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Abstract  

 

The research addresses the problem of how to improve the innovation process in micro, small and 

medium-sized enterprises (MSMEs). The study of the problem is placed within the framework of 

the Smart Innovation paradigm. In this context, Innovation is considered a relevant factor for 

organizational performance that allows the creation and improvement of competitive advantages 

by implementation of new ideas, products, concepts, services to increase market positioning. For 

organizations seeking to improve innovation performance, using intelligent systems and artificial 

intelligence to guide the innovation process is a challenge. To address this problem, the objective 

was to develop methodologies, models and approaches to support decision making related to the 

intelligent management of the innovation process. To achieve this, specific objectives were set. 

The first one is to design an intelligent model to support innovation processes in MSMEs; the 

second one is to apply Artificial Intelligence (AI) techniques to customer data sources in social 

networks and organizational data of MSMEs, to improve the innovation process; the third one is  

to develop an intelligent system to evaluate the level of innovation in MSMEs; and the fourth step 

is to apply in case studies in the fashion cluster of the department of Norte de Santander and in the 

national context. To this end, research articles were developed. It began with a literature review 

article on the current challenges in the application of AI techniques to improve innovation 

processes in MSMEs. A proposal for an innovation model was made based on the different 

innovation models that exist in the literature, and three other research articles were written to meet 

the rest of the specific objectives set out in this doctoral thesis. Each article evaluated the 

strategies/models using evaluated using various data sets. The results showed the capacity of the 

proposed methodologies and models for the management of innovation processes. For example, 

the proposals allow the prediction of the level of innovation, and the definition of innovation 

problems, among other things, with good results in performance metrics. 

 

 

Keywords: Artificial intelligence, Machine learning, Innovation processes, Autonomic 

computing, Data analytics, Innovation decision-support system, Fuzzy cognitive maps. 

 



Resumen 

La investigación aborda el problema de cómo mejorar el proceso de innovación en las 

microempresas y las pequeñas y medianas empresas (PYME). El estudio del problema se sitúa en 

el marco del paradigma de la Innovación Inteligente. En este contexto, la Innovación es 

considerada un factor relevante para el desempeño organizacional que permite la creación y mejora 

de ventajas competitivas mediante la implementación de nuevas ideas, productos, conceptos, 

servicios para incrementar el posicionamiento en el mercado. Para las organizaciones que buscan 

mejorar el rendimiento de la innovación, el uso de sistemas inteligentes y la inteligencia artificial 

para guiar el proceso de innovación es un reto. Para abordar este problema, el objetivo era 

desarrollar metodologías, modelos y enfoques para apoyar la toma de decisiones relacionadas con 

la gestión inteligente del proceso de innovación. Para lograrlo, se fijaron objetivos específicos. El 

primero es diseñar un modelo inteligente para apoyar los procesos de innovación en las 

MIPYMES; el segundo es aplicar técnicas de Inteligencia Artificial (IA) a fuentes de datos de 

clientes en redes sociales y datos organizacionales de las MIPYMES, para mejorar el proceso de 

innovación; el tercero es desarrollar un sistema inteligente para evaluar el nivel de innovación en 

las MIPYMES; y el cuarto paso es aplicarlo en casos de estudio en el clúster de moda del 

departamento de Norte de Santander y en el contexto nacional. Para ello, se desarrollaron artículos 

de investigación. Se inició con un artículo de revisión bibliográfica sobre los retos actuales en la 

aplicación de técnicas de IA para mejorar los procesos de innovación en las MIPYMES.  Se realizó 

una propuesta de modelo de innovación basada en los diferentes modelos de innovación existentes 

en la literatura, y se redactaron otros tres artículos de investigación para cumplir con los objetivos 

específicos planteados en esta tesis doctoral. En cada artículo se evaluaron las estrategias/modelos 

mediante el uso de diversos conjuntos de datos. Los resultados mostraron la capacidad de las 

metodologías y modelos propuestos para la gestión de los procesos de innovación. Por ejemplo, 

las propuestas permiten predecir el nivel de innovación y definir problemas de innovación, entre 

otras cosas, con buenos resultados en las métricas de rendimiento. 

 

Palabras clave: Inteligencia artificial, Aprendizaje automático, Procesos de innovación, 

Computación autónoma, Análisis de datos, Sistema de apoyo a la toma de decisiones de 

innovación, Mapas cognitivos difusos 
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Chapter 1  

 

Introduction and research context 

 

 

1.1 Problem statement and motivation 

 

The increase in the speed of changes, both in the market and technology, makes it essential to 

consider innovation as a strategic variable, which is a condition for having a competitive advantage 

[7]. Although many enterprises recognize the importance of innovation, they do not implement it, 

either because they are very conservative or do not have the necessary knowledge or support tools. 

Innovation has been extensively studied by the most successful enterprises worldwide, such as 

Apple, General Electric, Google, Honda, Microsoft, Facebook, Sony, etc., which have developed 

and applied different solution methods and strategies. For example, they have leveraged artificial 

intelligence and the power of big data to improve their growth and performance. This has enabled 

them to uncover effective innovation strategies to pursue. 

 

One of the challenges of Micro, Small & Medium Enterprises (MSMEs) today is to apply 

innovation processes in all aspects. Knowing how to do it is just as important as implementing it 

into practice. Thus, innovation has become a strategic element that allows companies to improve 

their competitive position, and its absence produces a serious problem in generating new products 

and processes [1]. In this sense, organizations must integrate innovative strategies into their 

operations. These strategies should not only focus on effectively managing the innovation 

processes but also on enhancing their adaptability and proactively anticipating disruptions. Such 

actions enable organizations to constantly improve their competitive advantages promptly [2]. 

 



MSMEs are one of the business sectors that need permanent innovation to improve business results 

[3]. On the other hand, organizations fostering a culture of innovation experience a significant 

boost in productivity, with a remarkable 32% increase. They also substantially mitigate turnover 

risks by 14%, while potentially multiplying their annual revenue by fivefold. These findings were 

highlighted in the 2019 "Cultures of Innovation Model" study conducted by the renowned 

consulting firm, Great Place to Work [19]. Thus, today, enterprises to survive need innovation. If 

enterprises do not apply innovation to their process and products, then they will be in danger of 

interrupting their business operations. 

Then again, Colombia's investment level in innovation activities is still low, although it is the fifth 

most innovative economy in Latin America among 18 countries [4]. Despite this, it allocates less 

than 0.8 percent of GDP (Gross Domestic Product) to this area, and only 35 percent of those 

resources come from the private sector, according to the Global Innovation Index, published in 

July 2019 and carried out annually by Cornell University (United States) and the World Intellectual 

Property Organization (WIPO) [5]. 

 

The North of Santander Department currently has various MSMEs established in the fields of 

Agro-industry, Commerce, Tourism, Health, TIC, and Fashion, among others. To take advantage 

of the competitive advantages of the region, and considering Michel Porter's Theory in his book 

On Competition (page 199), where he says, "A cluster is a concentration of enterprises and 

institutions in the same business, with multiple relationships between them and with other agents 

in the industry, united by common features and complementarities", in Cúcuta city, North of 

Santander, the northern fashion cluster has been created to develop the competitiveness of the 

enterprises in the fashion system of North of Santander. The competitive scope of the cluster lies 

within the fashion industry, where favorable profit margins are attainable. This sector demands the 

integration of trend-responsive design, streamlined logistics, efficient production processes, and 

effective retail management, as key value-added components.  Another main objective is to 

accelerate the innovation processes, and therefore, competitiveness, at the local, regional, and 

national levels. Enterprises must devise new strategies aimed at enhancing competitiveness, by 

improving productivity and delivering products with higher added value. This cluster has around 

1,671 enterprises, among which are the manufacturers of flat fabric (jeans and shirts) and knitted 

fabric (cotton and lycra). The cluster comprises various stakeholders, including women's footwear 



manufacturers, leather goods suppliers, marketing professionals, unions, and support entities such 

as universities and chambers of commerce. Out of a total of 1,671 companies, 615 are engaged in 

the production of both footwear and clothing, collectively providing employment to approximately 

3,500 individuals. Additionally, it is estimated that the marketing of these products creates 2,000 

more jobs [6]. 

 

On the other hand, at the regional level, the MSMEs established in the Agro-industrial, Commerce, 

Tourism, Health, ICT, Fashion fields of the Department of North of Santander have a moderately 

acceptable level of Information and Communication Technology, according to the Development 

Plan for Norte de Santander 2016-2019 “A Productive North for All”. The MSMEs have 

conventional information systems, internet access, and use of social networks, but it is necessary 

to investigate how to exploit these resources so that they can develop strategic policies that allow 

them to innovate in their processes and products. It is essential to develop a strategy to generate 

added value to the product offerings of small and medium-sized national and regional companies, 

so that differentiation is the basic element of competitiveness. For this reason, this project proposes 

to develop intelligent models that help reduce the innovation gap of companies through data 

analysis. Intelligent models that can predict the level of innovation, define innovation problems 

using different data sources, among other things. 

 

In short, there is a need to develop different knowledge models to improve the innovation 

processes. The expectation is to develop knowledge models that can be integrated into an 

architecture with autonomous tasks in each of the sub-processes of an innovation process [8]. 

 

 

 

 

 

 

 

 



1.2 Research objectives 

The general objective and the specific objectives of this research are presented below. 

 

1.2.1 General objective  

 

Create an intelligent system for the monitoring, evaluation, and definition of strategies to improve 

the innovation processes of MSMEs in the North of Santander Department based on data analysis 

about MSMEs and their clients. 

 

1.2.2 Specific objectives  

 

1. Design an intelligent model to support the innovation processes in MSMEs. 

2. Apply AI techniques to customer data sources on social networks and organizational data of 

MSMEs to improve innovation processes.   

3. Develop an Intelligent System to evaluate the innovation level in MSMEs.  

4. Apply the model in case studies in the fashion cluster of the North of Santander Department and 

in the national context. 

 

 

1.3 Contributions and research scope 

 

This research focuses on the development of models, methodologies, and computational 

approaches to support the decision making in the innovation processes (the case study is MSMEs 

in the textile industry). This study makes several contributions presented in this section. First, a 

systematic literature review (SLR) was conducted to identify the challenges and opportunities 

associated with improving the innovation processes [9]. The review focused on two areas of 

interest, AI, and Innovation models, which are relevant to the management and improvement of 

Innovation processes. With this in mind, challenges and opportunities for future work are 

identified. Based on the information reported in the SLR, specific objectives related to the 

architecture of an intelligent model based on Autonomous cycles of data analysis tasks for the 

management of innovation processes are proposed. 

 



In this sense, the use of AI has the potential to improve the innovation process. AI can discover 

patterns, synthesize information, draw conclusions, make predictions, or perform problem-solving 

tasks, among other things [8]. Integration of AI in the innovation processes allows for improving 

its first subprocess, problem definition, to make better decisions based on customers opinions, 

comments, and needs. AI techniques were applied to customer data sources on social networks 

and organizational data of MSMEs to improve innovation processes. The datasets are related to 

social network comments, customer satisfaction surveys, and PCCS (petitions, complaints, claims, 

suggestions), and this information is used to define innovation problems using the 5W 

methodology and the Natural Language Processing paradigm. In addition, a tool was developed to 

assess the innovative capacity of organizations based on FCM, particularly, in MSMEs. 

 

In general, the data sources used to develop these knowledge models were obtained at the regional 

level from the company RAMARA JEANS, and at the national level from the company 

OFFCORS, to establish a case study in the fashion cluster of the North of Santander Department 

and in the national context. For both case studies, the data for the last five years (from 2018 until 

2022) was used. Other data sources used were from the Departmental Innovation Index for 

Colombia, the World Innovation Index, and the MSMEs based in the Valle de Aburrá, specifically 

in Ruta N [11], to develop an Intelligent System to evaluate the level of innovation in MSMEs. 

The models and systems were evaluated using particular scenarios determined by innovation 

experts. 

 

For this purpose, several research articles were developed to fulfill the objectives proposed in this 

thesis. Initially, a literature review article was conducted on the current challenges in the 

application of AI techniques to improve innovation processes in MSMEs. Additionally, a proposal 

was made for an innovation model based on the different innovation models existing in the 

literature. On the other hand, for the first specific objective, an article was written to specify the 

innovation process using the concept of Autonomous Cycle of Data Analysis Tasks (ACODATs) 

to manage it. In this article, a multidimensional data model is defined for the management of an 

innovation process, which stores the necessary information of the organization and the context. To 

meet the second specific objective, two articles oriented to the analysis of innovation problems in 

organizations using Artificial Intelligence (AI) techniques are proposed. The first one uses 



sentiment analysis in social networks for the definition of innovation problems in organizations 

and the second one analyzes innovation problems in organizations by performing data analysis 

from hybrid sources: social networks and organizational databases. For the third objective, a Fuzzy 

Cognitive Map (FCM) was developed as an Intelligent System to evaluate the level of innovation 

in MSMEs.  

