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Abstract 
 

This article explores the role of Machine Learning models in optimizing data-driven economic efficiency, 

linking their impact to the Sustainable Development Goals (SDGs). Algorithms such as regression, 

decision trees, neural networks, and clustering are analyzed in applications including financial 

forecasting, risk management, and accounting-administrative automation. The study highlights how 

these tools contribute to sustainable economic growth, business innovation, and inequality reduction, 

strengthening competitiveness in the digital era. Furthermore, ethical and technical challenges associated 

with the use of artificial intelligence in financial contexts are discussed, proposing a framework for 

responsible and resilient implementation. 
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Resumen  
 

Este artículo explora el papel de los modelos de Machine Learning en la optimización de la eficiencia 

económica basada en datos, vinculando su impacto con los Objetivos de Desarrollo Sostenible (ODS). 

Se analizan algoritmos como regresión, árboles de decisión, redes neuronales y clustering, aplicados a la 

predicción financiera, la gestión de riesgos y la automatización contable-administrativa. El estudio 

destaca cómo estas herramientas contribuyen al crecimiento económico sostenible, la innovación 

empresarial y la reducción de desigualdades, fortaleciendo la competitividad en la era digital. Asimismo, 

se discuten los retos éticos y técnicos asociados al uso de inteligencia artificial en entornos financieros, 

proponiendo un marco de aplicación responsable y resiliente. 
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Introduction 

 

The evolution of machine learning reflects the development of data science and its impact on the 

economy. In the past, its early applications were limited to statistical models and supervised algorithms 

that provided basic predictions regarding costs, revenue and credit risks. Although rudimentary, these 

tools marked the beginning of a transition towards a more analytical and data-driven economy. 

 

Today, machine learning has established itself as an indispensable resource for data-driven 

economic efficiency. Advanced algorithms such as neural networks, Random Forest and Gradient 

Boosting enable the analysis of large volumes of data in real time, the optimisation of accounting and 

administrative processes, and the anticipation of risk scenarios with greater accuracy. Its integration into 

digital transformation has boosted business competitiveness, generating new opportunities for innovation 

and strengthening organisational resilience in the face of uncertain environments. 

 

Looking ahead, machine learning promises to expand its scope towards more autonomous, 

transparent and ethical models, capable of continuous learning and adapting to changing contexts. Its 

application is expected to make a decisive contribution to the achievement of the Sustainable 

Development Goals (SDGs) by promoting inclusive economic growth, reducing inequalities and 

fostering sustainable innovation. The convergence of artificial intelligence, the digital economy and 

sustainability opens up a new horizon in which economic efficiency will not only be an indicator of 

productivity but also a driver of social and global development. 

 

This article presents an analysis of the main machine learning models applied to economic 

efficiency, highlighting their impact on the SDGs and their relevance to competitiveness in 2026. 

Through an interdisciplinary approach, it seeks to demonstrate how artificial intelligence can become a 

strategic ally for financial innovation and global sustainability. 

 

1. State of the art 

 

The development of Machine Learning (ML) in the economic-administrative field has followed an 

evolution marked by the need to optimize financial processes, improve risk management and strengthen 

business competitiveness. In its early stages, during the 2000s–2010s, ML was mainly applied in basic 

financial forecasting using statistical models such as linear and logistic regression. These approaches 

made it possible to classify credit risks and estimate probabilities of insolvency, laying the foundation 

for a more analytical and data-driven economy (Jordan & Mitchell, 2015). 

 

Between 2010 and 2020, ML established itself as a robust resource thanks to the development of more 

complex algorithms such as Random Forest, Support Vector Machines and Artificial Neural Networks. 

These models expanded the possibilities of analysis, allowing operational costs to be optimized, financial 

fraud to be detected and markets to be segmented more accurately. The literature from this period 

emphasizes how ML began to be integrated into accounting and administrative processes, generating a 

direct impact on business productivity and organizational resilience (Shrestha & Mahmood, 2019). 

