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I.- Identificación del Proyecto 

 

Instituto o Centro: Tecnológico Nacional de México/ Instituto Tecnológico de Ciudad Madero 

Nombre del docente: Juan Javier González Barbosa 

Título del proyecto: Uso de Técnicas para la mejora del Pronostico en Series de Tiempo 

Tipo de investigación: PROYECTO DE INVESTIGACIÓN CIENTÍFICA 

Duración del proyecto: Un año 

Fecha de inicio del proyecto: 01 de septiembre 2024 

Fecha de término del proyecto: 31 de agosto de 2025 

 

II.- Resultados 

1.- Resumen del Proyecto 

Este proyecto busca realizar un análisis y descripción sobre algunas técnicas que ayudan a 

mejorar el pronóstico de diferentes tipos de series de tiempo, particularmente series financieras y 

de cambio climático.  

El problema de pronóstico es vital en una gran cantidad de áreas de investigación, como 

son problemas asociados a energía, industria, series financieras y cambio climático. En la 

actualidad, este tipo de problemas usa una combinación de métodos de pronóstico para encontrar 

la solución. Es decir, el método a desarrollar utiliza diferentes métodos individuales para lograr un 

buen pronóstico. Sin embargo, se requiere el el uso de otras técnicas, antes, durante y al final del 

proceso del pronóstico para obtener el mejor desempeño o el menor error.  

Dado lo anterior es necesario hacer una descripción y análisis teórico y en algunos casos 

practico para su uso. Para lo cual tendremos dos casos de estudio.  



 

4 
 

2.- Objetivo del Proyecto 

Analizar el uso de Técnicas de mejora para el pronóstico de Series de Tiempo. 

Objetivos Particulares 

Objetivo particular 1 (OP1): Analizar el estado del arte de los métodos de pronóstico que 

formarán parte de la investigación.  

Objetivo particular 2 (OP2). Analizar y evaluar los mejores métodos de pronóstico reportados 

en el estado del arte.  

Objetivo particular 3 (OP). Desarrollar los métodos de solución de los problemas considerados.  

Objetivo particular 4 (OP4). Evaluar experimentalmente el desempeño de los métodos de 

solución considerados.  

Objetivo particular 5 (OP5). Difundir resultados en diversos foros. 

 

3.- Metas. Cumplimiento de metas 

Las metas que se alcanzarán como resultado de este proyecto de investigación son:  

• Consolidar la línea de investigación de Simulación y Computo Aplicado en el Instituto 

Tecnológico de Cd. Madero.  

• Generar nuevo conocimiento relativo a la Ciencia de Datos, validado por la comunidad 

científica especializada en esta área.  

• Buscar la permanencia en el SNP de los programas Ciencias de la Ingeniería y Ciencias de 

la Computación.  

• Incrementar la Producción Científica con el fin de continuar permaneciendo en el SNII.  

• Formar estudiantes de doctorado, maestría y licenciatura en el campo de la Ciencia de 

Datos.  
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Metas cuantificables Cantidad 
programada 

Cantidad lograda Observaciones 

Incorporación de estudiantes de 
licenciatura al proyecto, créditos 
complementarios: 

   

Incorporación de estudiantes de 
licenciatura al proyecto, servicio 
social: 

   

Estudiantes 
concluida 

con residencia    

Tesis en desarrollo de Licenciatura    

Tesis concluida de Licenciatura    

Tesis en desarrollo de Maestría 1 1  

Tesis concluida de Maestría    

Tesis en desarrollo de Doctorado 1 1  

Tesis concluida de Doctorado    

Artículos científicos publicados en 
revistas indizadas enviados 

   

Artículos científicos en revistas 
arbitradas enviados 

   

Artículos de divulgación enviados    

Artículos científicos en revistas 
indizadas publicados 

 2  

Artículos científicos en revistas 
arbitradas publicados 

   

Artículos de divulgación publicados 2 2  

Memorias en extenso en congresos    

Capítulos de libros enviados para 
revisión 

   

Libros enviados para revisión    

Libros editados y publicados    

Registro de Patente (IMPI)    

Registro de Modelo de Utilidad 
(IMPI) 

   

Registro de 
(IMPI) 

Signos Distintivos    

Registro de Diseño Industrial (IMPI)    

Registro de Esquemas de Trazado 
de Circuitos Integrados (IMPI): 

   

Registro de Obra (INDAUTOR):    

Carta de Usuario (Empresa):    
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Metas cumplidas 
 

 
Incorporación de estudiantes de licenciatura 
al proyecto, créditos complementarios: 

 

  

Fecha Nombre de los estudiantes incorporados y su 
Programa Educativo 

  

 
Incorporación de estudiantes de licenciatura al 
proyecto, servicio social: 

 

  

Fecha Nombre de los estudiantes incorporados y su 
Programa Educativo 

  

Estudiantes  residentes  participantes  en  el 
proyecto 

 

Fecha Nombre de los estudiantes residentes, nombre 
del proyecto de residencia y su Programa 
Educativo 

  

 
Tesis en desarrollo de Licenciatura  

Fecha Nombre de la tesis 
  

 
Tesis concluidas de Licenciatura  

Fecha Nombre de la tesis 
  

 
Tesis en desarrollo de Maestría  

Fecha Nombre de la tesis 
Agosto 2025 ESTIMACIÓN DE LA TEMPERATURA USANDO 

ANÁLISIS MULTIVARIABLE 
 

Tesis concluidas de Maestría  

Fecha Nombre de la tesis 
  

 
Tesis en desarrollo de Doctorado  

 

 

 

 
Fecha Nombre de la tesis 

Agosto 2025 Portafolios de Inversión Utilizando Métodos 
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Heurísticos y de Aprendizaje 
Profundo en Mercados Estandarizados 

 
Tesis concluidas de Doctorado  

Fecha Nombre de la tesis 
  

 
Artículos científicos publicados o enviados en 
revistas indizadas 

 

Fecha Nombre del artículo y acuse de envío 
Septiembre 2024 A Comparative Analysis of the Classical and 

Machine learning Forecasting Methods for the 
Mexican Stock Exchange 

Marzo 2025 MASIP: A Methodology for Assets Selection in 
Investment Portfolios 

 
Artículos científicos publicados o enviados en 
revistas arbitradas 

 

Fecha Nombre del artículo y acuse de envío 
  

 
Artículos de divulgación publicados o 
enviados 

 

Fecha Nombre del artículo y acuse de envío 
Mayo 2025 Multivariate Temperature Prediction using deep 

learning 
Mayo 2025 Forecasting and Optimization of stock Market 

assets using metaheuristics and deep learning 
 

Memorias en extenso en congresos  

Fecha Nombre y memoria del Congreso 
  

Capítulo(s) de libros enviados para revisión  

Fecha Nombre del Libro y del/de los capítulo(s) y 
acuse de enviado 

  
 

Libro(s) enviados para revisión  

Fecha Nombre del/de los Libro(s) y acuse de enviado 
  

 
Libro(s) editado(s) y publicado(s)  

Fecha Nombre del/de los Libro(s) y Editorial(es) 
  

 
Registro de Patente (IMPI):  

Fecha Acuse de solicitud de registro de patente 
  

 
Registro de Modelo de Utilidad (IMPI)  
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Fecha Acuse de solicitud de registro 
  

 
Registro de Signos Distintivos (IMPI):  

Fecha Acuse de solicitud de registro 
  

 
Registro de Diseño Industrial (IMPI)  

 
Fecha Acuse de solicitud de registro 

  
 

Registro de Esquemas de Trazado de Circuitos 
Integrados (IMPI): 

 

Fecha Acuse de solicitud de registro 
  

 
Registro de Obra (INDAUTOR):  

Fecha Acuse de solicitud de registro 
  

 
Carta de Usuario (Empresa):  

Fecha Acuse de solicitud de registro 
  

 

 

 

4.- Metodología 

 

Explique el o los procedimientos científico-metodológicos que se siguieron para cumplir 

los objetivos y metas del proyecto, indicando las pruebas estadísticas, diseño experimental y 

técnicas a utilizar (máximo dos cuartillas). 

El problema de pronóstico es vital en una gran cantidad de áreas de investigación, como 

son problemas asociados a energía, industria, series financieras y cambio climático. En la 

actualidad, este tipo de problemas usa una combinación de métodos de pronóstico para encontrar 

la solución. Es decir, el método a desarrollar utiliza diferentes métodos individuales para lograr 
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un buen pronóstico. Sin embargo, se requiere el uso de otras técnicas, antes, durante y al final 

del proceso del pronóstico para obtener el mejor desempeño o el menor error. 

Dado lo anterior es necesario hacer una descripción y análisis teórico y en algunos casos 

practico para su uso. Para lo cual tendremos dos casos de estudio. 

➢ Caso 1.- Para Series de Tiempo Financieras, se realizará el pronóstico para diferentes 

activos. 

➢ Caso 2.- Para series de tiempo de cambio climático, se realizará el pronóstico para al 

menos cuatro variables (Ciudades). 

La metodología consta de las siguientes etapas. 

Etapa 1. El primer paso es establecer los conjuntos de datos (Series financieras y series 

de cambio climático). En esta etapa es importante analizar de forma precisa las series. 

Posteriormente se hará una preselección para formas conjuntos con diferentes problemáticas. 

Después de haber concluido con la preselección, se procede a la limpieza de los datos 

recolectados, lo que facilitará el procesado al brindar datos confiables para poder realizar el 

análisis. Para este punto es de gran relevancia el revisar las técnicas de limpieza de datos clásicas 

para seleccionar la más adecuada al problema. 

Etapa 2. Una vez que se tengan los datos listos, se sintonizan los hiperparametros de los 

métodos individuales con el fin de obtener el mejor resultado de estos, posteriormente se 

seleccionan los métodos individuales que se utilizaran para la construcción del ensamble de 

métodos. 

Etapa 3. Dado el pronóstico inicial se procede a su optimización, para lo cual se varían 

los pesos de cada método participante. En este punto es necesario utilizar alguna métrica de 

desempeño como: MAPE (Mean absolute percentage error), SMAPE (symmetric Mean Absolute 
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Percentage Error) o MASE (Mean Absolute Scaled Error), con el fin de encontrar la mejor 

combinación de pesos asignada a cada método. 

Etapa 4. Se comparan resultados con respecto a los mejores métodos participantes y se 

realiza el reporte con los detalles del método para su difusión. 

 

Caso 1 

Para Series de Tiempo Financieras, se realizará el pronóstico para diferentes activos. Los 

pronósticos son estimaciones futuras basadas en patrones y tendencias identificados en datos 

históricos. Estas estimaciones se utilizan en una variedad de industrias, desde finanzas y economía 

hasta la gestión de inventarios y la toma de decisiones empresariales (Makridakis, S., 1998).  

Etapa 1. Para este caso se utilizó la Bolsa de Valores de Bovespa, que actualmente cuenta 

con más de 1,500 empresas y una capitalización bursátil de un billón de dólares (Yahoo Finance, 

s. f.). Se utilizaron los registros del valor de los activos del mercado de valores de Bovespa, que 

constan de 22 series de tiempo financieras que contienen información desde el 2 de enero de 2020 

hasta el 28 de julio de 2022. 

Después de haber seleccionado el mercado y las series se procede a realizar el 

preprocesamiento lo cual implica ejecutar una serie de análisis y para que las series puedan ser 

utilizadas por los algoritmos que harán el pronóstico. 

Dado que los datos generalmente provienen de bases de datos reales, implica limpiar, 

transformar y organizar los datos para su análisis (Kelleher, J. D., & Tierney, B., 2018; Provost, 

F., & Fawcett, T., 2013; Kuhn, M., & Johnson, K., 2019). Este paso crucial asegura que tus datos 

estén libres de errores, inconsistencias y elementos innecesarios, a esto se le conoce como 

preprocesamiento. 
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Etapa 2. Selección de los métodos individuales:  

El conjunto de datos utilizado para desarrollar esta etapa forma parte de la Bolsa de Valores 

de Bovespa, que actualmente cuenta con más de 1,500 empresas y una capitalización bursátil de 

un billón de dólares dólares (Yahoo Finance, s. f.). Se utilizaron los registros del valor de los 

activos del mercado de valores de Bovespa, que constan de 22 series de tiempo financieras que 

contienen información desde el 2 de enero de 2020 hasta el 28 de julio de 2022. El conjunto de 

datos incluye 641 precios de cierre diarios para cada serie temporal, los cuales fueron divididos en 

un 80% para el bloque de entrenamiento, un 10% para la validación y un 10% para prueba. Las 

series se clasificaron en cuatro sectores principales: Energía, Financiero, Industrial y Transporte. 