 

Finally, all contributions made in this research are represented in several research articles. A total 

of five (5) scientific articles were generated, of which two (2) are published and the other three (3) 

are under review. 

 

1.4 Thesis organization 

This thesis is presented as a collection of articles developed to meet each of the proposed 

objectives. Chapter 2 describes the results of our SLR. Chapter 3, Chapter 4, and Chapter 5 

correspond to the fulfillment of the first, second, third and fourth objectives, respectively. One 

article was generated for the first sub-objective, two articles for the second sub-objective, and one 

article for the third sub-objective. These articles will be presented in each chapter. 

 

A brief description of each chapter is presented below. Chapter 2 describes the results of our SLR 

on AI and sensing techniques for the innovation processes. This SLR allowed us to identify trends, 

challenges, and research opportunities in this field. Chapter 3 shows the architecture of an 

intelligent model based on ACODAT for the management of innovation processes in MSMEs to 

achieve the first and fourth specific objectives. Chapter 4 presents two articles to meet the second 

and fourth specific objectives proposed in this thesis. The first article corresponds to sentiment 

analysis in social networks for the definition of innovation problems in organizations. The second 

article corresponds to innovation problems in organizations’ analysis using Data Analysis from 

hybrid sources: social networks and organizational databases. Chapter 5 presents one article about 

the FCM’s utilization as an Intelligent System to evaluate the innovation level in MSMEs.  

 

Finally, Chapter 6 presents a summary of all the articles’ conclusions presented in the previous 

sections. It also shows the limitations of our research and possible future works. 

 



Chapter 2  

 

 

State of the art on Intelligent Systems for the 

Innovation Processes of Textile MSMEs  

 

 

2.1 Motivation  

 

This chapter presents the SLR proposed for identifying and evaluating the available research about 

intelligent systems used in the MSMEs, to know the trends, current works, and publications in that 

field. For that, the paper proposed three research questions [9]: 1. How can MSMEs innovation 

processes be improved? 2.What intelligent systems have been developed that contribute to 

improving the innovation of MSMEs?  3.How has AI been used in the textile industry? 

 

Results of the previous studies demonstrated the importance of knowledge management within 

organizations, and its impact on the innovation processes. Consequently, it is necessary to create 

tools for optimal knowledge management; particularly, the use of analytical tools to support 

decision-making during the innovation processes is a big challenge, in theoretical and practical 

terms. There were two contributions to this work: the determination of the gaps that exist in the 

field of research on innovation in organizations, and the identification of how innovation processes 

can be improved by applying AI. A proposal for an innovation model was also generated based on 

the different innovation models proposed in the literature. The main conclusion was that it´s 

possible to implement systems that allow companies to improve their innovation processes by 

applying data analysis tools. 

 

 

 



2.2 Identification of the article 

 

Gutiérrez, A., Aguilar, J., Ortega, A. and Montoya, E, “Intelligent Systems in the Innovation 

Processes of Textile MSMEs - A Systematic Literature Review,” International Journal of 

Entrepreneurship, 2021, vol. 25, no. 5.  

 

2.3 Abstract 

 

Innovation has been considered a relevant factor for organizational performance that allows the 

creation and improvement of organizational competitive advantages, through the implementation 

of new ideas, products, concepts, services, and practices to increase productivity and market value. 

For organizations in the pursuit of innovation performance, the utilization of intelligent systems 

and artificial intelligence to guide the innovation process is a challenge. This presents a systematic 

literature review that analyses how intelligent systems have been used to improve the innovation 

capacities in Micro, Small & Medium Enterprises. The results show that even though there are 

relevant papers on the subject, there is not an established body of knowledge sufficient to ensure 

clear guidelines to improve the innovation process and performance based on intelligent systems. 

This paper exposes and discusses several challenges in this domain. 

 

2.4 Link to the full article  

 

See Appendix A and https://www.abacademies.org/articles/intelligent-systems-in-the-innovation-

processes-of-textile-msmesa-systematic-literature-review.pdf 

 

 

 

 

 

 

 

 

https://www.abacademies.org/articles/intelligent-systems-in-the-innovation-processes-of-textile-msmesa-systematic-literature-review.pdf
https://www.abacademies.org/articles/intelligent-systems-in-the-innovation-processes-of-textile-msmesa-systematic-literature-review.pdf


 

 

 

 

 

 

 

 

 

Chapter 3 

 

 

An Intelligent Model based on Autonomous 

Cycles of Data Analysis Tasks for the 

Management of Innovation Processes in MSMEs. 

 

 

3.1 Motivation 

 

Given the importance of innovation in MSMEs, and the existing opportunities to exploit data from 

the organizations, contexts, strategies based on data could be defined to build data-driven models 

to guide the innovation processes. One of these strategies is the utilization of the concept of 

"Autonomous Cycles of Data Analysis Tasks" (ACODATs) [12][13][14], which allows for 

generating knowledge models for the management of innovation processes using different data 

sources. This article proposed the concept of “Autonomic Cycle for innovation Processes”, which 

defines a set of tasks of data analysis whose objective is to improve the innovation processes in 

MSMEs. Notably, the ACODAT was applied to determine innovation problems in the textile 

industry [8]. Thus, this chapter presents the paper for the fulfillment of the first objective, and for 

the partial fulfillment of the fourth objective because there is a case study in the fashion cluster of 

the North of Santander Department. 

 



3.2 Identification of the article 

 

Gutiérrez, A., Aguilar, J., Ortega, A. and Montoya, E, "Autonomous cycles of data analysis tasks 

for innovation processes in MSMEs", Applied Computing and Informatics, 2022, Vol. ahead-of-

print No. ahead-of-print. https://doi.org/10.1108/ACI-02-2022-0048 

 

3.3 Abstract 

 

Purpose – The authors propose the concept of “Autonomic Cycle for innovation processes,” which 

defines a set of tasks of data analysis, whose objective is to improve the innovation process in 

micro-, small and medium- sized enterprises (MSMEs). 

Design/methodology/approach – The authors design autonomic cycles where each data analysis 

task interacts with each other and has different roles: some of them must observe the innovation 

process, others must analyze and interpret what happens in it, and finally, others make decisions 

in order to improve the innovation process. 

Findings – In this article, the authors identify three innovation sub-processes which can be applied 

to autonomic cycles, which allow interoperating the actors of innovation processes (data, people, 

things and services). These autonomic cycles define an innovation problem, specify innovation 

requirements, and finally, evaluate the results of the innovation process, respectively. Finally, the 

authors instance/apply the autonomic cycle of data analysis tasks to determine the innovation 

problem in the textile industry. 

Research limitations/implications – It is necessary to implement all autonomous cycles of data 

analysis tasks (ACODATs) in a real scenario to verify their functionalities. Also, it is important to 

determine the most important knowledge models required in the ACODAT for the definition of 

the innovation problem. Once determined this, it is necessary to define the relevant everything 

mining techniques required for their implementations, such as service and process mining tasks. 

Practical implications – ACODAT for the definition of the innovation problem is essential in a 

process innovation because it allows the organization to identify opportunities for improvement. 

Originality/value – The main contributions of this work are: For an innovation process is specified 

its ACODATs in order to manage it. A multidimensional data model for the management of an 

innovation process is defined, which stores the required information of the organization and of the 

https://doi.org/10.1108/ACI-02-2022-0048


context. The ACODAT for the definition of the innovation problem is detailed and applied in the 

textile industry. The Artificial Intelligence (AI) techniques required for the ACODAT for the 

innovation problem definition are specified, in order to obtain the knowledge models (prediction 

and diagnosis) for the management of the innovation process for MSMEs of the textile industry. 

 

3.4 Link to the full article  

 

See Appendix B and https://www.emerald.com/insight/content/doi/10.1108/ACI-02-2022-

0048/full/html 
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Chapter 4 

 

Analysis of Innovation Problems in 

Organizations using Artificial Intelligence (AI) 

Techniques  

 

 

4.1 Motivation 

 

Innovation serves as a fundamental pillar for the continuous growth and competitiveness of 

organizations spanning diverse industries. Nevertheless, innovation processes come with their own 

inherent challenges and intricacies. Notably, AI techniques incorporation presents a compelling 

solution to enhance these innovation processes significantly. For example, AI can identify patterns, 

synthesize information, draw conclusions, make predictions, and engage in problem-solving tasks, 

among other things [15]. Moreover, the substantial data generated in the digital era both poses a 

challenge and offers an opportunity. Organizations must adopt effective data management and 

analytics strategies to harness the full potential of this valuable resource while mitigating 

associated risks. This chapter presents two articles designed to address the second and fourth 

specific objectives. The first article presents a sentiment analysis of social networks to define 

organizations' innovation problems. The second article presents an analysis of innovation problems 

in organizations using data analysis from hybrid sources: social networks and organizational 

databases.  

 

 



4.2 Sentiment Analysis in the Social Networks for the Definition of Innovation 

Problems in Organizations  

 

4.2.1 Motivation  

 

Sentiment analysis on social networks allows for the evaluation of the opinions disseminated 

through this media. Social networks facilitate the communication efforts of firms to transmit their 

values, attract new consumers, get feedback from discontent customers, or provide selling info 

[16]. On the other hand, the definition of the problem determines the scope of an innovation 

process. Therefore, an adequate and comprehensive definition of an innovation problem is a key 

phase to be considered in any kind of innovation process [17][18]. According to the above, it is 

possible to affirm that social networks are useful for a company to have extra sources of 

information, which will allow identifying and defining problems of innovation. This article used 

sentiment analysis in social networks for the definition of innovation problems in organizations. 

Thus, in this section, the first article is presented to fulfill the second and fourth specific objectives, 

which considers a national case study.  

 

4.2.2 Identification of the article 

 

Gutiérrez, A., Aguilar, J., Ortega, A. and Montoya, E, “Sentiment analysis in the social networks 

for the definition of innovation problems in organizations”, preprint submitted to Technology in 

Society. 

 

4.2.3 Abstract 

 

In recent years, on social networks, people can express their thoughts, write their emotions, and 

generate content about many topics. In order to discover the value of this information, in this 

article, we propose a sentiment analysis system for the social networks based on the “autonomic 

cycle of data analysis tasks” paradigm, to define innovation problems in an organization. This 

autonomic cycle has a set of tasks used for gathering and handling large unstructured data from 

social media, for the definition of innovation problems through sentiment analysis. The tasks of 

the autonomic cycle filter the negative tweets and determine their keywords. Then, they calculate 



the groups/clusters in the negative tweets, and for each cluster, they analyze each centroid to obtain 

additional information to answer the 5 questions of the W model (What, Where, When, Why, Who) 

that describe a problem. Particularly, considering this information on the clusters, the last task 

defines customer-oriented innovation problems. Finally, this article analyzes a case about tweets 

in a fashion enterprise, with results very encouraging. 

 

4.2.4 Link to the full article  

See Appendix C. 

 

 

4.3 Analysis of Innovation Problems in Organizations using Data Analysis 

from Hybrid Sources: Social Networks and Organizational Databases  

 

4.3.1 Motivation 

 

The motivation for exploring data analytics from hybrid sources, particularly a blend of sources 

such as social networks and organizational databases, stems from the necessity of adopting a 

comprehensive, data-centric approach to defining innovation challenges. This multifaceted 

analysis empowers organizations to unearth concealed patterns, identify influential ideas, among 

other things, to make well-founded decisions that fuel the innovation process. As innovation 

continues to gain prominence in the business arena, harnessing the potential of hybrid data sources 

emerges as a strategic imperative for organizations aspiring to achieve lasting growth and 

prosperity. This paper presents an ACODAT for defining innovation problems based on sarcasm 

analysis in satisfaction rating surveys, and customer comments in social networks and PCCS 

systems. Thus, in this section, the second article is presented to fulfill the second and fourth 

objective specifics. 

 

4.3.2 Identification of the article 

 

Gutiérrez, A., Aguilar, J., Ortega, A. and Montoya, E, “Definition of innovation problems in 

organizations using Data Analysis from Hybrid Sources: Social Networks and Organizational 

Databases”, preprint submitted to Journal of Innovation and Entrepreneurship. 