 

Since 2020, research into ML has focused on its convergence with sustainability and the 

Sustainable Development Goals (SDGs). Studies highlight how prediction and classification algorithms 

can contribute to inclusive economic growth (SDG 8), foster innovation and digital infrastructure (SDG 

9), and support the reduction of inequalities through the intelligent segmentation of vulnerable 

populations. In this regard, ML is no longer viewed solely as a tool for economic efficiency, but as a 

driver of social and organisational transformation. Furthermore, ethical and technical challenges have 

been identified, such as the need to ensure transparency in models, reduce bias in data, and establish 

regulatory frameworks that ensure the responsible governance of artificial intelligence (Bini, 2018). 

 

The literature also emphasises that the impact of ML on economic efficiency is not limited to 

financial forecasting, but extends to the automation of administrative processes through Robotic Process 

Automation (RPA), the detection of anomalies in transactions, and the optimisation of strategic decisions 

in highly uncertain environments. These advances have enabled organisations to adopt more resilient and 

sustainable models, aligned with the global agenda for competitiveness and sustainable development. 

 

https://www.science.org/doi/10.1126/science.aaa8415
https://ieeexplore.ieee.org/document/8694781
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It is evident that ML has evolved from being a basic statistical tool to becoming a driver of 

competitiveness and sustainability. Its application to economic efficiency not only improves productivity 

but also contributes to the achievement of the SDGs, although challenges relating to ethics, governance 

and technological accessibility remain. This historical and conceptual overview lays the foundations for 

understanding the potential of ML in building resilient economies by 2026. 

 

2. Method 

 

The methodology of this study is framed at a conceptual and descriptive level, with the aim of analysing 

how different machine learning models can contribute to economic efficiency and organisational 

competitiveness within the framework of the Sustainable Development Goals (SDGs). No empirical tests 

will be carried out; instead, the benefits documented in previous research will be presented, and 

recommendations for their implementation within organisations will be proposed. 

 

1. Linear and logistic regression 

 

Linear regression is one of the most widely used models in economics and management, as it allows 

relationships between variables to be established and financial trends to be projected. Its application in 

organisational settings facilitates the estimation of revenue, costs and productivity, thereby contributing 

to more accurate strategic planning. According to Jordan and Mitchell (2015), linear regression has been 

key to the early development of Machine Learning, by providing a robust statistical framework for 

predicting economic outcomes. 

 

Box 1 

 

 
 

 

Figure 1 

Linear Regression 

 

 On the other hand, logistic regression is mainly used in classification problems, such as 

identifying customers at high risk of default or detecting patterns of fraud. This model allows 

probabilities to be assigned to binary events, which is essential for financial risk management. Previous 

research has shown that logistic regression is effective for analysing the economic efficiency of business 

operations, by improving financial security and reducing losses resulting from poor decision-making. 

 

 

 

 

 

 

 

 

 

https://www.science.org/doi/10.1126/science.aaa8415
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Box 2 

 

 
 

Figure 2 

Logistic Regression 

 

 In terms of organisational benefits, both models offer clear advantages: 

 

− Anticipating financial scenarios through reliable forecasts. 

− Credit risk classification that strengthens business stability. 

− Optimising resources by reducing uncertainty in decision-making. 

 

Box 3 

 

 
 

Figure 3 

Comparison 

 

 These results are directly linked to SDG 8 (Decent Work and Economic Growth), as they promote 

inclusive and sustainable growth by improving the financial resilience of organisations 

 

 The implementation of linear and logistic regression models requires well-structured, cleaned 

numerical data with relatively stable statistical assumptions, such as the absence of multicollinearity and 

the normality of the residuals. These models can be run using accessible software such as Excel, R or 

Python (scikit-learn, statsmodels), without the need for advanced infrastructure, making them tools that 

can be rapidly applied in economic contexts. Furthermore, their low computational cost and 

interpretability make them suitable for data analysts and economists seeking rapid and reliable 

predictions (Hosmer, Lemeshow & Sturdivant, 2013). 