Con la finalidad de mejorar el desempeño de los modelos de pronóstico es fundamental 

configurar los hiperparámetros, ya que esto define su capacidad para generalizar y evitar 

problemas como el sobreajuste o el desajuste (Victoria, A.H., & Maragatham, G., 2021; Wu, J. et 

al. 2019). Un modelo sobreajustado presenta un error bajo en el conjunto de entrenamiento, pero 

un rendimiento deficiente con datos desconocidos, mientras que un modelo desajustado carece de 

la flexibilidad para capturar patrones relevantes. 

Algunas técnicas pueden ser el ajuste bayesiano, el cual prioriza las configuraciones de 

buen rendimiento utilizando un modelo probabilístico iterativo, lo que reduce el espacio de 

búsqueda y aumenta la eficiencia u otro más tradicional es el GridSearch, el cual se adapta 

dinámicamente a resultados anteriores, maximizando la probabilidad de encontrar configuraciones 

óptimas con menos evaluaciones (Wu, J. et al. 2019). Una vez ajustado los hiperparametros del 

modelo se procede a su utilización. 

Etapa 3 y 4. Dado el pronóstico inicial se procede a medir su desempeño utilizando 

métricas de error como: MAPE (Mean absolute percentage error) o SMAPE (symmetric Mean 
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Absolute Percentage Error), con el fin de comparar los resultados y realizar el reporte con los 

detalles del método para su difusión. 

Los resultados en esta etapa mostraron que el algoritmo para pronostico CNN, tiene mejor 

desempeño para el sector Industrial, con el menor porcentaje de error registrado para las métricas. 

Los resultados se muestran en la Tabla 2. 

 

Tabla 2.- Desempeño en sectores 
Sectores MAPE  MSE  SMAPE 
Energía  3.79 0.01 3.89 
Financiero  4.27 0.01 4.46 
Industrial  2.70 0.002 2.69 
Transporte  4.45  0.002 4.36 
Error promedio  3.74  0.005 3.80 

 

 

Conclusiones 

 

El algoritmo CNN muestra un desempeño consistente al procesar las 22 series de forma 

general para obtener el pronóstico de los activos, alcanzando un MAPE de 3.74%. Durante las 

experimentaciones realizadas se pudo observar que el algoritmo CNN tiene una mayor fortaleza 

para pronosticar las series del sector Industrial al obtener un MAPE de 2.70%. 

 

Caso 2 

Para series de tiempo de cambio climático, se realizará el pronóstico para al menos cuatro 

variables (Ciudades). Siguiendo la metodología del presente trabajo tenemos las siguientes etapas. 

Etapa 1. El conjunto de datos utilizado para este estudio proviene de fuentes de libre acceso 

correspondiente a mediciones de temperatura de los aeropuertos en las ciudades objeto de estudio, 
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complementadas con registros de las estaciones meteorológicas locales, (tomados de 

tutiempo.net). Estos datos representan los promedios mensuales de temperatura para cuatro 

ciudades costeras del Golfo de México: Tampico, Matamoros, Houston y Miami, abarcando el 

periodo de enero de 1997 hasta diciembre de 2023, proporcionando una base amplia para su 

análisis. 

Etapa 2. Una vez que se tengan los datos listos, se inicia con la selección de los métodos 

individuales que se utilizaran para hacer el pronóstico. Para este caso se utilizará el método Holt 

and Winters, el cual es un procedimiento de suavizado exponencial para series temporales que 

exhiben tendencias y patrones estacionales.  

El método de Holt-Winters aplica suavizado exponencial a cada uno de los tres componentes 

mencionados. Utiliza tres parámetros de suavizado: 𝛼 para el nivel, 𝛽 para la tendencia, y 𝛾 para 

la estacionalidad. Estos parámetros controlan la ponderación relativa de las observaciones más 

recientes frente a las más antiguas, y son cruciales para el ajuste del modelo; su selección puede 

basarse en criterios de optimización como la minimización del error cuadrático medio (Sheng, J. 

et al. 2023). Una de las principales ventajas de Holt-Winters es su capacidad para adaptarse a 

cambios en la tendencia y la estacionalidad sin necesidad de modelos complejos (Domínguez, D. 

et al. 2023). 

Etapa 3 y 4. Dado el pronóstico inicial se procede a medir su desempeño utilizando 

métricas de error como: MAPE (Mean absolute percentage error) o SMAPE (symmetric Mean 

Absolute Percentage Error), con el fin de comparar los resultados y realizar el reporte con los 

detalles del método para su difusión. Los resultados se muestran a continuación. 
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Tabla 3. Desempeño de Holt and Winters. 

 MAPE DA RMSE 

Tampico 3.6254 74.4681 1.1132 

Matamoros 4.89 85.11 1.57 

Miami 2.68 93.62 0.83 

Houston 6.5292 85.1064 1.6479 

 

 

Conclusiones 

 

El algoritmo Holt and Winters muestra un buen desempeño para las ciudades de Miami, 

Tampico y Matamoros al tener un error menor al 5%.   

 

 

5.- Difusión 

 

Se participo en el 4o Congreso Internacional de tecnología y ciencia Aplicada 

(CITCA), celebrado en el Centro Nacional de Investigación y desarrollo Tecnológico, con dos 

ponencias: 

Multivariate Temperature Prediction using deep learning, presentada por Allan Mizael 

Jiménez Fernández, estudiante de maestría. 

Forecasting and Optimization of stock Market assets using metaheuristics and deep 

learning, presentada por Francisco Rivera Vargas, estudiante de Doctorado. 

Ambos estudiantes están desarrollando su tesis como parte de este proyecto. 
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La primera ponencia fue elegida para contribuir como ARTICULO PARA 

CONGRESO, en el área de CIENCIAS DE LA COMPUTACION. 

La segunda fue elegida para contribuir como ARTICULO PARA REVISTA. 

Otro logro de este Proyecto fue la publicación de DOS ARTICULOS CIENTIFICOS 

EN REVISTAS INDIZADAS  

1. A Comparative Analysis of the Classical and Machine learning Forecasting Methods for 

the Mexican Stock Exchange 

2. MASIP: A Methodology for Assets Selection in Investment Portfolios 

 

6.- Beneficios y Problemas 

 

Los beneficios que aporta el presente proyecto se verán reflejados principalmente en: 

a) fortalecimiento del cuerpo académico.  

b) Incremento en la productividad científica y tecnológica.  

c) Formación de recursos humanos.  

De manera particular este proyecto beneficia a los programas de Ingeniería en Sistemas 

y Computación, al Posgrado en Ciencias de la Computación y al Posgrado en Ciencias de la 

Ingeniería, del Tecnológico Nacional de México/ Instituto Tecnológico de Ciudad Madero.  
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Abstract. There is no recent comparison in the literature on the 
application of classical and machine learning methods for 
forecasting financial assets on the Mexican Stock Exchange 
(BMV). These methods divide the time series into three sections: 
training, validation, and testing. They predict future values using 
the training data and are evaluated in the validation phase using 
error metrics; once the lowest error is obtained, the best parameters 
and algorithms are used to predict values using the test section. 
This paper aims to find the most accurate regression algorithm to 
make predictions in the financial time series of the BMV. The 
regression methods compared include linear regression, neural 
networks, decision trees, and support vector regression. The study 
uses historical BMV asset price data to compare the accuracy of 
each of these algorithms. 
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1 Introduction 
 
Financial markets have been consolidated as elements of great importance for national economies, where companies and traders 
find business opportunities to increase their capital through stock trading (Roca et al, 2009) (Misra & Chaurasia, 2020). 
However, those who wish to perform their investment portfolios or purchase and sell assets require unavailable future stock 
prices; they should estimate them, and forecasting machine learning and statistical methods represent the best alternative to 
estimate them. The development of advanced technologies and the increased accessibility of financial data have boosted interest 
in trading-oriented forecasting techniques to reduce the uncertainty inherent in the sector due to fluctuating asset values, market 
volatility, and macroeconomic and environmental factors (Wasserbacher & Spindler, 2022) (Rouf et al, 2021). Not all assets 
exhibit the same level of volatility; some maintain specific stability, while others are highly volatile (Idrees et al, 2019). This 
variability highlights the importance of predicting their future behavior to make informed decisions with high confidence 
(Granger & Poon, 2024) (Xiao & Aydemir, 2007). 
 
Historically, the behavior of assets has been represented by time series, which capture the asset's value at regular intervals 
(Weigend, 1994). The graphical representation of the time series allows efficient visualization of the asset's behavior. 
Furthermore, the numerical data can be used in time series forecasting models to estimate the future values of the stocks, which 
is of great importance for creating investment portfolios with favorable rates of return (Hyndman & Athanasopoulos, 2021). The 
most commonly used forecasting models are the classical or statistical models, such as linear regression, exponential smoothing, 
and autoregressive strategies; besides modern machine learning techniques, such as support vector machines, decision trees, 
nearest neighbor techniques, and neural networks are common (Dougherty, 2011) (Gerlein et al, 2016) (Makridakis et al, 2008). 
The later models generally take advantage of the possible data patterns present in the time series, such as the trend, which refers 
to the behavior of the series in the medium or long term and can be increasing, decreasing, or constant; its seasonality, which 
refers to constant repetitive patterns within the series; its cyclicality, which refers to very long-term behaviors attributable to 
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macroeconomic factors; and the residual component, which encompasses behaviors over which there is no control (Hyndman & 
Athanasopoulos, 2021). Understanding these components facilitates understanding the asset's behavior and enables more 
accurate predictions (Werner, 2016). 
 
The Mexican Stock Exchange (BMV) is one of Mexico's leading financial institutions and is crucial in the domestic financial 
market. The BMV was established in 1894 to facilitate securities trading. It provides a transparent and efficient environment for 
purchasing and selling stocks, bonds, and other financial instruments. Its importance lies in channeling national savings into 
productive investment, boosting the country's economic growth. In addition, the BMV offers a wide range of products and 
services, including stock market indexes that reflect market performance and advanced tools for financial analysis. As a result, it 
is an essential point of reference for investors and analysts (Bolsa Mexicana de Valores, n.d.). 
 
In the context of this paper, the selection of assets from the Mexican Stock Exchange enables us to assess the suitability and 
efficacy of diverse time series forecasting techniques in an emerging and dynamic market (San Martin-Reyna & Duran-
Encalada, 2012). The BMV, with its rich data history and relevance in the Mexican economy, provides an ideal scenario to 
assess forecasting models and gain deeper insights into market dynamics that encompass both stability in specific sectors and 
high volatility in others (Herrera & Lockwood, 1995). These facts enhance the comparative analysis and provide valuable 
insights for investors seeking to optimize their trading strategies. This paper presents a comparative study of various time series 
forecasting techniques applied to predict the value of financial assets. Several assets of the Mexican Stock Exchange (BMV) 
were selected to analyze each method's capabilities, strengths, and limitations. The objective is to provide an overview of the 
performance of these methods using this market's data. 
 
This paper is organized as follows: Section 2 introduces the theoretical framework of the related strategies; Section 3 provides a 
detailed description of the experimental process with the selected strategies; and Section 4 presents the conclusions obtained and 
a discussion of the work. 
 
2 Related Methods 
 
The following is an overview of the methods and strategies used for comparison in this work. We remark that there are many 
variants of each method in the literature, each successful for the type of problem addressed. However, it is not possible to 
establish a definitive superiority for all problems. Therefore, the approaches discussed are described in general terms. Although 
they have been optimized to produce the best possible results, other variants could improve or worsen the predictive value. 
 
2.1 Time Series   
 
In the forecasting area, following the traditional definition, a time series is defined as a set of one or more variables recorded at 
regular intervals (Hyndman & Athanasopoulos, 2021). The value that an asset has taken in a specific period of the time series 
was previously influenced by events that occurred before the said period and whose number of periods and variables affecting it 
is usually impossible to establish. Thus, all we can say is that the value that has taken an asset in a specific time series has been 
influenced by the event that occurred in a specific period. In forecasting financial assets, such as those traded on the Mexican 
Stock Exchange (BMV), these time series permit modeling the evolution of the value of these assets as a function of time 
(Osisanwo & Atanda, 2012). 
 
In general, each variable in a time series can be decomposed into three main components: the trend, which represents the general 
direction in which the series moves over the long term; the seasonality, which reflects repetitive patterns over shorter periods; 
and the residual component, which captures the variability not explained by the trend and seasonality (Zarnowitz & Ozyildirim, 
2006). Furthermore, in the case of long-term time series, a cyclical component may emerge that is not associated with 
seasonality (Harvey & Trimbur, 2003); instead, it may be linked to factors such as economic policies or long-term phenomena 
(Alexander, 2017). 
 