 

4.3.3 Abstract 

 

Nowadays, we can express the experience we have lived with the products we use. Most of the 

time, we interact with brands and let our likes and dislikes be seen on digital platforms, either by 

interacting with social networks, filling out satisfaction surveys, or registering requests, 

complaints, and claims. To get the value of all available customer data of the companies, in this 

article, we propose to study the data from different sources using an autonomic cycle of data 

analysis tasks to define innovation problems in an organization. The tasks of the autonomic cycle 

filter the customer comments from different sources (e.g., from social networks, PCCS (petitions, 

complaints, claims, suggestions) systems of organizations, etc.), obtain their keywords, and 

analyze the patterns of the users to answer the questions of the 5W methodology (what, who, 

where, when and why?), in order to define innovation problems. Finally, this article analyzes a 

case study of a fashion company using its PCCS system and comments of Twitter, to identify 

useful information.  Part of the information discovered was the reasons for customer returns, 

merchandise delivery problems, shipment failures, failure to respond timely to customers, among 

other things. With this information, the autonomic cycle is able to define customer and 

organization-oriented innovation problems, in order to respond to these identified problems. 

 

4.3.4 Link to the full article  

 

See Appendix D. 

 

  



 

 

Chapter 5  

 

 

A Fuzzy Cognitive Map as an Intelligent Making 

Decision System to Evaluate the Innovation in 

MSMEs.  

 

 

5.1 Motivation 

 

The reason behind creating an innovation evaluation model is to provide a valuable tool that aids 

managers, entrepreneurs, and government leaders at various levels. This model serves to discern 

and quantify innovation levels within organizations and countries on a global scale, offering 

crucial insights not only for these decision-makers in organizations, but also, for specific national 

departments tasked with fostering and regulating innovation. By doing so, it enables us to define 

informed strategies and policies aimed at driving innovation and fostering economic growth. By 

analyzing data such as innovative activities, basic research, and external context, the evaluation 

model can identify three levels of innovation: low, medium, and high. Thus, in this section, the 

article is presented to fulfill the third specific objective. 

 

5.2 Identification of the article 

 

Gutiérrez, A., Aguilar, J., Ortega, A. and Montoya, E, “Using Fuzzy Cognitive Maps to evaluate 

the innovation in Micro, Small and Medium Enterprises”, preprint submitted to Management 

Decision. 

 



5.3 Abstract 

 

The field of innovation covers not only the development of new products, but also new internal 

processes, the management of new market positioning initiatives, and the generation of new 

concepts and platforms, sometimes based on new paradigms. In the innovation process, 

organizations should measure activities and evaluate innovation performance. This will allow them 

to continuously improve their processes, methods, and capabilities, and increase product and 

process innovation in the future. Controlling the evaluation of innovation using intelligent systems 

can be challenging for companies seeking innovation performance. This paper presents a fuzzy 

cognitive map for improving the assessment of innovation in SMEs. The previous results in the 

literature show that although there are relevant advances on this topic, there is not enough 

knowledge to provide clear guidelines for evaluating innovation and improving performance in an 

organization using intelligent systems. However, we get very good results with our approach based 

on fuzzy cognitive maps in three case studies to determine the level of innovation in an 

organization. Additionally, this article reveals and addresses several challenges in this field. 

 

5.4 Link to the full article  

 

See Appendix E. 

  



 

 

Chapter 6  

 

Conclusions  

 

This chapter presents a summary of the results of all the work presented above. In addition, shows 

limitations and research opportunities for the future. 

 

6.1 Summary  

 

The integration of information technologies, particularly AI, in the field of innovation, represents 

a critical step for organizations. It constitutes a vital milestone for organizations aiming to flourish 

in the swiftly evolving business environment, to ensure their market presence and the attainment 

of a competitive edge. The most appropriate AI technologies for MSMEs to support and improve 

innovation processes with the use of data analysis tools were explored and defined. In this sense, 

the following findings were obtained: 

 

First, it was possible to propose the automation of the innovation processes in MSMEs through the 

definition of ACODATs, which used different data sources to build knowledge models about the 

innovation processes (e.g., predictive and descriptive models). It was possible to generate 

knowledge for the organization, not only to identify a problem but also, to identify where it 

happened, when it happened, and the impact it has on the organization. Furthermore, the use of 

ACODAT allows for more informed, data-driven decisions. 

 

In addition, it scales to handle larger volumes of data and adapt to evolving data analysis 

requirements as MSMEs grow. Thus, through continuous data analysis, ACODATs help MSMEs 

adapt to changing market conditions and customer preferences, ensuring long-term sustainability. 

Undoubtedly, the definition of an ACODAT for identification of innovation problems was a great 

contribution for companies. 

 



Secondly, a protocol for the application of the ACODAT was developed, and a real case was 

addressed based on data obtained from a social network and organizational databases of a 

Colombian company dedicated to the manufacture, marketing, and sale of clothing. There, each of 

the ACODAT tasks was implemented to define innovation problems, to verify its functionality 

and to evaluate the quality of the results. This has empowered the company to make informed 

decisions on how to effectively address these problems. 

 

Hence, by automating data analysis tasks and focusing on relevant data sources, the company can 

allocate its resources more efficiently, directing efforts toward areas that require attention. 

ACODAT is a powerful tool to harness the value of information from social networks, 

organization, surveys, etc., in order to define innovation problems with precision, and drive 

strategic decision-making 

 

Finally, an FCM was proposed for the evaluation of the level of innovation in an organization, 

which can be applied in different contexts, as evidenced by the Colombian case studies and the 

global case study, with very good results. It is important to highlight that this is the first work that 

proposes an FCM for the evaluation of innovation using different types of data as the innovative 

activities, and external contexts, among others, as the macro variables of the organizational 

environment that influence the development of innovative competencies, based on the Oslo 

Manual. 

 

The objective of the research aimed at "creating an intelligent system for monitoring, evaluating 

and defining strategies to improve the innovation processes of MSMEs in the Department of Norte 

de Santander based on the analysis of data on MSMEs and their customers", was developed 

through the design of an intelligent model applying AI techniques and implementation of an 

intelligent system to evaluate innovation in MSMEs. It achieved an accuracy of 80% of the 

Colombian cases and 92% of the global cases to assess the levels of innovation in organizations. 

This implies that it can be applied in any industry context. 

 

In conclusion, there are several impacts of an intelligent system such as FCM for innovation 

assessment: it empowers organizations to make data-driven decisions, fosters innovation and 



improves their competitive position in the global landscape. Its high accuracy, adaptability and 

alignment with international standards make it a valuable asset for organizations striving for 

innovation excellence. 

 

6.2 Limitations  

 

One of the main limitations in the development of this work was that the databases used were at 

the local level, relying solely on the information provided by the studied organization, which 

consequently resulted in the utilization of static data within a defined date range. This limitation 

can hinder the ability to capture real-time or evolving trends in innovation, which are essential for 

making proactive decisions. 

 

Another limitation is that some of the datasets were incomplete. For example, not all customers 

express their opinions online, which could lead to an incomplete representation of customer 

sentiments. This work used data from different sources such as social networks, and PCCS 

systems. This limitation is especially relevant when conducting sentiment analysis, as it may not 

capture the sentiments of a significant portion of the customer base. Incomplete datasets may limit 

the depth of insights that can be derived from the analysis. Understanding the full spectrum of 

customer sentiments and experiences is essential for making well-informed decisions and 

addressing potential issues. 

 

Another limitation might be the potential biases or incomplete representation of customer opinions 

if certain demographics or platforms are not well-covered. Finally, data is constantly evolving. 

Thus, the clustering models need to adapt to new information, features, and trends to their 

effectiveness over time. Models that can continuously learn and incorporate new information are 

better equipped to provide accurate and actionable insights over time, making them valuable assets 

for data-driven decision-making in dynamic environments. 

 

 

 

 



6.3 Future Work 

 

It is necessary to implement our ACODATs in other real scenarios to verify their functionalities. 

For example, Customer Service and Support could be applied to analyze customer interactions, 

such as emails, chat logs, and call recordings, to identify common issues, customer sentiment, and 

areas for service improvement. Another area can be HealthCare to analyze patient records, medical 

literature, and social media data to identify healthcare trends, patient sentiment, and areas where 

medical research is needed. Thus, the versatility of ACODATs makes them a valuable tool for data 

analysis and decision-making in a wide range of real-world scenarios. Also, it is important to 

define the ACODAT for the other sub-processes of our general innovation model. Once 

determined, it is necessary to define the relevant mining techniques required for their 

implementations. This involves the collection and analysis of data, ensuring data privacy and 

security in compliance with regulations. 

 

Furthermore, the use of other sentiment analysis frameworks, for example, those based on Sentic 

computing, will allow for increasing the precision of sentiment analysis systems. For example, the 

integration of Sentic computing can lead to a better grasp of how sentiment is influenced by the 

surrounding context. 

 

Future work must explore the integration of additional information from the organization, for 

example, operational data provides real-time information about the day-to-day activities of the 

organization. It can include data on production, inventory, supply chain, and more. This data helps 

in monitoring and optimizing processes for innovation, identifying bottlenecks, and streamlining 

operations. On the other hand, financial records and sales data provide information about customer 

behavior and product performance, and market demand. It can be used to identify product trends, 

customer preferences, and potential opportunities for product or service innovation. Also, beyond 

internal financial records, external financial data, such as market trends, industry benchmarks, and 

competitive information, can help in assessing the competitive landscape and identifying market 

gaps or emerging opportunities for innovation. 

 



Other future work is to implement an online tool with an intuitive, user-friendly and visually 

appealing user interface that can perform the entire process of problem definition through these 

various data analysis tasks. This tool will encourage cross-functional collaboration and 

participation in problem-solving and innovation initiatives. Second, it will simplify the process of 

importing, cleaning, and processing data from various sources, and will save time and reduce the 

technical barriers associated with data analysis. Finally, the tool will provide real-time updates on 

data trends and insights, enabling timely decision-making and responsiveness to change 

circumstances 

 

Finally, another future work is to implement an automatic check for innovation problems that 

checks whether the formulation is appropriate and correct for the context in which it is used. For 

example, implement semantic analysis to ensure that the problem formulation aligns with the 

context and goals of the organization. This will involve checking for logical inconsistencies to 

ensure that the problem is well-defined, using formal rules and constraints. 
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ABSTRACT 

Innovation has been considered a relevant factor for organizational performance that 
allows the creation and improvement of organizational competitive advantages, through the 
implementation of new ideas, products, concepts, services, and practices to increase productivity 
and market value. For organizations in the pursuit of innovation performance, the utilization of 
intelligent systems and artificial intelligence to guide the innovation process is a challenge. This 
presents a systematic literature review that analyses how intelligent systems have been used to 
improve the innovation capacities in Micro, Small & Medium Enterprises. The results show that 
even though there are relevant papers on the subject, there is not an established body of 
knowledge sufficient to ensure clear guidelines to improve the innovation process and 
performance based on intelligent systems. This paper exposes and discusses several challenges in 
this domain. 

Keywords: Innovation Processes, Smart Innovation Capabilities, Intelligent Systems, 

Artificial Intelligence, Micro-Small and Medium Enterprises, Textile Industry 

INTRODUCTION 

Currently, it is difficult to think about moving forward and staying in the market without 

innovating. Regardless of the type of company, organizational advancement and development 

might be linked to its innovation activities and results (OECD, 2018). Micros, Small & Medium 

Enterprises (MSMEs), are some of the business sectors that need permanent innovation the most, 

to improve business results (Weldeslasie & Ahmed, 2019). 

In general, innovation is considered a critical factor for companies´ survival and success 

due to the necessity to adapt faster and better to the changing needs of the environment. The 

reality is that MSMEs, due to their particular characteristics, in many cases obviate the 

implementation of a comprehensive plan of assets linked to innovation, technology management, 

and investment in research and development (Ferrer et al., 2015). Currently, the importance of 

innovation is increasingly evident as a consequence of rapid changes, which requires managers to 

explore and implement actions that allow them to tackle market´s needs, by designing and 

implementing adequate strategies in their companies (Sánchez, 2016). Organizational managers 

must recognize the importance of innovation and commit with the necessary internal changes, 

related to human capital development and creativity, at individual and group levels, being this a 

key factor for success (Flórez, 2019). 
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Abstract 

In recent years, on social networks, people can express their thoughts, write their emotions, and 

generate content about many topics. In order to discover the value of this information, in this 

article, we propose a sentiment analysis system for the social networks based on the “autonomic 

cycle of data analysis tasks” paradigm, to define innovation problems in an organization. This 

autonomic cycle has a set of tasks used for gathering and handling large unstructured data from 

social media, for the definition of innovation problems through sentiment analysis. The tasks of 

the autonomic cycle filter the negative tweets and determine their keywords. Then, they 

calculate the groups/clusters in the negative tweets, and for each cluster, they analyze each 

centroid to obtain additional information to answer the 5 questions of the W model (What, 

Where, When, Why, Who) that describe a problem. Particularly, considering this information on 

the clusters, the last task defines customer-oriented innovation problems. Finally, this article 

analyzes a case about tweets in a fashion enterprise, with results very encouraging. 