 

2. Decision Trees and Random Forests 

 

Decision trees are among the most intuitive models in machine learning, as they allow classification and 

prediction processes to be represented using hierarchical structures that are easy to interpret. In the 

economic sphere, they have been used to assess financial risks, segment customers and optimise 

administrative processes. Their main advantage lies in the transparency of the model, which makes it 

easier for managers and decision-makers to understand the results (Breiman et al., 1984). 

https://onlinelibrary.wiley.com/doi/book/10.1002/9781118548387
https://www.taylorfrancis.com/books/mono/10.1201/9781315139470/classification-regression-trees-leo-breiman-jerome-friedman-olshen-charles-stone
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 Random Forest, a commonly used machine learning algorithm developed by Leo Breiman and 

Adele Cutler, combines the results of multiple decision trees to arrive at a single outcome. Its ease of use 

and flexibility have driven its adoption; as it handles both classification and regression problems, this 

ensemble technique based on multiple decision trees has demonstrated superior performance in 

classification and economic forecasting tasks. This model reduces the risk of overfitting and improves 

accuracy by combining the results of several trees, making it a robust tool for detecting financial fraud, 

optimising costs and designing more efficient market strategies. Previous research has shown that 

Random Forest is highly effective in predicting insolvencies and identifying patterns of economic 

behaviour, contributing directly to organisational competitiveness (Liaw & Wiener, 2002). 

 

 In terms of organisational benefits, both models offer: 

 

− Greater accuracy in the classification of financial risks. 

− Optimisation of operating costs through the identification of patterns of inefficiency. 

− Customer and market segmentation that enables the design of differentiated strategies. 

 

 These results are linked to SDG 9 (Industry, Innovation and Infrastructure), by strengthening 

organisational resilience and promoting digital innovation in economic management. 

 

 A simple example of the use of decision trees and Random Forest in organisational management 

can be seen in the planning of production facilities. Using a decision tree, managers can assess different 

demand scenarios — low, average or high — and decide whether it is advisable to maintain a small, 

medium or large facility, or even to expand capacity depending on market conditions. This type of 

analysis allows the potential consequences of each decision to be clearly visualised and probabilities to 

be assigned to the outcomes, facilitating more informed strategic planning. 

 

 When using Random Forest, multiple trees are combined to obtain more robust and reliable 

predictions, reducing the risk of errors and improving the accuracy of future demand forecasts. In this 

way, organisations can optimise resources, minimise costs and strengthen their competitiveness in 

dynamic environments (Liaw & Wiener, 2002). 

 

Box 4 

 

 
 

 

Figure 4 

Decision Trees 

 

 The implementation of decision trees and Random Forests requires pre-cleaned categorical 

and numerical data, alongside platforms such as Python (scikit-learn), R (rpart, randomForest) or 

RapidMiner. Although simple trees are easy to interpret, Random Forests require greater computational 

power and memory, so a high-performance computer is recommended. These models require 

professionals with experience in supervised learning techniques and hyperparameter tuning, as cross-

validation is essential to avoid overfitting and ensure robust results (Breiman, 2001). 

 

 

 

https://journal.r-project.org/articles/RN-2002-022/
https://journal.r-project.org/articles/RN-2002-022/
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3. Support Vector Machines (SVM) 

 

Support Vector Machines (SVMs) are machine learning models widely used in classification and 

anomaly detection problems, thanks to their ability to find optimal boundaries between data categories. 

In the economic sphere, SVMs have proven to be highly effective in identifying financial fraud, 

classifying customers according to their risk level and detecting irregular patterns in transactions. Their 

strength lies in their ability to handle high-dimensional data and generate accurate results even in 

complex scenarios (Cortes & Vapnik, 1995). 

 

Box 5 

 

 
 

Figure 5 

Support Vector Machines (SVM) 

 

 In terms of organisational benefits, SVMs offer: 

 

− Greater financial security, by reducing losses from fraud and suspicious transactions. 

− Reliable customer classification, which improves credit risk management. 