The objective of a forecasting method is to fit the predicted values to the observed actual values in the given time series. A 
regression function typically represents the predictions to ensure that the fitted curve is as close as possible to the original curve 
of the time series; this enables the capture and learning of patterns and behaviors over time with the known data, which in turn 
makes it possible to produce accurate estimates of the future over a forecast horizon (De Gooijer & Hyndman, 2006). The 
similarity between regression functions is evaluated using error metrics, which quantify the discrepancy between predicted and 
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actual values (Naser & Alavi, 2023). In the context of this paper, the error metrics used to evaluate the quality of predictions are 
discussed in the paper. 
 
2.2 Components in time series   
 
Time series are a set of successive observations measured over time, with the characteristic that current observations directly 
depend on past observations (Araghinejad, 2014). Thus, time series do not present randomized behaviors but follow specific 
patterns that tend to oscillate over time. These patterns are trend, seasonality, and randomness handled here with residual 
techniques (Hyndman & Athanasopoulos, 2021). Graphically, we can observe the typical behavior of the components in Figure 
1, where we also observe that these components are the product of the differentiation or decomposition of the original time 
series. 
 
Trend refers to the long-term behavior or movement of the data, i.e., the general direction of the data, which can be increasing, 
decreasing, or in a direction with a slope close to zero. The trend allows us to understand the general pattern of the data over 
time (Hamilton, 1994). 
 
Seasonality refers to movements or fluctuations that occur over a fixed period and are repeated within the series (Hyndman & 
Athanasopoulos, 2021). These variations can increase, decrease, or remain stable, and close prices are commonly used for 
predicting asset prices. In multivariable forecasting, several variables are considered to predict a single variable (Hamilton, 
1994). Nevertheless, in the case of asset price prediction, the Market Efficient Hypothesis establishes that for predicting any 
asset price, all the information required is contained only in the time series of the asset. Thus, in this work, we only consider this 
variable (Fama, 1970). The component of the times series called residual is the value that does not adjust to seasonality or trend 
and is generally a product of the random nature of the data. This component captures irregularities and unforeseen variations 
that the other two components are unable to explain why these changes happen (Araghinejad, 2014). 
 
 

 

Fig. 1. Example of an asset taken randomly from Yahoo Finance 
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2.3 Representation of assets as a time series 

Financial assets have characteristics that allow their representation through time series, which is applicable not only in the 
Mexican Stock Exchange (BMV), but in any asset exchange platform. The presentation of these data in a time format is 
fundamental for their analysis and for applying techniques to forecast their value. A time series is a sequence of values 
measured in continuous and uniform time intervals; for example, an asset can be represented through its price, trading volume, 
and derivative indexes in regular intervals such as every hour, every market close, and every week (Rapach & Zhou, 2022). 
 
This temporal representation allows visualizing patterns and trends that are crucial for the development of predictive methods. 
Asset time series data includes vital information such as price movements, volatility, and cyclical behavior (Idrees et al, 2019). 
By analyzing these patterns, predictive models can identify trends and make inferences about future market movements. This 
analysis is essential for making informed investment and risk management decisions (Pincus & Kalman, 2004). In addition, the 
use of advanced time series analysis techniques and machine learning algorithms, such as autoregressive models, moving 
averages, recurrent neural networks, and regression methods, enhances the ability to transform historical data into powerful 
tools for predicting and anticipating the behavior of financial assets (Kumar, 2021). 

2.4 Asset Forecasting Models 
As mentioned above, there are different approaches to time series forecasting. Depending on the data set used, the methods can 
have varying performance; no universally superior method exists (Wolpert & Macready, 1997). A brief review of the 
forecasting methods selected for this work is presented below; these methods were chosen based on the strategies that showed 
the best average results and are widely studied in the literature. 
 

2.4.1 Linear Regression 
Linear regression is one of the most straightforward statistical strategies for modeling the relationship between input and output 
variables (Altay & Satman, 2005). This method allows an approximation of a linear function that is adjusted to minimize the 
distance between observed values and model predictions by reducing an error metric (Su et al, 2012). Generally speaking, 
simple linear regression is expressed by the equation   where y is the dependent variable, x is the 
independent variable,  is the intercept or bias term,  is the regression slope, and  is the error or residual term that captures 
variations not explained by the model. 
 
One of the main advantages of linear regression is its high interpretability. The β coefficients provide a direct measure of the 
expected change in the dependent variable per unit change in the independent variable, holding all other variables constant. 
However, the effectiveness of this model is compromised if the underlying relationships between the variables are not linear or 
if there is a high presence of outliers, which can lead to an incorrect fit of the data and inaccurate predictions. 
 

2.4.2 Support Vector Regression  
Support Vector regression machines (SVR) are a variant of support vector machines (SVM), which are widely used machine 
learning strategies (Drucker et al, 1996). The model was initially developed by Vapnik, and has been successfully tested in 
numerous state-of-the-art papers (Cortes & Vapnik, 1995). The SVR strategy generally attempts to fit a kernel to the regression 
line established by a known data set. As expected, this task does not always result in an exact fit, and it is necessary to determine 
confidence intervals or boundary areas bounded by an ε value that allows capturing observations outside the regression curve  
(Balabin & Lomakina, 2011). Values within the interval are accepted, and those outside are considered errors. The idea is to 
adjust the confidence intervals to small values to reduce the number of values outside the interval, thus reducing the error 
(Bathla, 2020). 
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Fig.  2. Adjustment of SVR 

 
In the context of machine learning, a hyperplane is the representation of a multidimensional space, which in SVM is used to 
separate sets or classes, seeking to maximize the distance between them and thus improve the accuracy of the model. SVR relies 
on constructing a hyperplane in which all values within a margin ε are accepted and, therefore, are not considered errors, thus 
allowing to approximate the best value within that margin, as seen in Figure 2. 

 
(1) 

 

The standard function representing the prediction of an SVR model is given by equation 1, where  is the model prediction,  is 
the number of cases in the training set, while (  represent the Lagrange multipliers, which quantify the importance of 
each data point, looking for a simple and generalizable model;  are the kernel function where  is the feature vector 
for the i-th element, and x is the vector to forecast; finally, b is the bias value (Drucker et al, 1996). 
 
Within the family of Support Vector Machine algorithms for regression, we find variants such as NuSVR (Nu Support Vector 
Regression), which incorporates a parameter 𝜈. This parameter controls the fraction of data points used as support vectors, 
replacing the traditional 𝜖 value. This strategy allows for an easier-to-interpret model and, to some extent, greater flexibility. 
However, it can be susceptible to outliers or very noisy data, which could negatively affect the performance (Bathla, 2020). 
 
Linear SVR is another variant of the traditional strategy, designed exclusively to model linear relationships between model 
variables. It uses a linear hyperplane that minimizes the sum of absolute errors between model predictions and actual output 
values. This model is usually efficient in terms of processing and interpretation. However, modeling exclusively linear 
relationships may not be suitable if the variables have nonlinear relationships or high dimensionality, limiting its ability to 
capture the complexity of the data set (Ho & Lin, 2012). 

2.4.3  Decisions trees 
Decision trees are a widely used strategy in machine learning, proving effective in classification and regression problems (De 
Ville, 2013). This model is based on constructing one or more trees that divide a training data set, using the variable that 
provides the greatest information gain at each step (Ali et al, 2012).  
 
The structure of decision trees is highly interpretable, as it can be visualized in a clear and understandable way. In addition, each 
tree can be interpreted as a set of decision rules based on the input variables.  
 
Generally, decision trees start with a root node containing the entire data set. The model evaluates all input variables from this 
node to determine which best divides the data set. This iterative process continues until a predetermined stopping condition is 
met, which can be a minimum number of samples per node or the maximum depth of the tree. This approach allows the problem 
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to be broken down into more straightforward and manageable decisions, thus facilitating the interpretation and implementation 
of the model (Apté & Weiss, 1997). 
 

 
Fig. 3. Principle of AdaBoost algorithm (Imtiaz et al, 2020). 

 
Despite the success of this model, decision trees can be prone to overfitting, mainly when applied to non-representative data 
sets or when the structures are too complex (Mazumder et al, 2022). To mitigate these problems, it is essential to thoroughly 
analyze the data and employ pruning techniques that trim unnecessary branches from the tree. In addition, ensemble 
approaches, such as random forests or boosting, can be used, which combine multiple decision trees to improve the accuracy 
and robustness of the model. These strategies help to avoid overfitting and ensure that the model generalizes well to new data. 
In Figure 3, the generic process for AdaBoost is presented. Different strategies, both individual and ensemble or hybridization 
techniques, are derived from this approach. In this work, the boosting strategies of AdaBoost, an adaptive ensemble technique 
that improves the efficiency of individual decision trees, are used. AdaBoost applies a sample-weighting approach, focusing on 
the predictions with the highest error. This approach allows the model to generate a new, improved binary tree, sequentially 
building trees that correct the mistakes of the previous ones to obtain a better forecast result (Ying et al, 2013). 
 
AdaBoost generally starts by assigning equal weights to all samples in the training dataset. The total number of samples dictates 
the type of AdaBoost strategy used and how the decision trees are trained; samples that are incorrectly classified are given 
greater weight in subsequent iterations. In this way, AdaBoost adjusts its approach to focus on the most difficult-to-predict 
cases, gradually improving the model's accuracy. This iterative process continues until a predefined number of trees is reached 
or until the prediction error reaches an acceptable threshold. Thus, AdaBoost generates a robust and accurate model and 
maintains the high interpretability characteristic of decision trees since each tree in the sequence can be visualized as a set of 
decision rules based on the input variables (Schapire, 2013). 

2.4.5 K-nearest neighbors 
The k-nearest neighbors (KNN) algorithm is a widely used supervised classification algorithm applied in tasks such as data 
preprocessing, recommendation engines, finance, healthcare, and pattern recognition (Cover & Hart, 1967). Unlike many 
machine learning algorithms, KNN does not have an explicit learning phase; instead, it performs its prediction mechanism using 
the entire available dataset (Guo et al, 2003). Unlike many machine learning algorithms, KNN does not have an explicit learning 
phase; instead, it performs its prediction mechanism using the entire available dataset (Guo et al, 2003). Its strategy is based on 
finding similarities between variables in the hyperplane, considering that close values belong to the same neighborhood and, 
therefore, to the same class or value. Thus, the number of neighbors for searching must be determined, and the neighbors with 
the shortest distance to the target value should be found. Equations 3, 4, and 5 show the calculation functions for Euclidean, 
Manhattan, and Minkowski distances, respectively. 
 

 
(3) 
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(4) 

 
(5) 

 
where d(p,q) is the distance between the n-dimensional points p and q, k is the number of coordinates, pi and qi represent the i-
th coordinates, and the parameter p defines the order of the distance. Once these K neighbors are obtained, the class is chosen 
through a weighting function. This technique is known for its simple and intuitive implementation. However, predictions can 
be computationally expensive, especially when the dataset is large. Moreover, KNN can be highly sensitive to outliers and 
noise, affecting the model's accuracy if the data has not been adequately cleaned (Zhang, 2021). 
 
There are improvements and variants to address some KNN limitations. A common strategy is weighted KNN, which assigns 
weights to neighbors based on their distance to the data point, giving more importance to closer neighbors. Despite its 
limitations, KNN is a powerful and versatile algorithm with applications in various fields. Its simplicity and effectiveness, in 
many cases, make it a valuable tool. Using enhancements and optimizations, KNN can be adapted to handle a wide range of 
classification and regression problems, providing accurate and valuable results in diverse contexts (Pérez-Ortega et al, 2022) 
(Pérez-Ortega et al, 2024). 

2.4.6  Multilayer Perceptron 
The MLP (Multi-Layer Perceptron) regression algorithm is a learning model that employs several hidden layers to process the 
input data and generate a continuous output (Haykin, 2000) (Stathakis, 2009). The structure of the MLP model consists of 
multiple layers of interconnected neurons, including an input layer, one or more hidden layers, and an output layer. In the input 
layer, data are received and distributed to the neurons of the first hidden layer. This initial layer does not perform significant 
transformations on the data. Still, it gives the foundation for further processing (Popescu, 2009). The hidden layers are crucial 
in the MLP's ability to learn complex patterns. An activation function is applied on each neuron in these layers, which 
introduces nonlinearity into the model and allows it to capture more complex relationships (Windeatt, 2006). Among the most 
common activation functions are the sigmoid function, the hyperbolic tangent (tanh), and the rectified linear unit (ReLU). 
These functions transform the inputs' weighted sum into an output passed to the next layer. The sigmoid function, for example, 
maps the inputs to a range between 0 and 1, which is helpful for modeling probabilities. The tanh function maps the inputs to a 
range [-1 ,1], centering the data and thus facilitating learning in deep networks. The ReLU function, meanwhile, introduces 
computational simplicity by keeping only positive values and setting negative values to zero, enabling faster and more efficient 
training of deep models (Rasamoelina et al, 2020). 
 