 

Keywords: Innovation Problems, Sentiment Analysis, Social networks, Autonomic Computing 

 

1. Introduction 

Sentiment analysis on social networks allows evaluating the opinions disseminated through this 

media. The huge volume of information (texts, images, etc.) in the social networks requires tools 

to automatically process these messages without losing reliability. In the context of marketing, 

the new trends use social networks to communicate corporate actions, mainly due to their great 

potential to establish relationships with customers through them [1]. Social networks facilitate 

the communication efforts of firms to transmit their values, attract new consumers, get feedback 

from discontent customers, or provide selling info [2]. 

Many studies have described the importance of innovation in the sustainability of an organization 

[3]. In general, innovation is considered vital for the survival and success of companies because 

of the need to evolve rapidly to follow the requirements of the environment [4]. Innovation plays 

a critical role in the world economy [5], it is associated with the persistent growth in companies, 

and can create new opportunities [6]. Fundamentally, innovation is a procedure of producing and 



mixing thoughts in order to solve a future problem [5]. Innovation is likewise related to issue 

solving, and may be the answer to a new issue or a new resolution technique to an elder issue 

[7]. 

But, before solving a problem, we must define the problem. The definition of the problem 

determines the scope of an innovation process. Therefore, an adequate and comprehensive 

definition of the problem is a key phase to be considered in any kind of innovation process [8, 9]. 

Thus, the analysis of the innovation process within a company with special emphasis on the 

phases of searching for ideas for the launch and marketing of a new product, is what is behind 

the definition of an innovation problem. It is during these phases that it is possible to have 

consumer participation through social networks contributing ideas, opinions, and supporting the 

launch and marketing. Social networks are becoming platforms of communication with 

consumers and, moreover, for supporting company innovation [10]. 

According to the above, it is possible to affirm that social networks are useful for the company to 

have extra sources of information, which will allow identifying and defining problems of 

innovation. In this paper, we present an autonomous cycle of data analysis tasks (ACODAT) for 

the definition of innovation problems based on sentiment analysis in social networks. We identify 

the innovation problems using the ACODAT concept [10][11][12], and particularly, a previous 

generic ACODAT whose objective is the definition of an innovation problem [13]. In this paper, 

this autonomous cycle is applied to analyze negative tweets, such that each data analysis task is 

defined to answer the questions of the W model (What, Who, Where, When and Why) [29] with 

the aim of defining the innovation problem from the negative customer comments made on 

Twitter. The major contributions proposed in this paper are: 

- Carry out one instance of ACODAT in order to define one innovation problem using sentiment 

analysis.  

- Adapt the tasks of this ACODAT with the IA techniques required for the innovation problem 

definition using the social networks as information sources. 

- Describe a case study of this ACODAT in the textile industry of fashion using Twitter as the 

social network.   

The structure of this work is as follows. Section II describes the associated works. In Section III, 
the theoretical framework of this work is described, specifically, the ACODAT for the definition 
of innovation problems. Section IV describes the application of this ACODAT using social 
networks, in particular Twitter. Section V describes the textile case study, including the 
experiments and analysis of results. Section VI purposes criteria to compare our proposal with 
other works. Finally, the main conclusions and next works are exposed. 
 

2. Related works  

In this section, we describe the primary latest papers associated with our approach. These works 

carry out a sentiment analysis in the social networks and/or study innovation problems. First, we 



present the papers about sentiment analysis for innovation contexts [1][14][15][20]. Second, we 

present the papers about the definition of the innovation problems in the context of innovation 

processes [21][22][23][24][25].  

The paper of Hutto and Gilbert [14] collects and manages massive unstructured information from 

social media for sentiment evaluation for figuring out services. Particularly, they define a 

technique described by a set of rules built from the sentiment assessment of customers by service 

classes, grouped by domains. Saura and Palos [1] analyzed the sentiments (positive, negative, 

and neutral) of the offers published on Twitter through the hashtag #BlackFriday. They identified 

the sentiment of the offers published on the social network to promote the #BlackFriday event. 

Using this information, they identify strategies to improve the commercialization and marketing 

of companies [26].  

In the article [15], Kumar and Jain define an automatic assessment approach considering the 

sentiment analysis of student opinions. The comments from the students are collected and the 

system automatically identifies their sentiments, as well as relevant features of a product or 

service employed. Khramoin et al. [20] describe a sentiment evaluation that uses a set of rules 

for the assessment of the public's mindset toward innovations. The sentiment analysis considers 

textual content fragments, called emotive constructions, during the analysis. This paper 

confirmed that sentiment analysis can improve the manual analysis of professionals. Zhou et al. 

[22] define a two-layer model to describe the needs of customers. The first layer is based on 

sentiment analysis to determine customers. The second layer detects the characteristics of these 

customer needs, by analyzing semantic differences and similarities. 

In the work (16], the authors examine the impact of media on public opinion. The article describes 

how the media impact public opinion. They indicate that this control and influence considers 

cognitive, psychological, physiological, and technological elements. They conclude that the media 

shape social constructs and behaviors, with fundamental consequences for the future of today's 

society. Based on these results, Sanchez et al. [17] define a model that describes the 

conformation of public opinion from the angle of opinion mining, through the use of the 

Multilevel Fuzzy Cognitive Map technique [18][19]. They study the abilities of the approach for 

both, knowledge extraction and knowledge description for opinions on different topics. 

In general, Artificial Intelligence (AI) has the potential to improve the innovation process. For 

example, AI can become aware of patterns, synthesize information, draw conclusions, make 

predictions, or perform problem-solving tasks [23]. Haefner et al. [21] review the use of AI 

technologies for innovation management. They outline a framework to define where AI, and 

particularly, their use for the digital transformation of innovation. Kakatkar et al. [24] describe 

strategies for the generation of information and models for innovation analysis using data-driven 

approaches. They show two case studies, certainly considered one among a German non-public 

care product producer that used AI algorithms to examine chats and extract purchaser needs. 

Another case is an American semiconductor chip manufacturer that used AI to identify issues 



related to their products. In the paper [25], Tsung-Ting et al. integrate social network analysis 

(SNA) and natural language processing (NLP) to estimate the propagation of a new subject matter 

and define a framework for this problem. They use latent semantic information between topics, 

users, and social connections for the predictions. 

According to the previous works, there are articles related to sentiment analysis applied in 
different innovative contexts such as improving product promotion strategies [1], evaluating 
public opinions [17] [20], and identifying customer needs [22], among others. However, there are 
no works defining innovation problems using sentiment analysis. Additionally, the ACODAT 
concept has been used in other domains [11][12] [27][28], and a preliminary work has built a 
generic ACODAT to autonomously define innovation issues [13]. This paper is based on this 
ACODAT and suits it for the sentiment analysis in social networks. These are the principle 
variations in our technique concerning preceding works. 
 

3. Autonomic Cycle to analyze innovation problems 

In this work, we consider one of the ACODAT described in [13]. The authors of [13] propose 
ACODAT to enhance the innovation process. They design 3 ACODATs: one to specify the needs, 
another to define innovation problems, and finally, one to evaluate the results. The second one 
is studied in this work, which will be applied in the context of sentiment analysis. 
The relevance of an ACODAT to define Innovation problems (ACIP001) is because it allows its 
characterization [13]. In general, this ACODAT has a set of data analysis tasks, which use mining 
techniques to acquire useful data to build the innovation problem statement. We use the 5W 
approach to build this cycle (see Figure 1) [29].  
 



 
Figure 1. Structure of the ACIP-001 [13].  

Table 1 suggests the overall description of every task of this ACODAT described in [13], based 
totally on the 5W model: 

Task Name Knowledge Models 

1. What: it identifies the 
potential innovation 
problem 

Descriptive and Detection 
Models 

2. Who: it establishes 
those affected by the 
potential innovation 
problem 

Descriptive Model  

3. When: it determines 
when the potential 
innovation problem occurs 

Detection and Predictive 
Models 

4. Where: it identifies 
where the potential 
innovation problem occurs 

Diagnostic and Predictive 
Models 

5. Why: it determines the 
impact of the potential 
innovation problem 

Diagnostic and Predictive 
Models 

6. Declaration: it defines 
the innovation problem 

NLP 



Table 1. Description of the Tasks of ACIP-001 
Now, we describe each task. 
1. What: in this task is identified the trouble with the data sources. An example of a problem is 
the purchaser lawsuits. The goal of this task is to decide the prevalence of innovation troubles 
(i.e., it's far vital to create an authentic solution). This task uses descriptive and detection models 
to become aware of the innovation problem.  
2. Who: This task identifies who is affected by the previous innovation problem (e.g. customers, 
organizations, or specific groups). Due to that, it uses descriptive models. 
3. When: this task establishes when the problem will occur, for which it uses detection or 
prediction models.  
4. Where In this task is defined where the problem occurs, for which it uses data sources about 
geo-localization and diagnosis models. 
5. Why: In this task is determined the relevance of the problem. 
6. Declaration: this task defines the problem. This task is able to use NLP strategies to define the 
statement problem. 
 

4. Instantiation of ACIP-001 based on Social Networks 

In this section, we describe the application of ACIP-001 using Social Networks. Based on the 
ACODAT for the “Definition of the innovation problem” defined in [13], its instantiation is defined 
by the macro-algorithm in Figure 2.  
 
 
 
 
 
 
 
 
 
 

Figure 2. SASN-IPO macro-algorithm 
 
This macro-algorithm describes the different functions that must be covered by the tasks of the 
autonomous cycle for the SNA. Each of them is explained below:  
1. Apply sentiment analysis to detect the polarities (positive, negative, neutral, or compound) in 
a text, paragraph, sentence, or clause. For this task, several steps are required: 

a. Standardize the information to normalize.  
b. Preprocess the information to transform the raw data for analysis and modeling 
algorithms. Particularly, it carries out NLP processes such as Tokenize, Remove Clean 
characters and Stop Words, and Stemming/Lemmatization. 
c. Obtain keywords to categorize each data source. 
d. Filter the information in the data source to use the more relevant for our context (in 
our case, only negative tweets). 

Input: Dataset 
Output: Definition of Problem 

1. Apply Sentiment Analysis 
a. Filter the data source 
b. Standardize information 
c. Preprocess information 
d. Acquire the keywords  

2. Carry out a clustering analysis 
3. Generate the statement 

problem  



2. Carry out a clustering analysis to respond to the answer of the 5W models. In this step are used 
the first tasks of ACIP-001. 
3. Generate the innovation problem statement. This step is the last task of ACIP-001 and carries 
out a natural language generation using the results of the previous tasks for the definition of the 
innovation problem.    
Table 2 shows a modification of ACIP-001 based on the macro-algorithm of Figure 2.    
 

Autonomous Cycle 
Task 

SASN-IPO macro-algorithm Data Source 

 
Task 0. Sentiment 
analysis 

1.a. Standardize information 
1.b. Preprocess information 
1.c. Keyword acquisition 
1.d. Filter the information 

Twitter 

Task 1. What 2.1 Clustering analysis based 
on Keywords  

Keywords 

Task 2. Who 2.2 Clustering analysis based 
on ids 

Id users 

Task 3. When 2.3 Clustering analysis based 
on the date 

Date, month, working day 

Task 4. Where 2.4 Clustering analysis based 
on location 

Localization 

Task 5. Why 2.5 Clustering analysis based 
on the intensity of feeling on 
the tweets 

Compound 

Task 6. Declaration 3. Definition of the problem Compilation of previous 
answers 

Table 2. Autonomous Cycle Task associate SASN-IPO macro-algorithm 
 
Now, we describe each task. 
Task 0. Sentiment analysis. This task is defined by the three next sub-algorithms to obtain the 
data sources for the next tasks. This task carries out an SNA process, which in our case is linked 
to Twitter. 
Standardize information:  this step normalizes the information to be used. Figure 3 shows the 
sub-algorithm that defines the steps to extract the information from the Twitter dataset. For 
example, the year is extracted from the date value in the dataset. From the value of the date also 
is extracted the month and hour is extracted. If the hour is less than noon (12) the day column is 
created with a value of 1 (mean morning day), else it will be 2 (mean afternoon day). Similarly, it 
is done with the rest of the information of interest contained in the tweets to answer the 
questions of the 5W model (users, with a value of 1 for the internal users, and otherwise 2 for 
the external users; and location). Now, a very important information to extract is the text of the 
tweets, since it will be used to carry out the sentiment analysis on it. 
 
