030. To tackle these challenges, major
technological firms and initiatives such as the European Commission’s Enfield project
are investing heavily in sustainable Al solutions.

The energy costs of developing, training, and deploying deep learning models have
surged in recent years, driven by the increasing complexity of neural networks and their
reliance on computationally intensive resources like GPUs and TPUs. As a result, the
development of efficient and sustainable algorithms has become imperative. However,
many of these innovations come at the cost of reduced performance compared to their
original counterparts.

Eco-RETINA addresses this gap by providing a green algorithm specifically designed for
out-of-sample prediction. Building on the foundational work of Pérez-Amaral et al.
(2003), Eco-RETINA (Capilla, 2024) integrates substantial improvements over previous
versions. It operates as a regression-based flexible approximator, linear in parameters for
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improved convergence and nonlinear in inputs for enhanced flexibility. The algorithm’s
selective search process allows faster execution without compromising accuracy. It
effectively handles multicollinearity through a threshold-based approach and incorporates
robust mechanisms for outlier detection and management.

Eco-RETINA is modular and transparent, enabling users to replace individual
components with alternative modules tailored to specific problems. Unlike black-box
models, its transparent nature allows for modification and understanding by the user. Its
outputs, akin to those of traditional econometric packages, include explicit forecasting
models, point estimates, parameter standard deviations, and confidence intervals, all of
which are interpretable.

Written in Python and available on GitHub, Eco-RETINA incorporates functionalities for
measuring CO: emissions and energy expenditure. The algorithm also allows for a range
of data transformations, including ratios, cross-products, inverses, and logarithmic
transformations of inputs. Bottleneck elimination during programming ensures optimal
performance by avoiding repetitive, time- and energy-intensive operations. A newly
developed user interface enhances accessibility and usability.

Figure 1 The duration of Eco-RETINA vs a relevant NN
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Eco-RETINA is faster over much of the relevant range of the number of variables.



Figure 2. Eco-RETINA output summary
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The algorithm gives us a parsimonious model using 9 (possibly transformed) inputs plus
the constant. Eco-RETINA also provides the usual statistics for regression.

Conclusions

Eco-RETINA represents a significant advancement over its predecessors by integrating
additional capabilities such as outlier management, enhanced multicollinearity handling,
expanded input transformations, bottleneck elimination, and the ability to measure power
consumption, carbon footprint, and execution time. Experiments demonstrate that Eco-
RETINA achieves prediction errors comparable to earlier versions while significantly
reducing power consumption and computational time (up to 4.25 times faster).

When compared to neural networks, Eco-RETINA shows several advantages. While
neural networks may achieve slightly lower prediction errors, Eco-RETINA’s training
emissions are substantially smaller in most experiments. Additionally, it outperforms
neural networks in accuracy when used with a moderate number of inputs. Its openness,
interpretability, and speed position it as a strong contender among Green Al algorithms.

Eco-RETINA provides an explicit forecasting model based on transformed inputs, along
with comprehensive diagnostics such as estimated coefficients, t and F statistics, and
coefficient of determination. As a transparent and efficient tool, it complements neural
networks and serves as a cost-effective exploratory data tool for identifying promising
subsets of transformed inputs.

In an era where sustainable Al is increasingly essential, Eco-RETINA’s emphasis on
speed, accuracy, and environmental sustainability underscores its critical role in the future
of algorithm development. By offering a green, interpretable, and high-performing
alternative, Eco-RETINA sets a new standard for sustainable machine learning and
forecasting tools.
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