The MLP output layer produces the final model output, which is a continuous value in the case of regression. Depending on the 
problem, this layer may contain a single neuron (for single-valued predictions) or multiple neurons (for multivariate 
predictions). MLP training aims to adjust the weights of all neural connections by minimizing the error between the model 
predictions and the actual output values. This optimization process is performed using algorithms such as gradient descent, 
which adjusts the weights based on the error calculated at each iteration. In addition, more advanced variants of gradient 
descent, such as stochastic gradient descent (SGD) and Adam, can be employed, which improves the efficiency and speed of 
training. 
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Fig. 4. MLP neural network structure for regression 

 
In Figure 4, we represent how the input data is propagated through the hidden layers and how the activation functions and the 
adjusted weights influence the generation of the final output. This visualization can also highlight the complete connectivity 
between neurons in adjacent layers, showing how each neuron in one layer is connected to all neurons in the next layer, enabling 
feature interdependence during the learning process. 
 
During training, the MLP adjusts the weights through an iterative process of error backpropagation. This process involves 
calculating the error at the output layer and propagating it backward through the network, adjusting the weights accordingly to 
reduce the error. Backpropagation is combined with the optimization algorithm to adjust the weights efficiently (Hecht-Nielsen, 
1992). This method allows the MLP to learn from the training data and improve its generalization ability to make accurate 
predictions on new data. The MLP's capabilities to capture complex, nonlinear relationships make it especially useful in many 
applications, including forecasting, where prediction accuracy is essential. Its flexible structure and the ability to adjust multiple 
hyperparameters, such as the number of hidden layers, the number of neurons in each layer, and activation functions, allow 
researchers and practitioners to tailor the model to their specific needs and continuously improve its performance. 

2.4.7 Partial least squares 
The least squares technique is a statistical strategy widely applied in economics, engineering, data analysis, and many others. 
Its objective is to find the best approximation of a linear model to a set of observed data (Pirouz, 2006).      

 
(6) 

where E(a,b) is the sum of squared errors, yi represents the observed values of the dependent variable, xi contains the observed 
values of the independent variable, a is the slope, and b is the y-intercept of the regression line. This is achieved by minimizing 
the sum of the squares of the differences between the observed values and the values predicted by the model. Thus, given the 
set (xi,yi), we seek to find the values a and b on the straight line that minimizes Equation 6 (Cha, 1994). A variant used in this 
work is partial least squares (PLS), which is used to find linear relationships when the data are highly collinear, finding a data 
projection that maximizes the covariance between the set of independent and dependent variables. On the other hand, PLS-
Canonical seeks to find linear relationships between two sets of multivariate variables, unlike the standard strategy, which 
maximizes the covariance between two blocks of independent and dependent variables simultaneously (Esposito Vinzi & 
Russolillo, 2013). 
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2.4.8 Passive-aggressive algorithm 
 
The Passive-aggressive (PA) algorithm is a powerful machine learning technique designed to minimize model loss by 
leveraging a unique loss function tailored to the specific learning problem. This approach is particularly effective when the 
model needs to adapt quickly to new data. When the model makes an accurate prediction, its parameters remain largely 
unchanged, preserving the knowledge it has already acquired. Conversely, when the model errs, it adjusts its parameters in a 
direction that compensates for the mistake, thereby refining its accuracy over time. This dual response mechanism—staying 
passive for correct predictions and becoming aggressive for incorrect ones—enables the PA algorithm to maintain a balance 
between stability and adaptability (Chang et al, 2010). One of the key strengths of the PA algorithm lies in its simplicity and 
efficiency. Unlike other machine learning methods that may require extensive computational resources or complex parameter 
tuning, the PA algorithm operates with straightforward update rules. This makes it particularly suitable for real-time applications 
where rapid decision-making is crucial. Additionally, the algorithm's ability to handle binary and multi-class classification tasks 
broadens its applicability across various domains, from spam detection to financial forecasting. By continuously adjusting its 
parameters in response to errors, the PA algorithm ensures that it remains relevant and accurate, even as the underlying data 
distribution evolves. 
 

2.4.9 Lasso 
Lasso is a regularization technique that effectively selects a subset of essential predictor variables by penalizing the regression 
coefficients based on their magnitude. By applying this penalty, Lasso encourages the model to shrink some coefficients to zero, 
thereby excluding less essential variables from the model. This reduction in model complexity helps to avoid overfitting, 
ensuring that the model generalizes well to new, unseen data. The simplicity and interpretability of the resulting models make 
Lasso particularly valuable in fields where understanding the underlying relationships between variables is crucial (Ranstam & 
Cook, 2018). Moreover, Lasso's ability to perform feature selection within the modeling process sets it apart from other 
regularization methods. Lasso simplifies the model and enhances its predictive performance by automatically identifying and 
retaining only the most relevant predictors. This is especially beneficial in high-dimensional datasets where the number of 
predictors exceeds the number of observations. The penalization mechanism not only improves model accuracy but also aids in 
uncovering the most significant factors influencing the response variable. Consequently, Lasso remains a popular choice for 
regression analysis, offering a balanced approach to managing model complexity and interpretability (Alhamzawi & Ali, 2018). 
 

3. Experimental Process    
The conditions and results of the experimental process are presented below, detailing the obtaining of the instances, the tests 
with algorithm implementations, the error metrics used and the interpretation of the results. 

3.1 Data collection     
The assets used in this study belong to the Mexican Stock Exchange (BMV). A sample of 15 assets was taken to evaluate the 
performance and results of each of the algorithms against the time series of these companies. The selected assets were: 
ACTINVRB.MX, ALPEKA.MX, ALSEA.MX, AMXL.MX, ASURB.MX, AZTECACPO.MX, FIBRAMQ12.MX, 
FSHOP13.MX, GBMO.MX, GIGANTE.MX, HOMEX.MX, LABB.MX, PINFRA.MX, POCHTECB.MX and URBI.MX. 
The values of these assets were downloaded from Yahoo Finance, covering a 24-month period, from 08/09/2020 to 07/09/2022. 
In this way, we have 505 data items for each asset in their respective time series. The training phase was performed using the 
first 485 elements of each series, while the time window for prediction corresponds to the remaining 20 values of each series. 
This approach allowed the evaluation of the predictive capability of the algorithms on a data set not seen during training, 
providing a more robust assessment of their performance. The selection of the 15 assets was based on their diversity in terms of 
industry and market capitalization, aiming to capture a broad spectrum of market behavior. The chosen period from 08/09/2020 
to 07/09/2022 included significant market events, such as the recovery phase following the initial impact of the COVID-19 
pandemic, which added an extra layer of complexity to the prediction task. Overall, this study contributes to understanding how 
different predictive models perform in the context of financial time series data, offering valuable insights for investors and 
analysts in developing more effective forecasting strategies. 
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3.2 Implementation of the forecasting models  
The algorithms used to generate the predictions of each time series were diverse, including machine learning and advanced 
statistical techniques. These include linear regression, SVR with its variants NuSVR and linear SVR, MLP Regressor, decision 
tree, and a combination of decision tree with the AdaBoost method using two different configurations for the estimator 
parameter, with values of 50 and 300. Additionally, Bayesian regression, nearest neighbors, PLS regression, PLS canonical, 
passive-aggressive regression, and Lasso were included, totaling 15 different algorithms. 
 
The experimentation was conducted using the Python language and the scikit-learn library, which provides a wide range of 
tools and functions for implementing and evaluating machine learning models. This approach allowed for efficient and 
reproducible implementation of the algorithms, allowing us to compare their performance in predicting the time series of the 
selected assets. These algorithms were selected based on their ability to handle time series data and their prevalence in 
previous financial prediction studies. Multiple experiments were conducted to tune and validate the models, ensuring each was 
optimized to deliver its best performance. Furthermore, cross-validation techniques were used to assess the models' robustness 
by splitting the data into multiple subsets to repeatedly train and test the algorithms. This helped mitigate the risk of overfitting 
and provided a more accurate evaluation of their predictive capabilities. The results obtained from these experiments provide 
valuable insights into the relative performance of each algorithm but also highlight the importance of selecting the appropriate 
model based on the specific characteristics of financial data. Therefore, this study offers a valuable resource for researchers and 
professionals interested in time series prediction in financial markets. 
 
 
3.3 Error Metric Algorithms in Time Series Forecasting 
 
MAPE measures the prediction errors in percentage, providing an easy interpretation of the model's accuracy. 
 

 
(7) 

 
Equation 7 shows the MAPE formula, where  represents the actual values,   the predicted values, and N is the total number 
of observations. The advantage of MAPE is its ability to be interpreted intuitively, allowing the performance of different 
models to be compared in relative terms. Moreover, being a standardized metric, it facilitates the comparison of errors between 
series of different magnitudes. However, MAPE can be influenced by real values close to zero, which can distort its 
measurement. Despite this limitation, MAPE is widely used in the literature and practical applications due to its simplicity and 
ease of interpretation. 

3.4 Experimentation 
The comparison metric between the algorithms was MAPE. In the first phase of the experimentation, 15 assets were selected 
out of the 76 corresponding to the Mexican Stock Exchange, and the data were cleaned, resulting in a time series of 505 items. 
The regression algorithms were implemented, and the MAPE was calculated to measure the performance of each algorithm. 
Tables 1 to 3 show the results of the algorithms, with first and second places shaded in blue and orange, respectively. 

 
Table 1. MAPE results for different regression algorithms 

Assets 
Lineal 

Regression 
SVR NuSVR 

Linear 

SVR 
MLP 

ACTINVRB.MX 0.00536 0.0119232 0.0081861 0.1326803 0.0450910 

ALPEKA.MX 0.0257636 0.0613773 0.0704218 0.0185813 0.0192532 

ALSEA.MX 0.2954848 0.0185516 0.0176108 0.0198921 0.3018038 

AMXL.MX 0.1760139 0.0236742 0.0257789 0.0625258 0.2180682 

ASURB.MX 0.0222357 0.1152942 0.1072539 0.0690743 0.0402737 
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AZTECACPO.MX 0.3766623 0.0673360 0.1709530 0.4937773 0.3411057 

FIBRAMQ12.MX 0.0571168 0.0445952 0.0355279 0.1928604 0.0502488 

FSHOP13.MX 0.0150617 0.0085153 0.0087321 0.0969803 0.0643222 

GBMO.MX 0.3822901 0.0930643 0.0607561 0.7910832 0.3003851 

GIGANTE.MX 0.0862386 0.0446353 0.0491523 0.2464847 0.0802588 

HOMEX.MX 0.4170411 0.6820765 0.0924926 0.4358983 0.6844230 

LABB.MX 0.1758850 0.1544537 0.1405102 0.6620405 0.1864919 

PINFRA.MX 0.0174443 0.0225572 0.0191010 0.0176238 0.0408576 

POCHTECB.MX 0.0888154 0.0177750 0.0157200 0.9597231 0.0123351 

URBI.MX 0.2033036 0.1774260 0.1618387 0.5173878 0.0625209 

 
Table 2. MAPE results for decision trees and Bayesian regression 

 Decision Tree 
Decision Tree 

AB300 

Decision Tree 

AB50 

Decision Tree 

AB 

Bayesian 

Regression 

ACTINVRB.MX 0.0043461 0.0047185 0.0047185 0.0056505 0.0053580 

ALPEKA.MX 0.0306404 0.0325426 0.0325426 0.0352677 0.0256860 

ALSEA.MX 0.0373365 0.0453149 0.0361077 0.0454955 0.2952312 

AMXL.MX 0.0334045 0.0333927 0.0334257 0.0344670 0.1759125 

ASURB.MX 0.0536812 0.0563681 0.0563681 0.0524089 0.0221853 

AZTECACPO.MX 0.1132440 0.1086410 0.1000998 0.1106137 0.3763246 

FIBRAMQ12.MX 0.0355879 0.0330402 0.0321266 0.0335353 0.0574206 

FSHOP13.MX 0.0075302 0.0081633 0.0077545 0.0181335 0.0149623 

GBMO.MX 0.0037096 0.0053010 0.0053010 0.0058177 0.3817450 

GIGANTE.MX 0.0185030 0.0156415 0.0156415 0.0156415 0.0859883 

HOMEX.MX 0.0438634 0.1104971 0.1104971 0.0739705 0.4170404 

LABB.MX 0.0317674 0.0315030 0.0311961 0.0312173 0.1753393 

PINFRA.MX 0.0204846 0.0200824 0.0200824 0.0217340 0.0176023 

POCHTECB.MX 0.0199644 0.0310731 0.0310731 0.0327981 0.0891546 

URBI.MX 0.0000000 0.0000000 0.0000000 0.0000000 0.2017392 

 
 
Table 3. MAPE results for other regression algorithms 

 KNN 
PLS 

Regression 

PLS 

Canonical 

Passive 

Aggressive 
Lasso 

ACTINVRB.MX 0.0062669 0.0053634 0.0093543 0.0055041 0.0051448 

ALPEKA.MX 0.0319678 0.0257636 0.0474303 0.2550770 0.0253920 

ALSEA.MX 0.0659569 0.2954848 0.3523334 0.4080364 0.2951424 

AMXL.MX 0.0324556 0.1760139 0.1996637 0.1148840 0.1753052 

ASURB.MX 0.0536812 0.0222357 0.0390828 0.0168124 0.0222203 
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AZTECACPO.MX 0.1237246 0.3766623 0.5035424 0.4782619 0.3611923 

FIBRAMQ12.MX 0.0355879 0.0571168 0.0224625 0.0552952 0.0576214 

FSHOP13.MX 0.0099524 0.0150617 0.1076158 0.0321609 0.0130257 

GBMO.MX 0.0035219 0.3822901 0.4963385 0.1854387 0.3812948 

GIGANTE.MX 0.0160628 0.0862386 0.1358957 0.2116499 0.0857482 

HOMEX.MX 0.0360502 0.4170411 1.0165530 1.0000000 0.3229325 

LABB.MX 0.0432522 0.1758850 0.2604541 0.1309772 0.1751085 

PINFRA.MX 0.0193715 0.0174443 0.0576212 0.0308392 0.0174646 

POCHTECB.MX 0.0114438 0.0888154 0.0181548 0.3966782 0.0902525 

URBI.MX 0.0711590 0.2033036 0.4803909 1.8495231 0.2015713 

 
When executing the algorithms for different time series, we rank the algorithms by the number of times they finish in first and 
second place; the results are shown in Table 4, where the five best algorithms found can be seen: first, the decision tree with 
AdaBoost followed by  KNN. The performance of the decision tree algorithm with AdaBoost for the assets GBM Corporative 
(GBMO.MX) and Fibra Shop (FSHOP13.MX) is shown in Figures 5 and 6, respectively. 