 



 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 3. Standardize information sub-algorithm 

 
Preprocess information: in this step is carried out the transformation of the data from the text of 
the tweets for the next analysis. Particularly, it tokenizes, removes Stop Words, cleans special 
characters, and stems/lemmatizes the text. Figure 4 presents the sub-algorithm to preprocess 
tweets (a typical NLP procedure).  
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Preprocess information sub-algorithm 
 
Keyword acquisition: In this step, the Twitter texts are preprocessed to obtain the keywords. With 
the clean texts of each Twitter are determined its keywords using the tf-idf metric. This metric 
increases according to the frequency of a word in the content of a Twitter, and decreases by the 
frequency of the word in the group of Tweets. Thus, the words with the highest value will be the 
keywords of each text of the analyzed Tweets.  
Filter the information: This is the sentiment analysis phase. According to the keywords previously 
identified by text, the polarities of each one are determined, by their intensities. From there, an 
average per text is calculated (it is the average of the polarities of its keywords). To determine 
the polarity of each word in the tweets, the vaderSentiment library is used [14]. This library 
defines the polarity of a word, classifying it into positive, negative, neutral, or compound (hybrid 
emotion). Additionally, this library defines the compound-score value of each text, which is the 

Input: Dataset 
Output: Standardize Dataset 
1. Standardize Information 
    a. Extract from the date field the value of the year 
    b. Extract from the date field the value of the month 
    c. Extract from the date field the value of the hour 
    d. If hour < 12:00pm : a. Set working day = 1  
       else b. set working day= 2 
    e. Extract from the data the text 
2. Verify the location of each user  
If user == company_user : a. Set. user = 1  
        else   b. set user = 2 

Input: Text Twitter 
Output: Clean Text Twitter 
1. Input Text Twitter 
2. Remove Stop Words 
3. Remove URLs 
4. Remove special characters 
5. Remove hashtag 
6. Tokenization 
7. Lemmatization 
 



average polarity of all words in the text. In Figure 5 is shown the macro-algorithm to carry out 
the sentiment analysis of the dataset. If the compound-score value is less than 0 then Twitter is 
negative, otherwise, Twitter is positive. The next step is to filter the negative tweets, this new 
subset of tweets will be the source of information to continue with the next tasks.   
 
 
 
 
 

 
 
 

Figure 5. Sentiment Analysis sub-algorithm 
 
Thus, the result of this task is all the negative Tweets, which will be the data source for task 1. 
 
Task 1. What: Identify the problem: For this task is necessary to build groups where centroids 
serve to define innovation problems. Figure 6 presents the sub-algorithm that defines the 
clustering problem based on the keywords of the tweets. Particularly, step 1 calls the K-means 
clustering algorithm.  
 
 
 

 
 

Figure 6. Keyword-driven Clustering sub-algorithm 
 

The silhouette metric has been used with the K-means clustering algorithm to determine the 
number k [30]. The silhouette value becomes higher as two data within the same cluster are 
closer. It also becomes higher as two data in different clusters are farther. Typically, a silhouette 
value ranges from − 1 to 1, where a high value indicates that data are well matched to their own 
cluster and poorly matched to neighboring clusters. Generally, the silhouette value is greater 
than 0.5 means that clustering results are good [30]. 
Finally, this task analyzes the keywords that describe the centroids of each cluster, to determine 
the answer to the "What" of the 5W model. In summary Figure 7 shows the main steps to 
determine the "What" using the centroids. 

Input: Tweets defined by their keywords 
Output: Clusters 
1. Call the Clustering technique 
2. Analyze the Clusters 
  

Input: Initial Dataset 
Output: Negative Dataset 
1. Apply sentiment analysis 
2. If Compound_Score < 0 

a. set Twitter Negative 
     else 

b. set Twitter Positive 
3. Filter the tweets 



 
Figure 7. Determination of the "What" of the 5W model 

 
Task 2. Who: Identify the ones affected by the problem: This task uses the information of the 
previous task to become aware of who the problem affects. For this, for each cluster obtained in 
task 1, a new clustering is carried out based on who the Twitter users are (see Figure 8). In this 
case, the persons could be an employee of the company, physical consumers, or online 
consumers. 
 
 
 
 
 
 

Figure 8. User-driven Clustering sub-algorithm 
 
Task 3. When: Identify when the problem occurs: This task uses the information collected in task 
1 to identify when the problem occurs. In this case, a new grouping is obtained for each cluster 
of the first task, using the date as similarity criteria (see Figure 9). 
 
 
 
 
 
 
 

Figure 9. Data-driven Clustering sub-algorithm 
 
Task 4. Where: Identify where the problem occurs: This task uses the information collected in task 
1 to identify where the problem occurs. In this case, again the clusters of the first task are re-
clustered using the geo-localization of the customers according to the social network (see Figure 
10). 
 
 
 
 

Input: Twitter Clusters and user-Ids 
Output: Who 
1. Call the Clustering technique based on 
user information 
2. Analyze the Clusters 
 

Input: Twitter Clusters and date 
Output: When 
1. Call the Clustering technique based on 
date information 
2. Analyze the Clusters 
 



 
 
 
 
 
 

Figure 10. Geo-localization-driven Clustering sub-algorithm 
 
Task 5. Why: Identify the impact of the problem: This task uses the information collected in task 
0 to identify the impact of the problem. In this case, we use the compound score value of the 
task of sentiment analysis to determine the impact of the problem (see Figure 11). 
 
 
 
 
 
 
 
 
 

 
Figure 11. Impact Identification sub-algorithm 

 
Task 6. Declaration: Definition of the problem: This task uses all the results of the previous tasks 
to define the innovation problem. We use the keywords and the next pattern to build the 
sentences that defined the innovation problem: 

<Who(user)> + “published” + <When(date)> + “from” + <Where(localization)> + “about” + 
<What(keywords)> + “such that the impact is” + <why> 

That corresponds with each one of the results of the previous tasks.  
 

5. Experiment and Analysis of results 

This section presents the experimental context for the application of the Autonomous Cycle for 
the Definition of the Innovation Problem (ACIP001 Definition of the Problem) using social 
networks.  

5.1 Experimental Context.  

In this case study, we used a dataset from the "OFFCORSS" company in Colombia. This company 
is dedicated to the manufacture, sale and marketing of all kinds of clothes for babies, girls and 
boys such as T-shirts, shirts, skirts, shorts, jackets, dresses, jeans, pants, swimwear, shoes, 
underwear, pajamas, among other products. Its goal is to offer a first-class and pleasant product. 
The company currently has social networks on Facebook, like @offcorss; Instagram, like 
@offcorsscolombia; Pinterest, like @offcorss; Twitter, like @OFFCORSS, and Youtube. It also has 

Input: Twitter Clusters and Geo-
localization 
Output: Where 
1. Call the Clustering technique based on 
geo-localization information of the 
customers 
2. Analyze the Clusters 
 

Input: Twitter Clusters and compound_score 
Output: Why 
1. Get compound_score value 
    if compound_score is between [-0,01 , -0,33):  

a. Set why = High  
       else if compound_score is between [-0,33 , -
0,66):  

 b. set why = Medium 
      else  c. set why = Low 
  



a team dedicated to virtual sales of products nationwide to attend to all requests, doubts, and 
questions of its customers.  
For this case, we use its social network on Twitter (@OFFCORSS). The data of the tweets are the 
message (text), with the information about the user who sends it (id_user, screen_name), the 
date of creation (created at), url_Tweet, etc. The records were provided by the OFFCORSS 
Company and correspond to tweets from the period of June-August 2021. 

5.2 ACIP-001 in the case study 

In this section, we describe each of the tasks of the cycle autonomous for the definition of the 
innovation problem. 
Task 0. Sentiment analysis. This task gets sources of data, normalizes them, executes an NLP 
process, and finally, carries out the sentiment analysis. The company provided a total of 695 
tweets. The dataset was made up of raw messages, so it needed prior cleaning before labeling it. 
Table 3 shows the preprocessing step, where the irrelevant information was removed from the 
tweets. Some of this information is data like URLs, RT, mentions (@), hashtags(#), punctuation, 
and accents.  

 
Table 3. Results of the Preprocess information step 

 
Now, we determine the keywords using the tf-idf value for each word in the text of the tweets. 
First, we calculate tf, idf, and tf-idf. Then, we select the keywords, which are the words with a tf-
idf value superior to 3. For example, in Table 4, for a given Twitter we show the tf-idf value of the 
words on its text. Priority is given to words with the highest value of tf-idf (Step 1). The rest of 
the keywords (steps 2 and 3) will be explained in the next step. 



 
Table 4. Selection of keywords for each tweet. 

 
For the sentiment analysis was used the vaderSentiment library in each Twitter register (the text 
column) to determine the sentiment of each one. This library computes the compound_score of 
each text. Table 5 presents a partial view of the results of the sentiment analysis for this dataset. 
Remember that the tweets are negative when the value of compound_score is < 0. A total of 233 
negative tweets were obtained. 
 

 
Table 5. Results of the sentiment analysis  

 
Now, we complete the list of keywords (see Table 4). For that, those words that have a negative 
polarity, or a compound less than zero (Step 2) are included if they have a high value in tf-idf. 
Finally, if the number of words selected in steps 1 and 2 is a lower number to half of all the words 



in the text, then in step 3 are selected the words that follow in descending order according to the 
tfi-df value until completing the half. 
Thus, the first step selects the most relevant three words, the second step selects the most 
negative words considering the negative values (compound and polarity variables of the word). 
Then, according to the descending order of relevance of the words, more words are selected until 
completing the half. This is the list of keywords of each Twitter analyzed for the next tasks. 
  
Task 1. What: Identify the problem: this task defines the clusters such that their centroids serve 
to define innovation problems.  Thus, using the keywords in the tweets it is invoked the K-means 
clustering algorithm. According to the value of the silhouette metric, 8 clusters were found (see 
Table 6).  

N clusters Average 
silhouette 

0 0.78 

1 0.72 

2 0.69 

3 0.71 

4 0.83 

5 0.87 

6 0.88 

7 0.87 

Table 6. Clusters based on the keywords in each twitter 
 
The centroids of the clusters defined by this task can be observed in Table 7. We present the 
keywords of each cluster centroid with which the innovation problem should be defined. 

Cluster centroids 

Cluster 0: 
 hotline 
 stolen 
 minutes 
 waiting 
 follow 
 resources 
 gentleman 
 size 
 small 
 price 

Cluster 1: 
 negative 
 violated 
 makes 
 responding 
 rating 
 platform 
 timely 
 habeas 
 report 
 data 

Cluster 2: 
 worst 
 answer 
 happened 
 email 
 assistance 
 robbery 
 say 
 vigilance 
 bonus 
 consumer 

Cluster 3: 
 terrible 
 service 
 bought 
 bad 
 refund 
 requested 
 claim 
 WhatsApp 
 requesting 
 process 

Cluster 4: 
 missing 
 email 
 follow 
 finally 
 fact 

Cluster 5: 
 meet 
 comes 
 delivered 
 sadly 
 quarantine 

Cluster 6: 
 prison 
 putting 
 stealing 
 useless 
 prisoner 

Cluster 7: 
 worse 
 unacceptable 
 disagreement 
 complaint 
 wrong 



 ex 
 errors 
 emails 
 domiciles 
 minutes 

 dispatched 
 used 
 fact 
 ex 
 errors 

 ex 
 errors 
 finally 
 fact 

 emails 

 email 
 finally 
 fact 
 ex 
 errors 

Table 7. Keywords of the centroid of each cluster  
 
For the following tasks, grouping processes are carried out for each of the clusters obtained in 
this phase, using in each case different criteria of similarity (user, date, and place). 
Task 2. Who: Identify the ones affected by the problem: We present the results of the groups by 
users in each cluster to determine the users who make the publication in the social network. 
Figure 12 shows a part of the cluster generated by this task. To explain this task and those that 
follow, we are going to analyze the information of two clusters (clusters 1 and 3). In cluster 1 
there are internal users and external customers (1 represents an internal user e.g., one employee 
of the company and 2 corresponds to an external customer). For cluster 3, only external users 
published tweets.  
 

 
Figure 12. Partial results of Task 2 

 
Task 3. When: Identify while the hassle occurs. Figure 13 shows a partial view of the results of 
task 3. It shows the months, and if the tweets were sent in the morning or afternoon. For 
example, for cluster 1 the date of publication of the tweets was in July (7) in the morning (1) and 
afternoon (2), while for cluster 3 the date of publication was in July (7) and only in the afternoon 
(2).  
 

