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Abstract: Energy consumption aspects of machine learning classifiers are important for research
and practice as well. Due to sparse research in this area, a prototype of a recommender system was
developed to provide energy consumption recommendations of different possible classifiers. The
prototype is demonstrated as well as discussed and future research points are derived.
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1 Introduction

The usage of machine learning (ML) algorithms is important for organizations [Re20]. In
general, ML is one part of artificial intelligence (Al) trying to identify patterns from data
through the usage of different algorithms [RM19]. ML can generate business value and
may improve the financial performance of enterprises [Re20]. Besides the benefits of
using it, the usage of machine learning models can have a negative impact to climate
change according to current research [Ka22]. The design, development and usage of
machine learning models can consume a lot of energy [Ka22]. Global GHG emissions are
associated with ML use and training [Ka22]. Therefore, it is important to know the impact
of the usage of different machine learning algorithms to the energy consumption
beforehand. However, there is sparse research regarding a literature review of the last
years using methods recommended by e.g. Kitchenham [Ki09]. The literature review
reveals a differentiated research landscape in the area of sustainable recommender systems
for managing the resource consumption of ML-models. The conducted review reveals a
gap: No existing recommender system specifically addresses the resource consumption of
ML models. It is evident that a multitude of factors contribute to the energy usage [Ka22]
of these models. However, the absence of a universally applicable formula to determine
energy consumption adds a layer of complexity to the development of a resource-efficient
recommender system. Therefore, this prototype demo-paper addresses this important gap
and focusing on the research question: “How can a recommender system for analyzing the
energy consumption of machine learning classifiers during training be implemented in a
prototype? This research is part on an ongoing research project. To answer the research
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question, we used a design science research approach according to Hevner [He04] as well
as Peffers et al. [Pe07] and implemented the first steps of it. The addressed practical
problem is the missing easy-to use energy recommendation system of the energy
consumption of classifiers. The requirements of the solution as well as the design and
development are described in section 2. Afterwards, the prototype is demonstrated (section
3) and finally a conclusion and future research steps for e.g., further evaluations are
defined.

2 Development of the Recommender System Prototype

To develop a prototype as an artifact [He04] [Pe07] and to provide an energy consumption
recommendation for different classifiers during training phase (objective of the solution),
different requirements had to be fulfilled. The following core requirements were collected
based on different workshops running in 2023: a) Usage of different classification
algorithms and collection of related training energy consumption; b) Recommendation
based on user input of the number of numerical and categorial features as well as the
sample size; ¢) Web-based UI access to the recommender system. The following first
classification algorithms were chosen to implement the first requirement (a) as
recommended by the literature: Logistic Regression, K-Nearest Neighbors, Decision Tree,
RandomForest and XGBoost (e.g., [Ch20] [M622] [RM19]). To collect the training related
energy consumption of the different classifiers, different experiments are implemented.
To run the experiments which collected the energy consumption of the classifiers
regarding different features, several steps are taken into account. The feature reduction is
carried out systematically, whereby the features are reduced randomly step by step. Each
step of the feature reduction is accompanied by a model execution. The size of the data set
varies between the iterations and comprises 100 %, 80 %, 60 %, 40 % and 20 % of the
original data sets, whereas the data set has been shuffled to adhere randomization. The
following well-known data sets have been used from Kaggle and UCI: a)[Ka24a]
(n~250.000 rows, n=22 features), b)[U24] (n=11.000 rows, n=17 features), and c)[Ka24b]
(n~320.000 rows, n=17 features). The energy consumption during model execution is
measured using the Python library "CodeCarbon" [Bu22] and quantified in kilowatt hours
(kWh). To ensure comparability and minimize fluctuations, a fixed cloud environment
was used, so that no additional processes would be captured in the emissions tracking. In
addition, the energy consumption data and the associated environmental metrics are
recorded for later analysis. After all data, including energy consumption, has been
collected. A model was created to predict the energy consumption. The number of
categorical features, the number of numerical features and the number of rows are used as
features (as defined in requirement b) to predict the energy consumption. After evaluation
of several algorithms for this prototype model, the Random Forest Regressor [RM19]
performed the best, regarding the prediction of the different data sets. The R? score of the
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final Random Forest Regressor model is 0.996. The other algorithms were less accurate
performing (e.g., R? Linear Regression: 0.714; R? Gradient Boosting Regressor: 0.982; R?
Poly3: 0.884). It should be noted that the prototype model is limited to the size of the
training datasets used, which means that the model is capped at 25 numerical features, 25
categorical features and 350.000 rows. The final model was exported via pickle and
integrated into the backend, implemented using Python. FastAPI (fastapi.tiangolo.com)
was chosen to implement the interface between the frontend and backend. To fulfill
requirement c: the frontend was developed using Angular. Finally, two containers were
configured for deployment using Portainer (portainer.io).

3 Demonstration of the Prototype

After the development, the prototype is demonstrated in a live setting to real users since
the beginning of the year 2024. Furthermore, the demonstration is visible for regional Al
lab customers and users in Southern Germany trough a web-based interface (Fig.1).
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Fig. 1: Input & Output Screen of the developed prototype of the recommender

First qualitative insights during this phase showed, that the prototype is easy to use and
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helpful to guide the user to a first decision regarding the energy consumption of different
classifiers [RM19]. However, the evaluation and further improvements of the prototype
are still in progress (see section 4).

The Figure 1 shows at the top the input of the prototype. The user can enter the amount of
numerical and categorial features as well as the size of the dataset. In the following the
recommender generates based on the inputs the energy recommendation using the pre-
trained model. The output is printed at the bottom of Figure 1. Based on bar charts the
estimated training energy consumption of different tested classifier is shown. To ensure
easy comparability, the classifier with the highest energy consumption is set to 100% and
the others were relatively graded. The final recommendation is written below the bar
charts.

4 Conclusion and Future Research Steps

We developed an easy-to use energy machine learning recommender system for different
classifiers. In general, machine learning models should be designed with aspects of
sustainability like the energy consumption [Bu22] [Ka22]. The prototype was adapted to
the needs of a local Al lab for SMEs in southern Germany, where users are guided to find
a machine learning classifier recommendation based on the energy consumption. We
extended the current research ([Bu22] [Ka22]) based on a new approach and recommender
system for energy consumption in machine learning. Practical users can use our prototype
now in the first steps of their real projects with the goal to be more sustainable, based on
the recommendations. The prototype was demonstrated to different users and is currently
used in a local Al lab in analytics projects and as a demonstrator. No research is without
limitation. The prototype is only focusing on the energy consumption and on a specific
major set of classifiers. The accuracy of the classifier as well as other e.g. neural net-based
classifiers [RM19] are not investigated so far. Furthermore, the recommendations are
based on the patterns and sample size of the training data set. First evaluations are done
but more are still in progress. Therefore, future research should capture the limitations by
e.g., integrating accuracy aspects, more classifier and more training data sets for high-
intensive data analytics projects as well as further empirical evaluations and
improvements. The development of the prototype and usage in the local Al lab is going
on. Further versions are planned and addressing these limitations.
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