 
Table 4. Best Performing Algorithms 

Algorithm Ranked first 
Decision Tree AB50 6 

KNN 3 
PLS Regression 2 

SVR 2 
Decision Tree 2 

 
The performance of the decision tree algorithm with AdaBoost for the assets GBM Corporative (GBMO.MX) and Fibra Shop 
(FSHOP13.MX) is shown in Figures 5 and 6, respectively. In Figure 5, we can observe that the algorithm adapts quite well 
when there is a stationary trend. However, in Figure 6, where volatility is high, the algorithm tends to fail at the steepest peaks, 
which increases the calculated error. 
 



Frausto-Solís et al.  / International Journal of Combinatorial Optimization Problems and Informatics, 15(3) 2024, 43-58. 

55 
 

 
Fig. 5. Performance of GBM Corporative (GBMO.MX) 

 
 

 
Fig. 6. Performance of Fibra Shop (FSHOP13.MX) 



Frausto-Solís et al.  / International Journal of Combinatorial Optimization Problems and Informatics, 15(3) 2024, 43-58. 

56 
 

 
Fig. 7. Reversed MAPE by each algorithm and asset 

 
Figure 7 shows the performance of various machine learning algorithms in terms of the inverse MAPE for different financial 
assets. The algorithms evaluated include linear regression, support vector machines (SVR), Bayesian regression, decision trees, 
and partial least squares regression. In the graph, those algorithms with the lowest MAPE for each asset are highlighted with 
black edges, indicating the most efficient methods for each case. The inversion of the MAPE values allows the most efficient 
algorithms to be visually highlighted since those with a lower MAPE are shown at the top of the graph. This facilitates the 
identification of the most accurate methods, providing a clear comparison between algorithms for each asset. Overall, this 
approach allows a more intuitive and quicker interpretation of the results, highlighting the best options for prediction in the 
financial domain; with these results, we can conclude that the decision tree algorithm with AdaBoost showed the best 
performance in terms of MAPE compared to other algorithms, especially in time series with lower volatility. 
 

4 Conclusions    
This work compares the classic and machine learning forecasting methods applied to the Mexican Stock Exchange or BMV).  
The characteristics, advantages, and limitations of each approach were analyzed. While classical forecasting or statistical 
methods have been used for decades to model and predict time series in financial markets, machine learning methods are more 
recent and used to capture complex patterns in large volumes of data. The experimentation presented the obtaining of the 
instances, the tests with the implementations of the algorithms, the error metrics used, and the interpretation of the results. The 
data sets used correspond to stocks of the Mexican Stock Exchange (BMV) and consist of time series with a temporal format 
that is essential for their analysis and for applying techniques that allow forecasting their value. Fifteen regression models were 
selected and implemented to predict the assets of the selected data sets. It was determined which algorithms have a better 
performance for the set of evaluated instances, highlighting the decision tree with AdaBoost in the first place. In future work, 
the implementation of an automatic parameterization algorithm using self-generated fuzzy logic will be proposed. 
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Abstract: This paper proposes a Methodology for Assets Selection in Investment Portfolios
(MASIP) focused on creating investment portfolios using heuristic algorithms based on the
Markowitz and Sharpe models. MASIP selects and allocates financial assets by applying
heuristic methods to accomplish three assignments: (a) Select the stock candidates in
an initial portfolio; (b) Forecast the asset values for the short and medium term; and
(c) Optimize the investment portfolio by using the Sharpe metric. Once MASIP creates the
initial portfolio and forecasts its assets, an optimization process is started in which a set
with the best weights determines the participation of each asset. Moreover, a rebalancing
process is carried out to enhance the portfolio value. We show that the improvement
achieved by MASIP can reach 147% above the SP500 benchmark. We use a dataset of SP500
to compare MASIP with state-of-the-art methods, obtaining superior performance and an
outstanding Sharpe Ratio and returns compared to traditional investment approaches. The
heuristic algorithms proved effective in asset selection and allocation, and the forecasting
process and rebalancing contributed to further improved results.

Keywords: investment portfolios; optimization; forecast; heuristics

1. Introduction
In financial asset management and investment decision-making, portfolio creation

and optimization represent a fundamental paradigm and essential study area. Building
investment portfolios addresses the complex task of allocating limited resources to a
diverse range of financial assets, as well as forecasting them [1]. This process requires
careful analysis of the risks and returns associated with each asset and understanding
their interaction in the context of a diversified portfolio. Optimization involves the search
for asset combinations that maximize expected returns or minimize risk, all subject to
specific constraints and objectives. Similarly, there are diversification and asset selection
methodologies, such as the Markowitz portfolio theory and its extensions, value at risk
(VaR) models, and asset allocation strategies [2]. The Markowitz Mean-Variance model,
also known as the Modern Portfolio Theory (MPT), is presented in Equations (1)–(4), which
is a theoretical framework developed by Harry Markowitz [3]. This study is relevant
because it allows portfolio optimization and considers risk-taking based on performance
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and diversification. This quantitative approach provides an objective framework for making
investment decisions and lays the foundations for investment management.

Max E(Xi) =
N

Â
i=1

Xiµi (1)

Min V(Xi, Xj) =
n

Â
i=1

n

Â
j=1

XiXjsij (2)

n

Â
i=1

Xi = 1 (3)

0 < Xi  1 (4)

where µi is the expected return of the ith asset, Xi is the relative value invested in the
asset i, sij represents the covariance between assets, and E(Xi) is the expected return of the
portfolio. Notice that the invested amount is normalized to one in the constraint defined by
Equation (3), and no negative investments Xis are permitted according to Equation (4). The
decision variables are the expected value E(Xi) and the variance V, and the objectives are to
achieve maximum profit and minimum risk.

In the model defined by Equations (1)–(4), the variance V of the portfolio is introduced
as a risk measure, which is essential for constructing diversified portfolios. Covariance
and correlation are also key elements for good diversification [3]. From the mean-variance
model, two objectives must be met: firstly, to maximize the portfolio return and secondly, to
minimize the risk. These two objectives become the main difficulty for solving the problem.
The Sharpe Ratio (V) is a popular and straightforward function [4]; V is commonly used
in modern portfolio methods [5–7], requiring only the expected value of the portfolio, its
volatility, and a reference rate [8]. They are called Sharpe Ratio models and offer several
advantages, including the facility to reduce the portfolio evaluation problem from a bi-
objective scheme to a mono-objective optimization problem with Equations (5)–(7), thereby
focusing solely on maximizing the V function.

maxV(Xi) =
ÂN

i=1 Xiµi � RB

Ân
i=1 Ân

j=1 XiXjsij
(5)

n

Â
i=1

Xi = 1 (6)

0 < Xi  1 (7)

where the V(Xi) function indicates the expected differential return per unit of risk associated
with different assets conforming to the portfolio, and RB is the return on a benchmark or
the risk-free rate. This portfolio optimization model has only one decision variable, defined
by the Sharpe Ratio V(Xi); this variable involves the relation between E(Xi) and V. Thus,
Equations (5)–(7) represent a mono-objective problem.

The composition of an investment portfolio entails more than merely selecting assets
with the most significant potential to achieve stated objectives and satisfy constraints. More-
over, the optimal weights of the assets that satisfy the constraints and optimize the objective
function must be determined. Also, the future value of the assets and their weighting
in the portfolio for the periods during which the investment is planned must be known.
These future values lead to a realistic portfolio being obtained for the investment plans.
Therefore, it is necessary to forecast every asset as accurately as possible for the investment
period. There are many successful forecasting methods, such as classical and modern
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machine learning, and combining forecast methods has proven valuable in enhancing accu-
racy and reducing the variance of forecasting errors [9]; they can generate more accurate
forecasts than those from individual methods [10]. Optimization methods can obtain the
best weights of the individual forecasting methods participating in an ensemble. One of
these methods is Threshold Accepting (TA). This iterative algorithm controls the number
of iterations by a temperature parameter and accepts some poor solutions when they fulfill
an acceptance criterion defined in terms of a threshold parameter [11]. TA is an efficient
tool in many applications [12].

The associated literature about how to conform an initial portfolio is scarce. However,
most of the existing literature focuses on a single aspect of portfolio construction: (a) The
identification of the candidate assets to be integrated in the portfolio [13,14]; (b) The op-
timization of the portfolio [15–17]; or (c) The application of a forecast strategy to predict
the portfolio return [18–20]. This observation underscores a promising area of opportunity,
which we seek to address in this study by implementing a novel approach. MASIP inte-
grates three fundamental components: the preselection of assets, considering a minimum
acceptable return; the forecasting of the selected assets based on an assembly method
optimized by an enhanced threshold acceptance algorithm; and the rebalancing of assets
to create the final portfolio. The above-mentioned points are performed by MASIP, an
innovative methodology incorporating an asset pre-selection stage, an objective function
based on the median-variance and Sharpe Ratio model, and asset diversification. This
methodology also implements an acceptance scheme for a minimum return and a maxi-
mum permissible risk rate. The modern combining forecast method and the well-tested
portfolio optimization heuristic algorithm accomplish MASIP.

The rest of this paper is organized as follows. Section 2 reviews the background
of portfolios, including financial time series forecast modeling and portfolio integration.
Section 3 introduces the details of MASIP methodology for portfolio integration models
and describes the construction process of an ensemble forecasting model. Section 4 presents
the experimentation and results from the studies using financial time series data and the
application of MASIP. Detailed analysis and result interpretations are provided. Section 5
presents the conclusions.

2. Background
The construction of investment portfolios has been a central topic in the financial

literature for decades, driven by the search for effective strategies that maximize return
and minimize risk. From Markowitz’s pioneering work on portfolio theory to the most
recent advances in financial forecasting, research has generated a vast body of knowledge
that underscores the importance of a meticulous approach to portfolio construction and
management. This section considers the modern aspects related to portfolio construction:
asset selection, forecasting stock methods, and portfolio optimization.

2.1. Asset Selection and Portfolio Construction

Cesarone et al. (2020) provided theoretical results for the risk-parity approach to
general risk measures. They proposed an efficient and accurate Multi-Greedy heuristic to
solve the portfolio selection problem [21]. Empirical results on real-world data show that
diversified optimal portfolios are only slightly suboptimal in sample and generally exhibit
better out-of-sample performance than purely diversified or optimized portfolios [22]. The
authors analyzed NASDAQ100, FTSE100, and SP500 assets, finding good Sharpe values
returns ratios for the SP500 index. The combined diversification–optimization approach is
better than pure diversification or optimization.
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A framework proposed by Puerto et al. (2023) adopts a bi-criteria mean-risk optimiza-
tion2 approach to model the portfolio optimization problem, where the average portfolio
rate of return is maximized while minimizing a given risk measure. These authors propose
the use of mixed-integer linear programming (MILP) formulation to solve portfolio cluster-
ing and selection problems in a unified phase [23]. The authors focus on using Conditional
Value at Risk (CVaR) as the objective function for portfolio optimization and evaluate the
performance of the proposed integer linear programming formulation for the SP500 market.
In another work performed by Kaczmarek and Perez, they propose the mean-variance
model and hierarchical risk parity (HRP) for SP500, achieving a Sharpe Ratio V in the range
of 0.76 to 0.97 [24]. Unfortunately, they consider assets from an ancient dataset. In 2023,
Zhang used datasets from the Chinese market based on the mean-variance model and
Sharpe Ratio; therefore, a Monte Carlo process is proposed for asset selection to adjust the
portfolio within the efficient frontier [25].