  



 
Figure 13. Partial results of Task 3. 

 
Task 4. Where: Identify where the problem occurs. We present the result of the localization of 
each user into the clusters. Figure 14 shows a partial view of results based on the different geo-
localizations of the users in the social network. According to the data, the localizations were in 
Bogota, San Andrés, Popayan, Choconta, Medellin, Montería, Piedecuesta, and some of them 
cannot be identified because users configured their data not to be visible. For cluster 1, the 
publications were made from Popayan, Medellin or the location is not known. For cluster 3, there 
is no record of where the publications were made because the location value is 0. 
 

 



 
Figure 14. Partial results of Task 4 

 
Task 5. Why: Identify the effect of the problem. This task uses the information collected in task 0 
to identify the impact of the problem. It uses the result of the compound score of each user into 
the clusters. The value between (-0,66 to – 1] is Low impact, between (-0,33 to – 0,66] is Medium 
impact, and between (-0,01 to – 0,33] is High impact. In this case, Figure 14 shows for cluster 1 
that the average value of the compound_score variable was -0.55, and for cluster 3 it was -0.39. 
Therefore, the impact for the two clusters is Medium. 

 
Figure 15. Partial results of Task 5 

 



Task 6. Declaration: Definition of the problem: This task uses all the results of the previous task, 
to define innovation problems.  We present the result for clusters 1 and 3. According to the 
pattern defined in section IV, Table 6 shows the statement of the innovation problem defined by 
cluster 1.  
 

Task. Results 

1. What Negative report, responding data, etc. 

2. Who Clothing customers and one internal user 

3. When In the month of July 2021 in the afternoon session and one in the 
morning session. 

4. Where The publications are from Popayan, Medellin and one is not possibly 
known.  

5. Why The impact is Medio  

Table 6. Interpretation of the information for cluster 1 
 
The declaration of the innovation problem using Cluster 1 is:  
Clothing customers and one internal user published in July 2021 in the afternoon session and 
one in the morning session from Popayan, Medellin and one is not possibly known about 
Negative report, responding data. The impact is Medio. 
Maybe we can think about there is no timely response to the client. This implies that it is 
necessary to innovate in the ways of anticipating the demands of the clients, to give opportune 
answers. 
 
Table 7 shows the statement of the innovation problem defined by cluster 3.  
 

Task. Results 

1. What Terrible service, refund money, etc. 

2. Who Clothing customers 

3. When All published in July 2021 in the afternoon session. 

4. Where Most users had the location disabled so it is unknown where they 
posted from.  

5. Why The impact is Medio 

Table 8. Interpretation of the information for cluster 3 
 
The declaration of the innovation problem using Cluster 3 is:  
Clothing customers published in July 2021 in the afternoon session from the location is not 
possibly known about Terrible service, refund money. The impact is Medium. 
According to the previous sentence, maybe the shipment does not arrive, the client services 
never respond in a timely, and they don't refund money either. This implies that it is necessary 
to innovate in these services to improve customer service in general. 
 
 
 



5.3 Discussion general of the results 

Task 1. What? The problem arises with the “attention to online customers” of the company 
OFFCORSS, which provided an online sales service. The problem that requires more attention is 
related to the timely dispatch of the merchandise as well as the immediate response to customer 
complaints due to errors such as: lack of inventory, violation of consumer rights, and non-
compliance with the delivery of merchandise, misleading offers, defenselessness of the client and 
duplicate collection, among others 
Task 2. Who? The issue directly affects the client as the primary user and their family group as 
the secondary user. It also directly affects the company, which will be affected in its future image 
by being involved in the errors mentioned above. 
Task 3. When? The problem arose in the year 2021, in July and August, during the pandemic. 
Task 4. Where? The problem is occurring in different cities in Colombia. 
Task 5. Why? It is important to solve the problem to restore the customer's credibility in the 
company and its online services, and to improve the company´s corporate image and brand's 
public perception. 
Task 6. Statement of the problem: addressing an Innovative Project for virtual marketing entails 
a series of elements that come together from a diagnosis of the needs of the company to the 
solution of the problem by formulating it, and the consideration of the organizational, human, 
technical, and economic, among others, to solve it. 
Faced with the first question: What? it can be said that by experiencing the practice of online 
shopping and in the face of the growing demand for online offers, a reflection is made on the 
skills that companies that they venture as virtual stores, to facilitate their customers access to 
their products or services, which must be done with ethic and responsibility. Likewise, a second 
reflection is worth: what for? In this case, it is necessary to solve a logistical, technological, and 
service provision problem, in terms of tools and resources to use, and maintain a competent staff 
in the dispatch, transport and collection of merchandise. 
There is a third question about why do it? It arises from the need for timely attention to online 
customers of the OFFCORSS Company in Colombia, because there is a series of errors reported 
by customers through Twitter. Some of the problems are: There is no merchandise for children 
in some stores; there is no timely response to the client, there is a violation of consumer rights; 
the purchases do not arrive, and the money is not refunded; among other problems. 
It is important to solve the problem to restore the credibility of the client in the company and in 
its online services. In the same order of ideas, facing the rest of the questions and answering the 
Who? The problem directly affects the client as a primary user, and their family group as 
secondary users. Consequently, the company will see its image damaged. When? The situation 
arose in 2021, in July and August, during the pandemic. Where? The diagnosis was made with 
the company OFFCORSS, a virtual store, located in Colombia, a situation detected through the 
opinions of customers through the social network Twitter. 
  



 
6. Comparison with previous works 

In this section, we propose several criteria to compare our proposition of sentiment analysis to 
analyze innovation problems using social networks with other works. We define the next criteria: 
Criterion 1: They use data sources from some social networks, e.g., Twitter, Facebook, and 
Instagram. 
Criterion 2: They develop a sentiment analysis.  
Criterion 3: They analyze groups of users and interpret their information to define innovation 
problems.  
Criterion 4: They propose autonomic processes for the self-defining of innovation problems. 
Criterion 5: They are based on the 5W model to define innovation problems 
In Table 10, a qualitative evaluation with related works is made, using these criteria 
 

Work Criterion 1  Criterion 2   Criterion 3 Criterion 4 Criterion 5 

[13] ✓ ✗ ✗ ✓ ✓ 

[14] ✓ ✓ ✗ ✗ ✗ 

[22] ✓ ✓ ✓ ✗ ✗ 

[25] ✓ ✗ ✓ ✗ ✗ 

This 
work 

✓ ✓ ✓ ✓ ✓ 

Table 10. Comparison with preceding works. 
 
For criterion 1, all the works use as a source of data any social network.  For criterion 2, Hutto 
and Gilbert [14] use sentiment analysis in microblog-like contexts. Also, Zhou, et al. [22] use 
sentiment analysis to identify customer needs. For criterion 3, Tsung-Ting et al. [25] estimate the 
propagation of a new subject and build a framework for this problem.  
For criterion 4, Gutiérrez et al. [13] propose an ACODAT for this phase of the innovation process 
to be autonomous and self-managed in order to definite innovation problems. For criterion 5, 
Gutiérrez et al. [13] use the model 5W in their proposal. They purpose the sources of data, and 
the AI models for each one of the tasks to answer the questions of the 5W model to define 
innovation problems.  
As shown in Table 10, current papers do not satisfy all five criteria. Specifically, in criteria 4 and 
5, our research is the only one that considers, analyzes, and interprets cluster information to 
define problems. In this case, using an ACODAT to analyze innovation problems based on the 5W 
model, but from the point of view of social networks (in this paper, tweeters).  
  



 
6. Conclusions 

Undoubtedly, the use of digital resources and tools for the automation of the cycle of data 

analysis tasks is of great contribution to the identification of problems within the innovation 

processes of companies. Particularly, in this article, we developed a protocol for the application 

of the ACODAT and address a case based on real data obtained from a social network for a 

Colombian company dedicated to the manufacture, marketing, and sale of clothing. 

In this paper each one of the tasks of the ACODAT to define innovation problems was 

implemented, to verify its functionality, and to evaluate the quality of the results. In this case, we 

have used sentiment analysis and NLP to identify where a problem happened, when it happened, 

and the impact it has on the organization. So the information extracted from tweets using our 

ACODAT allows modeling and visualizing the innovation problems. 

The methodological development, which is addressed step by step in the article, provides a guide 

based on ACODAT theory, but also, represents an example for organizations that wish to apply 

the sentiment analysis process to identify problems in their innovation processes. It is also 

important to remark that there are many sources of data that companies don't know how to use 

and get the most out of, and this knowledge becomes a strategic asset that needs to be known 

to extract and utilize. Being that case, we have shown how social networks give useful 

information for the operations of an organization, but for the sake of clarity, the process 

developed can be implemented using a wide range of information sources. In view of the valuable 

results obtained, we consider that future work might explore new mechanisms that allow us to 

integrate additional information from the organization, for example, satisfaction surveys, 

requests, complaints and claims from customers, information from other social networks such as 

Facebook and Instagram, to be used by the autonomous cycle. 

Particularly, it was observed that a Twitter customer service dataset might provide a large corpus 

of tweets and replies that can support innovation and can be used to improve innovation. Next 

works can use other social networks such as Facebook and apply the process in other industries 

such as airlines, and public service companies. 

Finally, given the possibility of including AI in the innovation process of an organization, the 

question arises as to when, how, and to what extent the interactions must be between the 

innovation teams of the organization (for example, the innovation managers) and AI tools, to 

achieve maximum efficiency in said process. For instance, current analyses estimate that AI 

technology can improve 60% of all current occupations [31]. Consequently, we assume it critical 

to adopt an extra particular dialogue of AI's capacity to replace human beings inside the 

innovation process of organizations, especially those that have access to different sources of 

customer information and perception [17] 
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Abstract 

Nowadays, we can express the experience we have lived with the products we use. Most of the 

time, we interact with brands and let our likes and dislikes be seen on digital platforms, either by 

interacting with social networks, filling out satisfaction surveys, or registering requests, 

complaints, and claims. To get the value of all available customer data of the companies, in this 

article, we propose to study the data from different sources using an autonomic cycle of data 

analysis tasks to define innovation problems in an organization. The tasks of the autonomic cycle 

filter the customer comments from different sources (e.g., from social networks, PCCS (petitions, 

complaints, claims, suggestions) systems of organizations, etc.), obtain their keywords, and 

analyze the patterns of the users to answer the questions of the 5W methodology (what, who, 

where, when and why?), in order to define innovation problems. Finally, this article analyzes a 

case study of a fashion company using its PCCS system and comments of Twitter, to identify 

useful information.  Part of the information discovered was the reasons for customer returns, 

merchandise delivery problems, shipment failures, failure to respond timely to customers, 

among other things. With this information, the autonomic cycle is able to define customer and 

organization-oriented innovation problems, in order to respond to these identified problems. 

Keywords: Innovation Problems, Autonomic Computing, Data Analysis, Machine Learning,  

 

1. Introduction 

Data analysis from different sources can be useful to define innovation problems by providing 

detailed information about customer needs and wants, market behavior patterns, and industry 

trends [1][2]. Analysis of data collected from these sources can help identify common problems 

and improvement opportunities for innovation. In the business context, it has been used to 

investigate the factors that influence the innovative behavior of employees [3], to identify 

innovative strategies that retail companies can use to stay competitive [4][5], to improve 

processes and services as a factor of competitiveness [6], to study customer experience 



[7][8][9][10], all previous cases of paramount importance for managers to identifying 

opportunities for innovation and constant improve. 

Managing innovation within organizations implies designing strategies and policies to develop 

new products, processes, and services [10], improving their ability to compete in a constantly 

evolving market [11], and generating strategies for the improvement of production [12]. Using 

big data analysis will allow companies to analyze large amounts of information to identify 

patterns and trends that can lead to the identification of new business opportunities and improve 

decision making [13]. 

On the other hand, understanding social media data is important for defining innovation 

problems, as it provides valuable information about customer interests, behaviors and needs, 

the problems they face, opportunities for product and service improvements, among other 

things. This data can be used to develop innovative solutions that better meet customer needs 

[2][4][15]. They can also be used to identify strategies to improve business commercialization 

and marketing [16]. Another source of data that can be used is the PCCS system since they 

provide valuable information about problems and opportunities for improvement in the 

products, services and processes of a company. Therefore, these different data sources can be 

used to improve customer service, customer satisfaction, and brand reputation, to identify 

market trends to help develop innovative solutions [17], and to analyze customer complaints to 

improve services [18], improve the quality of services and identify factors that lead to low levels 

of customer satisfaction [19]. Thus, these different data sources can help companies to have 

additional sources of information to identify and define innovation issues.  