− Optimisation of digital processes, by increasing transparency and trust in automated systems. 

 

 These results are directly linked to SDG 9 (Industry, innovation and infrastructure), as they 

strengthen organisations’ technological infrastructure and promote safer and more innovative practices 

in economic management. 

 

 Implementing SVM requires scaled and normalised data, particularly in high-dimensional 

scenarios. Tools such as Python (scikit-learn), R (e1071) or MATLAB are used, and although it can be 

run on a CPU, the use of a GPU is recommended for large volumes of data. The required professional 

profile is that of a specialist in classification and mathematical optimisation, given that the selection of 

parameters and kernels is critical to obtaining accurate results. Implementation time is usually medium 

to long, due to the complexity of configuring and tuning the model (Cortes & Vapnik, 1995). 

 

4. Artificial Neural Networks and Deep Learning 

 

Artificial Neural Networks (ANNs) and Deep Learning architectures have transformed the way 

organizations process information, by allowing non-linear relationships to be modeled and complex 

patterns to be discovered in large volumes of data. In the economic field, these techniques have been 

applied in the prediction of financial time series, fraud detection and the optimization of administrative 

processes, offering a significant competitive advantage. 

 

https://doi.org/10.1007/BF00994018
https://doi.org/10.1007/BF00994018
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 Deep Learning has revolutionized the ability of companies to anticipate market fluctuations 

and design sustainable investment strategies, highlight that deep neural networks have opened up new 

possibilities in intelligent automation, improving economic efficiency and organizational adaptability. 

(LeCun et. al., 2015) 

 

Box 6 

 

 
 

Figure 6 

Redes Neuronales Artificiales y Deep Learning 

 

 In terms of organisational benefits, ANNs and deep learning enable: 

 

− Predict economic trends with greater accuracy. 

− Reduce financial risks through the early detection of anomalies. 

− Optimise internal processes by automating complex tasks. 

− Strengthen digital competitiveness in dynamic environments. 

 

 These results are directly linked to SDG 8 (Decent Work and Economic Growth) and SDG 9 

(Industry, Innovation and Infrastructure), as they drive inclusive growth, foster technological innovation 

and strengthen organisational resilience towards sustainable development. 

 

 The application of neural networks and deep learning requires large volumes of data, both 

structured and unstructured (text, images, time series), as well as computing infrastructure with GPUs or 

TPUs for extensive training. They are implemented using advanced software such as TensorFlow, Keras 

or PyTorch in Python, and require professionals specialising in artificial intelligence and neural 

architectures. The implementation time is lengthy, as it involves model design, intensive training and 

complex validation, making these techniques powerful yet resource-intensive tools (LeCun, Bengio, & 

Hinton, 2015). 

 

5. Clustering algorithms (K-means, DBSCAN) in economic efficiency 

 

B Clustering algorithmsB , such as B K-meansB and B DBSCANB , are unsupervised machine learning 

techniques that enable data to be grouped based on similarities, without the need for prior labelling. In 

the economic sphere, these models have been used for B market segmentationB, B customer 

classificationB and the B identification of consumption patternsB, which helps organisations to design 

differentiated and more inclusive strategies. 

 

 

 

 

 

 

https://doi.org/10.1038/nature14539
https://doi.org/10.1038/nature14539
https://doi.org/10.1038/nature14539
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Box 7 

 

 
 

Figure 7 

Clustering Algorithms 

 

 K-means is widely recognised for its simplicity and efficiency in clustering large volumes of data, 

whilst DBSCAN is particularly useful for identifying groups of customers with atypical behaviour or 

under-explored market niches. According to Xu and Tian (2015), clustering algorithms are essential for 

uncovering hidden structures in data, enabling businesses to optimise resources and improve strategic 

decision-making. Furthermore, Jain (2010) emphasises that these techniques have been fundamental in 

economic and marketing applications, by offering a clearer insight into consumer diversity. 

 

 In terms of organisational benefits, clustering algorithms enable: 

 

− Segmenting customers and markets to design personalised strategies. 