Ma et al. (2020) analyze the efficacy of a combination of machine learning and deep
learning algorithms in predicting returns [26]. The analysis utilizes two machine learning
models: Random Forest (RF) and Support Vector Regression (SVR), as well as three deep
learning models: Long Short-Term Memory (LSTM), Deep Multilayer Perceptron (DMLP),
and Convolutional Neural Network (CNN). These models were utilized for the purposes
of stock preselection and portfolio optimization through the mean-variance (MV) and
omega models for the Chinese market. The findings of this study indicated that RF + MV
demonstrated superior performance.

For the European markets, LSTM neural networks were recently applied to predict
asset returns and incorporated into the mean-variance optimization model to determine
the optimal asset allocation. The average return prediction accuracy in this case was 95.8%,
and the integrated portfolio outperformed the benchmark [27]. Table 1 presents a summary
of related studies. The present study is focused on SP500; thus, we will compare our results
with the references [21,23].

Table 1. Related studies.

Approach Asset Preselection Asset Forecasting Portfolio Optimization

Cesarone [21] X
Puerto [23] X

Kaczmarek [24] X
Zhang [25] X

Ma [26] X X
Martinez [27] X X

MASIP X X X

2.2. Asset Portfolio Prediction Methods

Nowadays, it is well known that combining several methods has advantages over
individual forecasting models, and several ensemble methods are available [28]. For
portfolio design and asset selection, an efficient way to analyze and predict risky assets
is required, as well as a comparative analysis of the structure of a complete portfolio,
including risky and risk-free assets, depending on the risk aversion coefficient [29,30].
Combinational forecasting has several approaches, such as the Simple Average, which is
the sum of the forecasts divided by the number of forecasts. The Weighted Average model
assigns weight to each forecast. The combined forecast is calculated as the sum of the
forecasts multiplied by their respective weights, divided by the sum of the weights [31].

The Aggregation Model employs a machine learning algorithm to integrate forecasts
derived from multiple models. It utilizes a range of algorithms, including neural networks,
support vector machines, and decision trees, among others [32–34].
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An ensemble model integrates various forecasting methodologies, employing a crite-
rion to determine their contribution to the ensemble. These methodologies may encompass
machine learning algorithms, autoregressive integrated moving average (ARIMA) model
variants, exponential smoothing techniques, and other approaches. The mathematical for-
mulation for this integration is dependent on the specific models being combined [30,35–38].
Metaheuristic methods, such as simulated annealing and genetic algorithms, can be applied
to analyze the datasets while integrating the assets to determine their participation in a
portfolio. Neural networks and support vector machines have also been used [39]. In
other words, it is crucial to acknowledge that the models employed in forecast combination
methodologies may differ depending on the specific approach utilized and the character-
istics of the forecasting issue at hand. When there are a limited number of forecasting
methods, assigning weights or balances to them is relatively straightforward. However, as
the number of models increases, the task becomes significantly more complex. Thus, it is
necessary to rely on optimization tools.

The integration of machine learning, deep learning, and probabilistic techniques into
stock market analysis has the potential to enhance the precision of predictions and provide
novel insights into portfolio management. However, it is imperative to recognize the
limitations and challenges inherent in these approaches, such as data quality and model
complexity, to ensure optimal effectiveness in practical applications [40,41].

2.3. Portfolio Optimization Methods

The potential for employing diverse forecasting techniques and integrating them into
a portfolio introduces a novel challenge: identifying the optimal approach or discerning
the most effective combination of forecasting methods that minimizes error and yields
superior outcomes compared to individual forecasts. To address this, combinatorial and
optimization strategies must be employed.

Optimization algorithms, such as TA, have become important in several areas [11].
The last reference highlights the superior performance of TA over other methods, such
as Simulated Annealing, for combinatorial challenges. A new version of TA is used to
improve portfolio asset weights by exploiting its convergence property [42], its applicability
to econometrics applications [43], and in financial sector problems [44]. Gilli and Kellezi
showed the effectiveness of TA in selecting a subset of assets that closely replicate the
performance of the benchmark index, achieving high performance in investment portfolio
design. Liu and Tadesse used the LSTM machine learning method to forecast assets from
the SP500 market [45]; they applied the Sharpe Ratio and Equations (3)–(5) to integrate the
investing portfolio. However, they considered only four assets of this market without a
method for selecting the assets to incorporate into the portfolio. In addition, no risk-free
reference rate was considered. When this value is considered, the yield and the Sharpe
Ratio performance would be different. As shown in another section, this modification is
performed in the model we propose in the present study.

These approaches permit investors to anticipate forthcoming market changes, opti-
mize resource allocation, and mitigate potential risks. By employing classical, advanced,
or combined models, it is possible to make more accurate predictions of market trends
and asset behavior. This work, through the combination of various methods and their
optimization, is intended to be a powerful tool for decision-making.

3. MASIP Methodology
This section presents the MASIP methodology for asset selection in investment portfo-

lios and its related algorithms. A step-by-step approach addressing the issues relating to
the following complex tasks is presented: asset selection, initial portfolio creation, asset
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forecasting, and final rebalancing or optimization. Furthermore, MASIP involves acquiring,
analyzing, segmenting, and evaluating extensive time series data to achieve investment
goals. Figure 1 presents the elements of MASIP and their interactions.
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3.1. Data Acquisition and Preparation

Market selection is the first step to integrate the investment portfolio. At this point,
the target market to be analyzed is selected; among the candidate markets to be evaluated,
we could mention those listed in the New York Stock Exchange, the European region, the
Asian region, or those belonging to developing countries such as BRICS or Latin America.
In this case, the analyst must perform a previous analysis of the target market and establish
the period to be analyzed. In acquisition and cleaning of data, the information on each of
the candidate assets is obtained. We consider the daily closing prices to conform to the time
series in a determined time. As we know, it is important to have quality, cleanliness, and
order of information since, if erroneous or missing information is entered, we will have
inaccurate conclusions that can lead to severe losses of resources. Likewise, the data must be
complete; thus, the necessary techniques must be applied to enable the data series cleaning
process. Some of the methods used may be normalization, other data transformation, inter-
or extrapolation, application of simple averages, moving averages, or any other variation
that allows us to have complete information without altering the quality of the data [46–48].

The selection of assets should be made before integrating the portfolio. At this point,
the analyst knows which assets of the selected marketplace are already the candidates for
integrating the optimal portfolio. Thus, only the corresponding time series would be used
to design it, and the effort for this task can be reduced. For example, if we analyze SP500,
one of the largest financial exchanges in the world, we will have to analyze more than
500 time series, which consumes a lot of time and resources. To streamline the evaluation
process, we apply the discrimination of assets that meet a percentage of profit or return
by the Minimum Acceptable Rate of Return or MARR [49], which could be used to select
an investment that assures us a fixed return with minimal utility and no risk. Thanks to
this scheme, we can significantly reduce the number of candidate assets that need to be
evaluated [8].

3.2. Time Series Split

The segmentation of time series is an important practice since it allows for evaluating
the performance of models using known data and comparisons with previously unseen
data. When a model is trained with a time series, it is expected to be able to make accurate
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predictions. However, if the model is evaluated with the same training data, there is a risk
of overfitting, and only training data are stored.

When the time series data are divided into training, validation, and test sets, it is
possible to adjust the model parameters to minimize the error in the validation set and then
evaluate the model performance in the test set, which contains data that are “new” to the
model and not previously analyzed.

Segmentation also allows for the identification of problems with the data, such as
outliers or anomalous values, which allows for treating and correcting the input data before
training the models and obtaining a final model [35,50,51].

In this implementation, the training portion of each time series is initially employed
to forecast the validation section, applying all available individual forecast methods. The
outcomes of this process are used to determine the most effective methods for forecasting
the validation section and to establish the distribution of weights for the combination of
these optimal methods. Subsequently, the forecast is evaluated using the validation data,
and the most effective methods are identified, along with the previously calculated weight
distribution. The resultant forecasts are stored, and the optimization process with TA is
initiated using Validation 1 to forecast Validation 2. The weights are adjusted until no
further improvement is observed [30].

3.3. Initial Portfolio Model

Building a portfolio is not a simple task today since several factors can influence the
selection, integration, and weighting of the assets of the investment portfolio. That is why
it requires robust and reliable tools which allow us to analyze many candidate assets and
the data that integrate them. As we present in Section 1, the MPT model (Equations (1)–(4)),
proposed by Markowitz, is the pioneering work in portfolio management which considers
two main objectives: maximizing the expected return and minimizing the risk [3,52].
The Sharpe model represented by Equations (5)–(7) is an MPT extension considering the
two objective functions in only one. In the present work, we propose a like-Markowitz
Model of MASIP defined by Equations (8)–(12).

max SR =
E
⇣

Rp f

⌘
� MARR

q
Ân

i=1 si2xi2 + 2Ân
i=1 Ân

j 6=i sisjxixjrij
(8)

subject to
n

Â
i=1

xi = 1 (9)

n

Â
i=1

E
⇣

Rpf

⌘
> MARR (10)

0 < xi  1 (11)
n

Â
i=1

si
2xi

2 + 2
n

Â
i=1

n

Â
j 6=i

sisjxixjrij  Fmax
2 (12)

where E
⇣

Rp f

⌘
is the expected return, i and j are the assets, sp f is the portfolio risk, xi, xj

are the contribution of i and j assets, si, sj are the standard deviation of the assets, rij are
the correlations between assets i and j, and Fmax

2 is the Maximum Risk Rate Allowable.
The MASIP model defined by Equations (8)–(12), as we mentioned above, is an MPT

extension with the following differences:
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• In the objective function, we used the parameter MARR to represent the Minimum
Acceptable Rate of Return that the investor could accept; instead, the Markowitz
model uses a risk-free rate;

• Constraint (10) uses the MARR parameter for weighting assets into the portfolio;
• Constraint (12) uses the Fmax

2 risk parameter to define the assets integrating the
portfolio. This parameter binds the risk associated with the asset.

We use the parameter MARR, representing a common aspect used by decision-makers
to accept an investment; however, the MPT and other models use a risk-free rate. Moreover,
the average is sensitive to outliers and can be affected by extreme fluctuations. Conversely,
the Expected Value (mathematical expectation) is calculated by multiplying each possible
value by its probability of occurrence and adding up the results. In short, while the average
is a basic measure of central tendency, the expected value more accurately represents the
inherent uncertainty in the data [53].

In the state-of-the-art methods, a genetic algorithm is used for initial portfolio selection
(GENPO), as well as algorithms based on threshold acceptance (TAIPO) and simulated
annealing (SAIPO), which were tested and showed superior performance to other models,
mainly focused on risk management (Yu, Gilli, and Masese) [16,17,54]. The last models are
cited in the present study as YGM models. The individual YGM models versus MASIP are
analyzed. The results of this analysis demonstrate the performance of the 12 combinations
obtained between the YGM models and the hybridized algorithms. These results show that
the YGM models using the maximum SR objective function applying the TAIPO algorithm
obtain superior performance [8].

3.4. Individual Forecasting and Weights

Forecasting the performance of an investment portfolio is crucial for various reasons,
such as identifying and quantifying the risks associated with the portfolio, financial plan-
ning, and evaluating strategy. Forecasting enables financial analysts to anticipate and adjust
to changing market conditions, allowing them to make more timely and effective decisions.

The forecasting section of the Methodology is supported by FCTA (Forecasting Com-
bined Method with Threshold Accepting) [30], which consists of assembling 14 forecasting
methods and an enhanced threshold-accepting algorithm for weighting individual pre-
dictions. The forecast methods involved are Autoregressive integrated moving average
ARIMA, exponential smoothing state space (ETS), Neural network forecasting method
NNetar, Exponential smoothing state space-Box-Cox-ARMA (ETS), STLM with AR method,
Naive and random walk forecasts with drift activated, Decomposing Time Series with
Smoothing Methods (Theta), Naïve method, Autoregressive fractionally integrated moving
average (ARFIMA), Bootstrapped method (Bagged), SplinesCubic, Holt, Feature-based
forecast model averaging (FFORMA), and Jaganathan.

Notably, at least two of the models incorporated, FFORMA [36] and Jaganathan [55],
obtained second and fourth place, respectively, in the competition, as both FFORMA and
Jaganathan are ensemble and hybridization methods in certain cases [56]. Within this
framework, it is essential to underscore the more than 24,500 financial series within the
dataset, which suggests that the application of FCTA for the analysis of financial series can
be considered reliable.