This paper presents an autonomous cycle of data analysis tasks (ACODAT) for defining innovation 

problems based on sarcasm analysis in Satisfaction Rating surveys, and customer comments in 

social networks and PCCS systems. In preliminary works, we have defined the concept of ACODAT 

[20] [26] [27] [28], designed generic ACODATs for the management of innovation processes in 

organizations [1], and defined sentiment analysis approaches for the definition of innovation 

problems [2]. In this article, with the aim of improving the definition of innovation problems, an 

ACODAT is designed to study sarcasm in customer comments in PCCS systems, surveys and social 

networks. The main contributions proposed in this paper are: 

- Design an ACODAT to define innovation problems based on cynical or sarcasm analysis.  

- Define an approach to use different data sources with customer comments, in particular, 

in PCCS systems, surveys and social networks, for the definition of innovation problems.  

- Describe a case study of this ACODAT in the fashion textile industry. 

 
The organization of this work is as follows. Section II describes related works. Section III describes 
the theoretical framework of this study, in particular, the ACODAT for defining innovation 
problems. Section IV describes the application of this ACODAT to analyze customer comments 
from PCCS systems, surveys and social networks. Section V presents a textile case study, including 



experiments and analysis of results. Section VI provides a comparison of our proposal with other 
studies, and finally, the conclusions and future works are presented in the last section. 
 
 

2. Related works  

In this section, we describe the main latest papers associated with our approach. First, we present 

the papers about the use of data analysis to determine innovation problems [1][2] 

[10][13][14][21] [22]. Second, we present papers about data analysis from hybrid sources [12][6] 

[23].  

2.1 Data analysis to determine innovation problems. 

The article [1] of Gutiérrez et al. defines several ACODATs to manage innovation processes in a 
Micro, small and medium-sized enterprise (MSME), with their multidimensional data models, and 
the characterization of the AI techniques required in the case of the textile industry.  The article 
[2] evaluates opinions from social networks, which are currently used to establish relationships 
with customers, to define innovation problems taking into account the feelings expressed in 
social networks.  Jahan, et al. [13] study the impact that technology has had on business 
innovation. The authors analyze the role of Big Data attributes used in other studies for analyzing 
business efficiency from operational excellence, financial returns, and customer perspectives.  
 
The paper [14] of Lendel et al. explores how data analysis techniques can identify and solve 
problems in innovation management. It presents a framework that combines quantitative and 
qualitative data analysis methods to analyze innovation problems and suggests strategies for 
addressing these problems. The research includes gathering information through analysis, 
questionnaires, and interviews, provides insights into the challenges faced in managing 
innovation processes, and offers recommendations for improving innovation management in 
companies. The work [21] uses analysis of data to determine problems in companies, in this case, 
linked to environmental impact. They develop strategies to reduce, reuse and recycle materials 
to cope with cultural, commercial, and technological changes. In this sense, they present a 
framework for the definition of innovative processes for material management, considering 
factors like data analysis, among others. 
 
Lorduy et al. [10] emphasize the impact of innovation on national and regional administration. 

They analyze the national policies related to science, technology, and innovation from different 

sources (e.g., national organizations such as the observatories of science and technology, the 

national administrative departments of statistics, among others). Also, the researchers apply 

surveys to understand local business idiosyncrasies actors of the financial, public and university 

sectors, among others. In the article [22], the objective was to review the existing literature on 

data-driven innovation (DDI), to understand how companies can use data and analytical tools to 

facilitate innovation processes. The results showed various aspects, such as innovation models in 

the market, competitive advantages of the innovation, and the necessity of the democratization 

of data. However, they highlight that little has been studied on how data helps the innovation 



process, which would be valuable for companies to learn from their own failures and improve 

their innovation processes in the future.  

 

2.2 data analysis from hybrid source  
Zaman et al. [12] explored various algorithms for prediction with a combination of financial and 

social media data to predict stock market behavior. Financial data includes historical stock price 

information and economic data, while social media data captures users' opinions and sentiments 

about stocks and companies. This Integrated data analysis enabled the identification of relevant 

patterns about market trends, and most of the classifiers demonstrated an improved accuracy. 

Babu et al.[23] examined the impact of big data analytics on manufacturing and service 

organizations, as well as the ability to drive results and innovation in these companies. They 

applied data analytics to enhance innovation, explore new products, as well as address 

intellectual, legal and privacy issues, among other things, which can be shared across the industry 

to facilitate the innovation processes. 

Wang, et al. [24] explored the use of multi-source data for the management of public health 

emergencies in China. They used the response scenario method, including risk analysis and 

operational plans at the micro level, as well as strategic decision making at the macro level. They 

applied the study for monitoring and response to the Ebola virus in China. It was evidenced that 

it is possible to detect and respond to public health emergencies at very early stages by analyzing 

data from different sources. In the article [25], Koukaras et al. developed a model to predict stock 

movement using Twitter and StockTwits data. They collected tweets from these platforms and 

financial data from Finance Yahoo, and implemented several classification models. The main 

innovation of this work is the integration of multiple sources to enhance stock prediction 

accuracy.   

Finally, the article [30] focuses on evaluating sustainable development by analyzing normalized 

economic losses and changes in social structure. They utilize different sources, such as earth 

observation data, along with data from the national oceanic and atmospheric administrations, to 

examine the effects of floods, landscape changes, and climate change patterns. By integrating 

satellite-based with social media data from Twitter, they assessed the sentiment of affected 

individuals and measure the mental impacts of Hurricane Ida. The study demonstrates that 

combining of sources provides a more comprehensive understanding of the aftermath of the 

hurricane (they help understand the mental state of the community, identify affected 

populations and areas, and model the prevalence of epidemics).  

According to the previous works in this section, there are articles related to the use of data 

analysis to determine innovation problems [1][2] and the use of Big Data to study business 

innovation and innovation capabilities [13][14]. On the other hand, there are data analysis works 

from hybrid sources, for example, using organizational data [23], social networks 

[24][12][25][30], images [30] or financial data [12][25]. They have been applied in different 



sectors such as manufacturing, health, and finance. This work includes again the concept ACODAT 

[1][20] to define innovation problems but with the difference that includes different data sources 

to improve the definition of the innovation problems. Thus, it discovers valuable information 

about the company's products, services and processes using satisfaction surveys and customers’ 

opinions in social networks and the PCCS systems of the organization, to identify innovation 

problems. 

 
3. Autonomic Cycle to analyze innovation problems 

 
In this work, we use the ACODAT described in [1]. In that work, the authors defined an ACODAT 
for the definition of innovation problems, and in [2], the authors applied this ACODAT using social 
networks. They apply sentiment analysis on negative Twitter to build innovation problem 
statements. For the definition of the ACODAT is used the 5W approach (see Figure 1) [30]. 
 

 
Figure 1. Structure of the ACODAT for the definition of innovation problems [1].  

 
Each of the tasks of this ACODAT is described below: 
1. What: In this task, innovation problems are detected. The objective of the task is to determine 
the innovation problems. For this case, descriptive and detection models can be used. 
2. Who: this task identifies those individuals who are impacted by the innovation problems (e.g. 
customers, organizations, or specific groups). It makes use of descriptive models. 
3. When: this task determines the time when the issue will arise, and it uses detection or 
prediction models. 



4. Where: in this task, the location of the issue is determined using models for diagnosis. 
5. Why: in this task, the problem's reasons are determined. 
6. Declaration: The innovation problems are defined by this task. This task describes the 
statement of the innovation problems using Natural language processing (NLP) techniques. 
 
 
 

4. Instantiation of the ACODAT for the definition of innovation problems using hybrid 

data sources 

  
In this section is defined the application of the ACODAT utilizing different data sources. In this 
case, we use PCCS systems, social networks, and some market studies based on customer 
satisfaction interviews. The macro-algorithm in Figure 2 defines the instantiation of the ACODAT 
for the "Definition of the Innovation Problem" based on [1][2], which is the basis of our SAHDS 
system (Sarcastic Analysis from Hybrid Data Sources) system. 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Figure 2. SAHDS-IPO macro-algorithm 
 
The steps of this macro-algorithm are detailed next: 
1.  For the first task/step, several sub-steps are required: 

a. Select the sources of the information to be used (surveys, social networks, etc.)  
b. Prepare the data for the analysis. Specifically, NLP operations are performed, including 
tokenization, clean character and stopword removal, and stemming/lemmatization. 
c. Normalize the data.  
d. Analyze the sentiment of the text. Then, we check if the polarity is negative and the 
overall sentiment is negative, suggesting that the text might be sarcastic [31][32][33].  
e. Sort the data to utilize the most pertinent information for our scenario (in our case, 
only sarcastic positive cases). 

2. Perform a cluster analysis based on the 5W model responses.  
3. Create an innovation problem statement using the results of previous tasks. 

Input: Dataset 
Output: Definition of Problem 

4. Analysis of the data sources to Identify 
sarcasm 

a. Filter the data sources 
b. Preprocess information 
c. Standardize information 
d. Apply Sentiment Analysis: 

Social Network -> Negative 
Comments 
Surveys -> Text with Positive 
Sarcasm 
PCCS systems -> Typification 

5. Carry out a pattern analysis using clustering 
approaches 

6. Generate the statement problem 



Table 2 shows the modification of the ACODAT for the definition of innovation problems based 
on the SAHDS-IPO macro algorithm in Fig. 2. 
 

 
Autonomous 

Cycle Task 

 
Macro-algorithm 

 
Task 

improvement 

 
Data Source 

 
Social Network 

 
Database 

 Social 
Network 

 
Database 

Task 1.  
Identify 
sarcasm 

1.a. Preprocess 
information 
1.b. Standardize 
information  
1.c. Identify Keywords 
1.d. Determine sarcasm 

1.a. Preprocess 
information 
1.b. Standardize 
information 
1.c Identify Keywords 
1.d Determine sarcasm  

 Twitter Satisfaction Rating 
surveys 
Customer Comments 
on PCCS systems 

Task 2.  
What 

2. Clustering based on 
 Keywords 

2.a Clustering analysis  
using the customer  
comments 

The comment of 
the customer is 
used to identify 

what is the 
problem 

Twitter  Satisfaction Rating 
surveys 
 

2.b Clustering analysis 
based  on the typification 
of the problem 
in the PCCS systems 

The typification 
(complaint/claim) 

will allow 
identifying the 
reason for the 

problem 

Analysis of PCCS 
systems 

2.c Clustering analysis 
based  on answer-request 
on  
market study 

Identify if the 
answer gives a 
solution to the 

request 

Market Study: 
Answer_according 
request Y-N 
Again_talk_Virtual-
Asistent 

2.d Clustering analysis 
based  on deficiencies 

Identify 
deficiencies in 
the product as 
variety, quality, 
difficulty finding 

the product 

Product : Quality 
Variety 
KidnessAtention 
EasyFindProduct 
OffeerCompletLook 

Task 3.  
Who 

3. Clustering 
based on 
id_users 

3.a Clustering 
analysis based 
on ids in the 
PCCS systems 
 
3.b Clustering analysis 
based  on assigned agent 

Identify the 
external 

customer 
affected by the 

problem and the 
internal 

customer who 
will solve the 

problem. 

Id users PCCS system: Id 

Task 4. 
When 

4.Clustering analysis 
based 
 on the date  
 

4.a Clustering analysis 
based 
 on  the date 

Identify the date: 
PCCS system or 

survey 

Date, 
month, 
working 

day of the 
Twitter 

PCCS system: date 
Satisfaction Survey: 
date 

Task 5. 
Where 

5.Clustering analysis 
based  

5.a Clustering analysis 
based  on unity 

Identify the unit 
responsible for 

Localization PCCS system: 
Responsible_unity 



on localization  
5.b Clustering analysis 
based  on origin 

solving the PCCS 
request or the 
place where 

answering the 
survey 

Task 6.  
Why 

6.Clustering analysis 
based  
on negative sentiment 

6.a Clustering 
analysis based 
on response 
times 
 

Identify the 
waiting time for a 

response to a 
PCCS  

Compound PCCS: response 
times (1-40 days) 

6.b Clustering analysis 
based  on satisfaction 
rating 

Identify the level 
bad of 

satisfaction 

Satisfaction Rating: 
The level of 
satisfaction 

6.c Clustering analysis 
based  on recommend 
brand 

Identify how 
highly would you 
recommend this 
brand to others. 