− Detecting hidden patterns that improve operational efficiency. 

− Reducing inequalities by identifying vulnerable groups and addressing their specific needs. 

 

 These outcomes are directly linked to SDG 10 (Reduced inequalities), as they promote more 

equitable access to products and services, and to SDG 9 (Industry, innovation and infrastructure), by 

driving innovation in data management and digital competitiveness. 

 

 The implementation of clustering algorithms requires unlabelled data that has been previously 

normalised and has defined parameters, such as the number of clusters in K-means or the minimum 

density in DBSCAN. Tools such as Python (scikit-learn), R or MATLAB are used, and although they do 

not require advanced infrastructure, they do demand a careful analysis of initial parameters to ensure the 

consistency of the resulting clusters. The required professional profile is that of a data analyst with 

experience in unsupervised techniques, and the implementation time is moderate, as the quality of the 

clusters must be validated and the parameters adjusted to improve the results (Jain, 2010; Xu & Tian, 

2015). 
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Comparison table of machine learning models (complete) 

 

 

Box 8 

 

Table 1 

 
Model Description Advantages Disadvantages Implementation 

requirements 

Linear and logistic 

regression 

Statistical models used for prediction 

(linear) and classification (logistic). 
✔ Easy to implement 

✔ Low computational cost 

✔ High interpretability 

✔ Useful for financial 

forecasting 

❌ Does not capture non-

linear relationships 

❌ Lower accuracy with 

complex data 

❌ Strict statistical 

assumptions 

🔹 Structured and clean 

data 

🔹 Basic knowledge of 

statistics 

🔹 Basic software (Excel, 

Python, R) 

🔹 Low computing power 

Decision trees A rule-based hierarchical model for 

classification and prediction. 
✔ Easy to interpret 

✔ Handling of mixed 

variables 

✔ Clear visualisation 

❌ Frequent readjustment 

❌ Limited accuracy in 

complex cases 

🔹 Structured data 

🔹 Tools such as Python 

(scikit-learn) 

🔹 Basic pre-processing 

🔹 Moderate computing 

Random Forest A set of multiple trees to improve 

accuracy. 
✔ High precision 

✔ Reduces overfitting 

✔ Robust against noise 

❌ Reduced interpretability 

❌ Higher computational 

cost 

🔹 Larger data sets 

🔹 Specialised libraries 

(scikit-learn) 

🔹 Medium to high 

computing power 

🔹 Hyperparameter 

tuning 

Support Vector 

Machines (SVM) 

A model that finds optimal boundaries 

between classes. 
✔ High accuracy 

✔ Operates in high-

dimensional spaces 

✔ Effective at detecting 

fraud and anomalies 

❌ Difficult to interpret 

❌ High computational cost 

❌ Sensitive to parameters 

🔹 Well-scaled data 

🔹 Appropriate kernel 

selection 

🔹 Intermediate technical 

knowledge 

🔹 Medium to high 

computing power 

Redes Neuronales / 

Deep Learning 

Complex models that detect non-linear 

patterns. 
✔ High accuracy 

✔ Learns complex patterns 

✔ Scalable to big data 

❌ Requires a lot of data 

❌ Black box 

❌ High computational cost 

🔹 Large volumes of data 

🔹 GPUs/TPUs 

(specialised hardware) 

🔹 Frameworks 

(TensorFlow, PyTorch) 

🔹 Advanced knowledge 

Clustering (K-means, 

DBSCAN) 

Unsupervised models that cluster data 

based on similarity. 
✔ No labels required 

✔ Detects hidden patterns 

✔ Useful for segmentation 

❌ Sensitivity to parameters 

❌ Difficult to validate 

❌ Variable results 

🔹 Exploratory data 

analysis 

🔹 Definition of distance 

metrics 

🔹 Analytical tools 

(Python, R) 

🔹 Knowledge of data 

analysis 

 

Discussion 

 

The analysis of Machine Learning models shows that their implementation in economic efficiency not 

only improves business productivity, but is also linked to the global sustainability agenda. Linear and 

logistic regression remains relevant in structured financial scenarios, where transparency and ease of 

implementation are priorities. Recent research highlights its effectiveness in assessing credit risks and 

operational efficiency, reinforcing SDG 8 (Decent Work and Economic Growth) by promoting financial 

stability. (Grzelak et al., 2024). 