The FCTA employs a set of criteria to evaluate the efficacy of forecasting methods,
including the uniform distribution, the normalized weights criterion, the Bayesian infor-
mation criterion (BIC), and the Akaike information criterion (AIC). These criteria have
been demonstrated to yield superior performance in the analysis and forecasting of the M4
competition series, which encompasses financial series.
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The forecasting process is presented in Figure 2. In this stage, individual forecasts are
made for each asset and its time series, using each forecasting technique considered in the
algorithm, that is, the n assets selected in the initial portfolio are evaluated and forecasted
by the M forecasting models. This is performed for each split of the time series, that is, each
of the forecasting models is fed with the training section of each of the asset’s data and
compared with the validation section. The error is measured for all the best methods, and
the ones with the lowest error evaluation are selected and compared against the test section.
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The initial combination of forecasting methods is established through the selection of
the best-evaluated ones.

Through experiments involving enhanced weights, it was observed that a collection
of methods yielded superior results compared to individual methods. They identified
which features were crucial for selecting methods for the combination. Notice that the most
effective combination is typically achieved when the best individual methods are employed.

Since the mid-20th century, ensemble methods for forecasting have been applied [57];
specifically, Bates [9] proposed using several forecasting methods in a weighted combi-
nation with weights w to be determined in terms of the error of each of the individual
methods. This method is commonly known as the Bates method and was initially tested
using Brown’s exponential smoothing methods. The way to compare n � 2 methods in
the Bates method is to determine the Mean Squared Error (MSE) for all methods for the
series considered in an evaluation period; then, the methods are combined so that each
participates in the forecast in terms of the accuracy corresponding to its MSE. A final
forecast ensemble or combination can be expressed as Equation (13):

Ŷf =
n

Â
i=1

wiŷi (13)

It can be said that the relationship between the combined forecast Ŷf and the individual
forecast ŷi are linear, where we have n individual forecast models, and for each model ŷi
we have a weight wi.

Moreover, the objective function is measured using the symmetric mean absolute
percentage error (sMAPE), a variation of the classic mean absolute percentage error (MAPE)
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metric [58]. However, other convenient error metrics could be used. The metric used in
this paper is expressed in Equation (14).

sMAPE =

"
2
h
⇤

n+h

Â
t=n+1

��Yi � Ŷi
��

|Yi|+
��Ŷi

��

#
⇤ 100 (%) (14)

where Yi is the current observation of the time series, Ŷi represents the predicted value,
n is the amount of data in the time series, and h represents the length of the forecast
horizon. This measure has been the subject of analysis since the late 1980s [59], but it gained
popularity with the M3 competitions [60,61] as a metric to compare various forecasting
methods. sMAPE is simple to calculate and understand, and unlike other errors, sMAPE
considers both overestimates and underestimates equally.

Other error metrics considered for evaluation are MSE (15), Root Mean Squared Error
(RMSE) (16), and Mean Absolute Percentage Error (MAPE) in Equation (17).

MSE =
1
n

n

Â
t=1

(Yi � Ŷi)
2 (15)

RMSE =

s
1
n

n

Â
t=1

(Yi � Ŷi)
2 (16)

MAPE =
100
n

n

Â
t=1

�����
(Yi � Ŷi)

Yi

����� (17)

Rsquared = 1 � Â (Yi � Ŷi)
2

Â (Yi � Yi)
2 (18)

In the context of machine learning forecasting, the evaluation of model performance
is subject to selecting appropriate metrics. This study includes MSE, MAPE, and RMSE
to evaluate forecasting models. MSE is used as an objective function because of its ability
to penalize large errors, although its sensitivity to outliers can be a disadvantage. MAPE
can overestimate small errors and generate problems when actual values are close to zero.
sMAPE, on the other hand, is used to present results which are easy to understand, as it
provides a more symmetric error penalty compared to MAPE [62]. While MSE is useful for
optimizing models, its interpretation is not intuitive for users. Therefore, sMAPE is used
for internal model fitting, while MSE is used for algorithm comparison. This approach
is designed to ensure a comprehensive and equitable evaluation of forecasting models,
aligning with practices employed in time series forecast competitions [63].

The RMSE is useful in cases where large errors are unacceptable because it takes the
square root of the errors. This makes the RMSE the same size as the original variable,
which makes it easier to understand the average size of the error. However, it can also be
too harsh on big errors, which may be a problem if they are rare or not important in the
analysis. Outliers can also have a big effect on the RMSE, which can change how we judge
the model when there are outliers [35]. The coefficient of the determination Rsquared (R2)
measures how well a forecasting model explains the variability of the actual data [35].

3.5. Optimized Combination Forecast

Once an initial combination of forecasting methods is obtained using the best-
evaluated models, it is necessary to establish the optimal combination of the forecast
models, i.e., to weigh them in such a way that this combination delivers the lowest possible
error. For this, it is necessary to use again the heuristics that allow solutions, which, in this
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case, try to minimize the error of the combined forecast against real test data. As mentioned
above, it is possible to use any of the heuristic methods.

Figure 3 shows the general process of the FCTA methodology. In the first step, the
training data of the n time series are used in the m forecasting methods, Ŷt+h(M1). These
methods generate a weighted combination of methods for each time-series. This combi-
nation is then compared to validation segment 1. The process is repeated with the data of
Validation 1. These data are used to forecast into the periods of Validation 2. The results are
then compared to Validation 2. The test split is applied to evaluate the optimized combined
forecasting. The error analysis in stages 1 and 2 selects the best individual forecasting
methods for each of the selected assets in the initial portfolio, thereby establishing an initial
mix of forecasting methods. This combination is uniform when equal weights are assigned
to each forecasting method.
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The initial combination of the best forecasting methods enters the optimization heuris-
tic based on TA, which has been modified to obtain a superior performance to the classical
TA algorithm. The algorithm Threshold Accepting Enhanced (TAE) is an algorithm in-
cluding a modified cooling scheme, a reheating scheme, and thermal equilibrium. This
algorithm was tested and showed a high performance in M4 time series [30].

The output of the TAE algorithm is the weighted combination of the best forecasting
methods that obtain the minimum value of the sMAPE error metric. The weighted methods
are then combined to generate forecasts, which are subsequently compared against the test
section to calculate the error metric.

3.6. Portfolio Optimization

Following the conclusion of the forecasting process, it is imperative to perform a
portfolio rebalancing or optimization. In this stage, the candidate assets’ past and forecasted
data are evaluated using the methodologies or algorithms outlined in Section 3.3. The
anticipated outcome of this process is a portfolio that exhibits enhanced performance in
comparison to its initial state. The logical sequence and steps of MASIP are shown in
Algorithm 1.
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Algorithm 1. Pseudo code for MASIP methodology

1: Market: Time series for portfolio forecasting (assets)
Result: Optimal Portfolio Forecast

2: Initialization
3: Market <- Get Market data

Market <- Clear Market data
4: For i in each asset in the Market
5: If profit_asset >= MARR #Minimum Acceptable Rate Return
6: Data <- asset
7: Train, validation 1, validation 2, Test <- splitData()
8: InitialPortfolio <- PortfolioSelection(Data[Train, validation 1, validation 2],

ObjectiveFunction)
9: IndividualForecast <- IndividualMethods(Data[InitialPortfolio])
10: InitialCombinationMethod <- IncludeProcess(IndividualForecast)
11: ForecastCombination <- FCTA(InitialCombinationMethod, Test)
12: OptimalPortfolio <- PortfolioSelection(Data[Train, validation 1, validation 2, Test],

ForecastCombination)
13: Return (Optimal portfolio, Combined Forecast, Metric Errors)

4. Experimentation and Results
This section reviews the equipment and material resources used for developing this

study. Since this is complex work, several computer parts equipment were required: Intel(R)
Core(TM) i7-13620H, CPU @ 2.40 GHz, RAM: 16 GB, Intel(R) Xeon(R) Gold 6230 CPU @
2.10 GHz, and 2.10 GHz, RAM: 12 GB (National Laboratory of Information Technology,
Tamaulipas, Mexico).

The languages used for this experiment are Python 3.7 for initial and final portfolios
and R 4.3.3 for forecasting.

A description of the time series utilized and an account of the experimentation con-
ducted with this series through the portfolio integration and portfolio forecasting algo-
rithms are also provided. A concise overview of both is included. The results and discussion
of these experiments are subsequently presented.

4.1. Methodology Application

In this section the methodology application is described in detail and each step of
our methodology is explained from the data acquisition and preparation to the final
portfolio optimization.

4.1.1. Data Set Acquisition and Preparation

To evaluate the algorithms and the proposed solution methodology, a set of assets and
their data series of the SP500 were used, consisting of 479 companies listed between January
2020 and the end of February 2025, giving a total of 262 observations (weekly prices). This
period was chosen because there was significant variability in the index and the stocks due
to the health emergency that affected the assets of the United States of America and the
whole financial world.

Justifications for using the SP500 are the market representativeness and diversification
(wide variety of companies of different sectors and sizes), access to historical data, liquidity
which allows for easy and efficient trading, it being commonly used as a benchmark to
compare the performance of an investment portfolio, and, finally, the U.S. equity market
enjoys strong regulation and institutional stability.

A computer program was developed to obtain information on the SP500 market
assets corresponding to the daily closing prices of the selected period from the Yahoo
Finance portal. Once the initial set was formed, the amount of empty or non-numeric data
(NAN) was checked, and those with missing data representing more than 50% of the total
were discarded.
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In the first phase of the proposed model, data validation and cleaning were performed,
which consisted of verifying that all the assets had the complete and correct information for
the period to be analyzed. The main tasks performed in this phase were detecting atypical
data and data supplementation in case of missing data at the beginning, end, or within
the series. The complementation process was performed by applying the extrapolation
(missing data at the beginning or end of the series) and interpolation methods.

As a final step, the expected value of each asset was compared to the return of the
SP500 index, as shown in Figure 4, where the assets with a return lower than this value
were discarded, since the assets that do not exhibit a return higher than this limit would be
of no interest to financial investors. As mentioned above, this helps to reduce computation
time since the final set of data to be analyzed is reduced.
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4.1.2. Segmentation of the Data Set

At this point, it was decided to segment the data series into four sections: the first
segment is the training set, which was established as 70% of the data, i.e., 183 weekly
observations, two validation segments, which consist of 10% of the observations each,
i.e., 26 observations each, and finally a test segment equivalent to the remaining 10%.
We decided to segment in this way to make the dataset compatible with the techniques
applied in the FCTA methodology for data forecasting. Similarly, this same segmentation is
applicable in constructing the initial portfolio where the training and validation sets are
taken as input data. To summarize, the segmentation written above is in Figure 4.

4.1.3. Initial Portfolio Hyperparameters

For the construction of the initial portfolio, the TAIPO algorithm was used. This had
already been tested and compared previously with other alternatives, demonstrating its
advantages, such as obtaining high values in the Sharpe Ratio as well as a good return and
a low correlation of assets.

The hyperparameters of the TAIPO metaheuristic were tuned by applying the an-
alytical tuning method described in [8,64]. The values obtained for the parameters are:
Initial Temperature: 273.8164, Final Temperature: 0.0000169, Cooling ratio: 0.96, while
the equilibrium cycle length L, was dynamically calculated as a function of the number of
assets and the temperature scheme.

Given that TAIPO is an approximate algorithm, 30 executions were carried out to
obtain the average of the performance indicators, thereby enabling the selection of assets
that maximize returns. The average values obtained were: Sharp Ratio (SR): 0.0221, Return:
0.0114, Risk: 0.2980, Correlation between assets: 0.2044, and the number of selected assets:
57, in weekly terms.



Math. Comput. Appl. 2025, 30, 34 14 of 23

Compared to the performance of the SP500 during 2024, equivalent to 0.24 per year,
the portfolio integrated in this stage had a performance of 147% above the index.

Figure 5 shows a sample of the graphs generated by the results of the algorithm. It
can be observed that the Sharpe Ratio behaves as expected regarding the TAIPO algorithm;
in the initial interactions, the system tolerates suboptimal solutions. However, as the
iterations progress under the cooling scheme, the system becomes less tolerant of accepting
bad solutions, ultimately identifying a higher SR value.
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Figure 5. Algorithm performance in optimizing the Sharpe-based objective function value. (a) Efficient
Frontier Risk vs. Return; (b) Sharpe Ratio values through algorithm execution.