 

 On the other hand, decision trees and Random Forest have shown superior performance in risk 

classification and financial fraud detection. Their ability to handle large volumes of data and reduce 

overfit makes them key tools for digital innovation and organizational resilience, linking directly to SDG 

9 (Industry, innovation and infrastructure) (Chen et al., 2021). 

 

 In the case of Support Vector Machines (SVM), its accuracy in detecting financial anomalies 

and fraud strengthens digital security and trust in automated systems. This contributes to the construction 

of safer and more sustainable technological infrastructures, aligned with SDG 9, by encouraging 

innovative practices in economic management (Cortes & Vapnik, 1995). 

 

 

 

https://www.mdpi.com/2305-6290/8/2/46
https://doi.org/10.1109/ACCESS.2021.3050872
https://doi.org/10.1007/BF00994018
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 Artificial Neural Networks and Deep Learning represent a qualitative leap in financial market 

prediction and administrative automation. Recent studies show that these architectures make it possible 

to anticipate market fluctuations and optimize internal processes, contributing to SDG 8 through 

inclusive growth and SDG 9 through technological innovation. (Nti et al., 2020; LeCun, Bengio & 

Hinton, 2015). 

 

 Finally, clustering algorithms (K-means, DBSCAN) have proven to be fundamental for market 

segmentation and the identification of hidden patterns in data. Its application in the detection of 

vulnerable populations and in the reduction of inequalities connects directly with SDG 10 (Reduced 

inequalities) and SDG 9, by promoting inclusive strategies and strengthening digital competitiveness. 

(García-Rodríguez et al., 2025). 

 

 Machine Learning models not only optimize economic efficiency, but also become engines of 

social and organizational transformation. However, ethical and technical challenges remain, such as the 

need to ensure transparency, reduce bias, and establish regulatory frameworks that ensure responsible 

governance of artificial intelligence. (Arrieta et al., 2020) 

 

Conclusions 

 

This study confirms that machine learning models constitute a strategic pillar for economic efficiency 

and organisational competitiveness by 2026. A review of algorithms such as regression, decision trees, 

support vector machines, neural networks and clustering demonstrates that each offers distinct benefits 

in financial forecasting, risk management, administrative automation and market segmentation. 

 

 In terms of sustainability, it is evident that these models not only optimise internal processes but 

also contribute directly to the fulfilment of the Sustainable Development Goals (SDGs): 

 

− Linear and logistic regression strengthen SDG 8 (Decent Work and Economic Growth) by 

improving financial stability through reliable predictions. 

− Decision trees and Random Forest advance SDG 9 (Industry, innovation and infrastructure) by 

promoting digital innovation and organisational resilience. 

− SVMs reinforce technological security and trust in automated systems, aligning with SDG 9. 

− Neural networks and deep learning contribute to both SDG 8 and SDG 9 by anticipating economic 

trends and fostering technological innovation. 

− Clustering algorithms are linked to SDG 10 (Reduced inequalities) and SDG 9 by enabling 

inclusive strategies and the targeting of vulnerable populations. 

 

 It is also recognised that the adoption of these technologies poses ethical and technical challenges, 

such as the need to ensure transparency, reduce bias and establish regulatory frameworks that guarantee 

responsible governance of artificial intelligence. Recent literature emphasises that the future of economic 

competitiveness will depend on organisations’ ability to integrate explainable, sustainable and resilient 

models capable of balancing technical accuracy with social responsibility. 

 

 Machine learning is not only a driver of productivity but also a catalyst for social and 

organisational transformation. Its responsible implementation will enable economic efficiency to become 

a genuine instrument of sustainable development, strengthening global competitiveness in the digital age. 
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