Figure 5a presents the growth of the Sharpe Ratio value, which provides a represen-
tative example of the algorithm’s performance. The size of the bubbles represents the SR,
with smaller bubbles in the lower part corresponding to SR values between 0.0 and 0.01,
indicating lower returns (below 0.008). In the intermediate section, the SR values range
from 0.01 to 0.0299, with returns varying between 0.008 and 0.012. The larger bubbles at
the top illustrate the efficient frontier, which is defined as a set of portfolios with high SR
values above 0.03 and returns greater than 0.012.
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The behavior of the SR value, which functions as the evaluation criterion for the
TAIPO algorithm, is highlighted and shown in Figure 5b. Up to iteration 350, the values
exhibit the anticipated behavior, accepting suboptimal solutions. However, after this initial
phase, there is a decline in the acceptance of suboptimal solutions, leading to enhanced
SR values. Notice that from iteration 500 to the conclusion of the process, the highest SR
values correspond to the efficient frontier.

4.1.4. Forecasting: Weights and Optimization

For the initial portfolio forecasting, we applied the FCTA predicting tools [30]. Figure 6
shows the average result of the fourteen forecasting methods; we executed thirty executions
according to the FCTA process. The sMAPE metric is presented for the initial combination
using a uniform (sMAPE U) distribution for the weights. A 35.28% value was obtained for
this initial solution, while the optimized combination (sMAPE O) yielded a sMAPE value
of 23.60%. Notice that a large improvement of 49% of sMAPE was obtained. The forecast
horizon for this case was set at 7 weeks ahead; nevertheless, MASIP works for any other
short and medium forecast horizon.
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Figure 6. Forecast ensemble metric.

As illustrated in Table 2, a comparison is presented that integrates four performance
error metrics.

Table 2. Forecasting performance of FCTA from 2020 to 2025.

sMAPE MSE RMSE MAPE R2

Mean 23.60 24.46 4.94 54.99 0.143
Std 16.5 16.22 9.03 83.20 0.178

4.1.5. Final Portfolio Optimization

In the final stage of the methodology, the combined forecasts of the assets were
obtained. These were then refined using one of the integration algorithms and objective
functions that have been previously mentioned. For this phase, the TAIPO algorithm was
employed once more with the following metrics: Sharp Ratio: 0.0359, Return: 0.0126, Risk:
0.2170, Correlation between assets: �0.1061, and number of selected assets: 6 incorporating
the complete time series as well as the forecasts calculated in the preceding stage. In terms
of performance, the final portfolio presented an increase of 10.5% in returns and a reduction
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in correlation value compared to the initial portfolio. The graph of the evolution of the
Sharpe-based objective function is shown in Figure 7.
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Figure 7a presents the growth of the Sharpe Ratio value, which provides a representa-
tive example of the algorithm’s performance. The size of the bubbles represents the Sharpe
Ratio (SR), with smaller bubbles in the lower part corresponding to SR values between
0.0 and 0.0099, indicating lower returns (below 0.00756). In the intermediate section, the
SR values range from 0.01 to 0.02, with returns varying between 0.0075 and 0.0108. The
larger bubbles represent the efficient frontier, which is defined as a set of portfolios with
high SR values above 0.022 and returns greater than 0.011. The behavior of the SR value is
presented in Figure 7b, which serves as the evaluation function for the TAIPO algorithm; up
to iteration 250, the values behave as expected, accepting suboptimal solutions. However,
in some periods ahead, the acceptance of suboptimal solutions decreases, resulting in
better SR values. From iteration 310 to completion, the highest SR values form the efficient
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frontier. We can, therefore, conclude that the algorithm finds the best solutions and begins
a stagnation process. This means that after 20 repetitions of the algorithm without finding
an improvement in the solution, the algorithm stops [8].

By way of comparison and observing the results of the performance of the GENPO
algorithm, an experiment was carried out for the optimization of the final portfolio, pro-
ducing the following results: SR: 0.0308, Return: 0.0132, Risk: 0.2399, Correlation between
assets: �0.0674, and number of selected assets: 10. In the results, we notice that, in practi-
cally all the items, there are similar values except for the assets where there are 10, as well
as a slight increase in both return value and risk.

4.2. MASIP Comparison with State-of-the-Art Methods

To validate the proposed methodology, we compared MASIP with Puerto and Ce-
sarone’s model [21,23], and we used datasets from the SP500 market from 2005 to 2016.
This period comprises the widest range of time common in both studies. For these datasets,
we compared the average MASIP results with those reported by these authors in Table 3. In
the last references, a portfolio for 52 weeks considering a zero risk-free rate was performed.
The metrics used in the three alternatives were: the expected return, the risk value, the
Sharpe Ratio, and the number of assets. These results are discussed in subsequent sections.
We developed the programming codes necessary to emulate the former authors’ works.

Table 3. MASIP results comparison with state-of-the-art methods for SP500.

Avg Results Puerto [21] Cesarone [23] MASIP
Expected Return 0.002168 0.0026 0.0720

Risk 0.0231 0.0279 0.2988
Sharpe Ratio 0.094 0.0931 0.2218

Number of Assets 15 10 11

4.2.1. Data Acquisition, Preparation, and Split

We gathered datasets between 2005 and 2016 using Yahoo Finance, comprising, after
data cleaning, a preparation dataset of 445 assets and 572 weekly observations. Observa-
tions were split into 70% for training, 10% each for Validation 1 and 2, and 10% for testing.

4.2.2. Initial Portfolio MARR Results

The TAIPO algorithm was used to build the initial portfolio, with the maxSharpe
model. Table 4 shows a sensitivity analysis of the average results of the portfolios with
different minimum acceptable rates of return (MARR). The value of the SR is directly related
to the value of the MARR, since as the return value increases, the algorithm will look for
a set of assets that delivers a higher return. We can also observe that as the minimum
acceptable rate of return increases, the number of assets decreases; this is because, internally,
the algorithm selects the assets with the highest return and that is close to the risk-free
value. On the other hand, the results show a slight reduction in the correlation value.

Table 4. Initial portfolio applying MARR.

MARR % Sharpe Return Risk Correlation Assets
15 0.1924 0.0383 0.1842 0.0305 45
20 0.2162 0.0572 0.2467 0.0142 17
25 0.2181 0.0636 0.2697 0.0091 10
30 0.2230 0.0723 0.2983 0.0135 11

The improvement in SR values achieved by the TAIPO algorithm and the target
function can be seen in Figure 8.
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4.2.3. Portfolio Forecasting

The initial portfolio was generated with the heuristic algorithm, and individual fore-
casts were obtained for each selected asset through the 14 forecasting methods within the
FCTA methodology. A series of experiments were conducted, varying the forecast horizon
within the range of 1 to 24 weeks.

Table 5 shows the differences in the error metric values of the forecast method com-
bination models in a uniform distribution scheme, sMAPE U, and the contrast with
the sMAPE O.

Table 5. Average sMAPE values at different forecasting horizons.

Horizon Weeks sMAPE U sMAPE O Improvement
1 35.08 15.67 55%
4 10.64 7.74 27%
8 11.6 9.71 16%
24 12.59 11.68 7%

In conclusion, the application of the FCTA algorithm, once more, provides results
that, at least in the case of the 1-week forecast horizon, demonstrate an improvement of up
to 50%.

As is shown in Table 6, a comparison is presented that integrates four performance
error metrics.

Table 6. Forecasting performance of FCTA from 2005 to 2016.

sMAPE MSE RMSE MAPE R2

Mean 13.15 27.47 4.62 74.93 0.241
Std 12.63 27.36 2.51 64.91 0.220

4.2.4. Final Optimized Portfolio

The subsequent section entails implementing rebalancing or optimization procedures.
For this purpose, the TAIPO algorithm was used to obtain comparative results for each
forecast horizon, as well as to contrast the advantages of each of the algorithms and the case
study. It becomes evident that as the forecast horizon increases, there is a notable decline in
the Sharpe Ratio and return values. Concurrently, the risk factor experiences a reduction,
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and the number of assets exhibits a decline. The performance shown in Figure 9 illustrates
the evolution of the SR within the algorithm for the integration of the final portfolio. The
final portfolios generated through MASIP methodology exhibit Sharpe values that are
higher than those of the state-of-the-art methods in the short term, and this advantage is
further enhanced once these portfolios have been forecasted. As we observe, they maintain
or even increase the SR in the presented instances.
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Table 7 shows the results obtained from these experiments, prioritizing the average
of the highest Sharpe values found, identifying the algorithms that achieved superior
performance in return terms. As shown in Table 7, the integrated portfolios with brief
time horizons and the model MASIP yield outcomes surpass the contemporary standard.
Conversely, in the medium-term horizons, between 8 and 24 weeks, Cesarone’s model
attains superior results in terms of SR. Conversely, when the focus is directed toward the
variable yield, the MASIP algorithm demonstrates a markedly superior performance in
comparison to the other two algorithms. This distinction can be attributed to the inherent
characteristics of the MASIP algorithm and the mathematical models employed. The
MASIP model is designed to optimize the SR by prioritizing the maximization of yield.

Conversely, the implementation of the MASIP methodology in the models under
comparison yields analogous or superior outcomes. This is evident in the case of the
Puerto approach, where predictions for the medium term (i.e., 8 to 24 weeks) indicate an
SR considerably higher than those reported in the reference studied, reaching up to 415%.
In contrast, Cesarone’s model consistently shows superior performance, particularly in
medium-term predictions, where significant improvements of up to 348% in terms of the SR
are observed. As mentioned above, the MASIP methodology can be applied with various
models, yielding favorable outcomes.
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Table 7. Final comparison of forecasted values.

Horizon Weeks
1 2 4 8 12 24

M
A

SI
P

Expected
Return 0.072 0.0721 0.0721 0.06 0.0598 0.0609

Risk 0.2991 0.2989 0.2986 0.2 0.1993 0.2091
SR 0.2215 0.2218 0.2222 0.1752 0.1746 0.1717

Num. Assets 11 11 11 7 7 7

Pu
er

to
[2

3] Expected
Return 0.0061 0.0061 0.0061 0.0339 0.0338 0.033

Risk 0.0081 0.0081 0.008 0.0066 0.0065 0.0064
SR 0.0829 0.0832 0.0839 0.482 0.4845 0.477

Num. Assets 21 22 22 22 22 20

C
es

ar
on

e
[2

1] Expected
Return 0.0057 0.0056 0.0062 0.0068 0.0068 0.0067

Risk 0.0282 0.0282 0.0321 0.0163 0.0163 0.0161
SR 0.204 0.2018 0.195 0.4167 0.4171 0.4148

Num. Assets 15 15 15 15 15 15

5. Conclusions
This paper proposes MASIP, an efficient methodology for investing portfolios. This

methodology presents for the first time all the elements required for designing a portfolio:
the selection of the best asset candidates for integrating the portfolio, the forecasting of the
asset values in the investing horizon, including the best method selection for this task, the
integration the best assets in this horizon and their participation, as well as the optimization
model considering new constraints related to the maximum risk rate allowable and the
minimum acceptable rates of return. MASIP was applied to SP500 and compared with
state-of-the-art methods.

Regarding the initial phase of the portfolio construction process, it is imperative to
identify the most suitable candidates. To this end, MASIP employs the TAIPO algorithm,
a proposed mathematical model, and a constraint related to the lowest acceptable rate of
return. This approach facilitates the identification of effective portfolios. In a subsequent
stage, MASIP employs the FCTA to generate individual forecasts for each candidate asset
and each of the prediction methods, selecting those methods with optimal performance
and assembling them through the TAE algorithm to identify the optimal combination that
minimizes the sMAPE and generates short- and medium-term forecast horizons. A rebal-
ancing of the portfolio is subsequently implemented in the final stage, utilizing the TAIPO
algorithm. This results in a portfolio comprising forecasted data and optimized weightings.

Experimental evaluations of the algorithms and data used yielded outstanding as-
set selection and evaluation results with SR, as well as expected return. The MASIP
methodology was complemented by the forecast of the assets participating in the portfolio,
thus collaborating in the final optimization, resulting in a final weighted, forecasted, and
optimized portfolio.

A comparative analysis was conducted between MASIP and two alternative invest-
ment models, the Puerto and Cesarone models. The outcomes of this analysis were pri-
oritized based on the meaning of the highest Sharpe values identified. The results of
this study demonstrate that the MASIP algorithm exhibited robust performance in terms
of returns. As the forecast horizon grows, the SR and return values drop significantly,
concurrently with a drop in the risk factor and the asset number. The SR values from the
created portfolios exceed those of the state-of-the-art methods, and forecasting enhances
this advantage. The superiority of MASIP performance relative to the other two algorithms
lies in its design, which prioritizes the maximization of short-term yield to optimize SR.
Furthermore, the efficacy of the MASIP methodology in enhancing the performance of
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other methodologies is evident from the observed improvement in SR performance. This
observation supports the potential for further experimentation with the same approach.

For future research, the application of other optimization methods is proposed, in-
cluding other objective functions and metrics, both for asset preselection and portfolio
rebalancing, the experimentation of novel methods or forecasting ensembles in financial
time series, as well as the application of the MASIP methodology in other markets.
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