Market Study: 
Recommend brand 
(1-10) 

6.d Clustering analysis 

based  on difficulty  

Identify difficulty 
in handling the 

request 

Market Study: 
Manage request 

6.e Clustering analysis 

based on customer 
experience 

Identify customer 
experience 
(good, bad) 

Market Study: 
customer experience 

6.f Identify the toxicity 
level  and sarcasm of the 
 comments 

Identify 
communication 

level (easy or 
difficult) 

Market Study: 
Easy_communication 

6.g Clustering analysis 
based  on sarcasm 
identified using 
 comments 

Identify the 
sarcasm in the 

comments 

Satisfaction Rating: 
Customer Comments 

Task 7. 
Declaration 

7. Definition of the 
 Problem 

7a. Definition of the 
 Problem 

Problem 
Declaration 

based on the 
previous answers 

NLP NLP 

Table 2. ACODAT adapted to the SAHDS-IPO macro-algorithm 
 
Each task of the adapted ACODAT is described below. 
Task 1. Identify sarcasm. This task is defined by different processes to analyze the data sources:  
Information preprocessing: In this step, the comments from the organizational databases or 
social networks are transformed. Specifically, the text is tokenized, stop words are removed, 
special characters are sanitized, and the text is stemmed/lemmatized. Figure 3 shows a sub-
algorithm (a typical NLP technique) for preprocessing comments. With the PCCS data is not 
necessary to do this step, because the typification is normalized when it is predefined during the 
design of the PCCS system.  The typification predefines the types of registers (request, complaint, 
claim, suggestion) of a client in the PCCS system. 
 
 
 



 
 
 
 
 

 
 
 

Figure 3. Information preprocessing sub-algorithm 
 
Standardize the information:  this step normalizes the information to be used. Figure 4 shows the 
sub-algorithm that defines the steps to extract the information from the survey dataset. For 
example, the year is extracted from the date value in the survey and the PCCS systems. Similarly, 
it is done with the rest of the information of interest contained in the comments or PCCS systems 
to answer the questions of the 5W model (e.g., responsible to solve the problem, localization of 
the origin of the petition, etc.). In the case of the day, if the hour is less than noon (12) then the 
day column has a value of 1 (it means morning), else it will be 2 (it means afternoon). 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Standardize information sub-algorithm 
 
Keyword acquisition: In this step, the comments are preprocessed to obtain the keywords. In the 
social network are used the user's comments, in the satisfaction surveys, the answers of the 
users, and in the case of the PCCS system, the classification established in the company for the 
comments. With this data is determined the keywords using the TF-IDF metric [36].  

Input: Dataset 
Output: Standardize Dataset 
1. Standardize Information 
    a. Extract from the date field the value of the year  
    b. Extract from the date field the value of the month  
    c. In the survey, If rating <= 3:  

a. Include = 1  
       else  

b. Include = 0 
   d. In the social network  

If hour < 12:00pm : a. Working day = 1  
        else b. Working day= 2 
    e. Extract from the data the text 
2. Verify the location of each user 

a. In the PCCS system identify the source from which the 
request, complaint or claim was made. 
b. Identify the place where did make the survey. 
c. In the social network identify the location of each user  

     If user == company_user : a. user = 1  
         else   b. user = 2 

 

Input: Text Comment 
Output: Clean Text Comment 
1. Input Text Comment 
2. Remove Stop Words 
3. Remove URLs 
4. Remove special characters 
5. Remove hashtags 
6. Tokenization 
7. Lemmatization 
 



Apply Sentiment Analysis: According to the keywords previously identified by text, then we use 
vaderSentiment library [29] in order to identify the sarcasm. It’s important to mention that 
Sarcasm is a form of figurative language, where the speaker expresses his/her thoughts in a 
sarcastic way [34]. This library defines word polarities and classifies them as positive, negative, 
neutral, or compound (hybrid sentiment). Additionally, this library defines a composite score 
value for each text. It represents the average polarity of all words in the text.  Figure 5 shows the 
macro algorithm used to perform sarcasm analysis on the dataset. If the composite score is less 
than 0.1, then the sarcasm is positive, otherwise, the sarcasm is negative. The next step is to filter 
the comments. In the social network, the best keywords are the negative words, while in the 
surveys the keywords are the sarcasm words. The PCCS uses the typification. This new subset of 
sarcastic comments serves as a source of information for continuing the next task. By analyzing 
and categorizing the keywords, organizations can identify trends, problem areas and 
opportunities for improvement. This allows them to take concrete steps to address recurring 
problems, implement solutions and strengthen their relationship with customers.   
   
 
 
 
 
 
 

 
 
 
 
 
 
 

Figure 5. Sarcasm Analysis sub-algorithm 
 
Task 2. What: Identify the problem: This task requires the definition of groups that characterize 
the innovation problems. Figure 6 shows a sub-algorithm that defines the clustering problem 
based on the keywords obtained previously. For this task, the silhouette metric with the K-means 
clustering algorithm was used to determine the numerical value of k [29, 35]. Silhouette values 
typically range from -1 to 1, with high values indicating that the data fit its own cluster well. In 
general, silhouette values greater than 0.5 imply good clustering results [29, 35].  
 
 
 
 
 
 

 
Figure 6. Keyword-driven Clustering sub-algorithm 

Input: Keywords of the previous phase  
Output: Clusters 
1. Call the Clustering technique 
2. Analyze the Clusters 

Input: Initial Dataset 
Output: Sarcasm Text 
1. Apply sentiment analysis 
If Compound_Score < -0,1 

a. Sarcasm=Positive 
      else 

b. Sarcasm=Negative 
If Negtive_Score < 0 

a. Comment= Positive 
      else 

b. Comment=Negative. 
3. Filter the text comments 
 



 
Finally, this task analyzes the centroid of each cluster to determine the answer to the “what” of 
the 5W model using the keywords [30]. In summary, Figure 7 shows the main steps to determine 
the 'what'. 
 
 

 
 

Figure 7. Determination of the "What" of the 5W model 
Task 3. Who: Identify who is affected by the problem: this task uses the information from the 
previous task to identify who is affected by the problem. For this purpose, for each cluster 
obtained in Task 1, a new clustering is performed (See Figure 8) based on comments or aspects 
to be improved that the clients made in the surveys. In the PCCS system, it is also possible to 
identify who is affected by the problem. In this case, the entity or dependency that will resolve 
the petition, complaint, claim or request. For social networks, an external client is identified who 
writes the text or comment, or an internal client who responds to the comment. In this case, an 
individual may be an employee of the business, a physical or online consumer, or an entity of the 
business that participates in multiple requests by responding to different requests. 
 
 
 
 
 
 
 
 

 
 
 

Figure 8. User-driven Clustering sub-algorithm 

Input: Comments Clusters and user-Ids or unity 
responsible clusters 
Output: Who 
1. Call the Clustering technique based on 

a. User information from social network 
comments 
b. User or the responsible unity in the PCCS 
system 
c. User from surveys database 

2. Analyze the Clusters 
 
 



 
Task 4. When: Determine when the problem occurs: This task uses the information collected in 
task 1 to identify when the problem occurs. In this case, a new group is created for each cluster 
of the first task using the date as the similarity criterion (see Figure 9). 
 
 
 
 

 
 
 
 
 
 

Figure 9. Date-driven Clustering sub-algorithm 
 
Task 5. Where: Identify where the problem occurs: This task uses the information collected in task 
1 to identify where the problem occurs. Again, in the social network, it is the place where the 
comment was published (geolocation). In other cases is used the customer's stores where they 
answer the survey. This information can be determined when they visit a physical store in the 
malls, or outlet stores, or maybe they call the phone line. In the PCCS system is the origin from 
where is registered the petition (see Figure 10). 
 
 
 
 
 
 
 
 

 
 

Figure 10. Site-based clustering sub-algorithm 
 
Task 6. Why: Identify the impact of the problem: This task uses the information collected in task 
1 to identify the impact of the problem. In the social network is used the compound score value 
of the task of sentiment analysis to determine the impact of the problem. According to this value, 
the impact can be low, medium or high. In the survey is based on questions about satisfaction on 
the products, experience, quality, kindness in the attention, etc. (the scores in these aspects). In 
the other case, we use the answer time in the PCCS system, which indicates whether the stores 
are effective in meeting the customer's request (see Figure 11). 
 
 
 

Input: Comments Clusters and date and 
PCCS Clusters date 
Output: When 
1. Call the Clustering technique based on 
date information 
 a. Publication in the social network  

b. Completion of the survey 

c. Registration in the PCCS system 

2. Analyze the Clusters 
 

Input: Stores and origin petition Clusters  
Output: Where 
1. Call the Clustering technique based on origin 
information 

a. Geolocation from the social network comment 

b. Place where is answered the survey 

c. Origin of the petition in the PCCS system 

2. Analyze the Clusters 
 



 
 

 
 
 
 
 
 
 
 
 
 

 
 
 
 

 
 
 
 
 

Figure 11. Impact Identification sub-algorithm 
 
Task 7. Declaration: Definition problem: In this task, we use all the results of the previous tasks 
to define the innovation problem. Specifically, in this work, several sentences are created, one 
oriented to the Petitions, Complaints and Claims of the clients, and others taking into account 
the comments where the clients expressed their thoughts in the surveys or social networks. 
Below are defined these sentences of the innovation problems: 
Sentence -> using Social Networks: 

<Who(user)> + “published” + <When(date)> + “from” + <Where(localization)> + “about” + 
<What(keywords)> + “such that the impact is” + <why><why(compoundSa)> 

Sentence -> using the PCCS system of the organization:  
<Who(assigned agent_pcc)> +  “received” + <When(date_pcc)> + “request  from” + 
<Where(Ticket)> + “about” + <What(typifaction_pcc)> + “such that the impact is” + 

<why(time_pcc)> 
Sentence -> using Customer opinions in the surveys: 

<Who(id_cliente> +  “published” + <When(date survey)> + “from” + <Where(SurveyName)> + 
“about” + <What(list of aspects)>  or <What(answer-request)>  or <What(deficiencies)> + “such 
that the impact is” <Why(The level of satisfactionSurvey)> or <why(RecommendBrandSurvey)> 

or <Why(difficulty )> or <Why(customer experience_survey)> or <Why(communication)> 
 

These statements can end up in a single statement that adds the results of all. 
 
 

Input: Questions Clusters and answer time PCCs 
Output: Why 
1. 1. Get compound_score value from social network 

    if compound_score is between [-0,01 , -0,33) 
then  

a. Why = High  
       else if compound_score is between [-0,33 , -
0,66):  

 b. Why = Medium 

      else  c. Why = Low 

2. Get answer value from the survey 
    if the score is between [1 , 3):  

a. Why = High  
       else if the score is between [4, 6):  

 b. Why = Medium 
      else  c. Why = Low 
 2. Get time value PCCs 
    if time is between [1 , 5):  

a. Why = Low  
       else if the score is between [6, 10):  

 b. Why = Medium 
      else  c. Why = High 
 



5. Experiment and Analysis of Results 

 
This section presents the experimental context for the application of the ACODAT for the 
Definition of the Innovation Problem using different data sources (social networks, surveys, and 
a PCCS system). 
 
5.1 Case Study 
In this study, we used datasets from the OFFCORSS company, which provided datasets of surveys 
applied to customers who responded in physical stores or outlets or made queries or requests 
through the virtual VoiceBot. We were also provided with a database containing the records of 
the PCCS registered by customers. Finally, the information from the company's Twitter account 
was used to determine the customers who followed it and gave their opinions about it. Table 3 
summarizes the information used of each source.  
 
 

Data Source Data 

Social Network  Twitter Comments, id_user, localization, date 

Database Surveys Satisfaction Rating: Customer Comments, Answer_according request Y-
N,  
Again_talk_Virtual-Asistent, Quality, Variety, KidnessAtention, id, date, 
EasyFindProduct, OffeerCompletLook, The level of satisfaction 

PCCS system Typification, id, date, Responsible_unity, response time, TicketOrigin 

Table 3. Data sources and data  
 

a. ACODAT in the case study 

This section describes each task of the ACODAT for defining innovation problems. 
Task 1. Sarcasm analysis. For the task, the first step is the PLN techniques to determine the 
information to process (in our case, the keywords). An example of keywords obtained from the 
different sources are 
  

Data Source Keywords  

Social Network  Assistance, robbery, vigilance 

Surveys Suggestions, ¨Need help¨ 

PCCS system TV-devolution, TV-Return Request, VD-
Data update, VD-Payment Verification, 

Table 4. Example of keywords by source 
 
For the surveys, we take the keywords of the comments and apply sentimental analysis using 
vaderSentiment Library. Then, we get the value for each text according to the compound value, 
and particularly, the sarcasm is true when the value is lower than -0.1. Table 5 presents a partial 
view of the results of the sarcasm analysis for this dataset. 



 
Table 5. Results of the Sarcasm Analysis step 

 
In the PCCS system, the predefined typification is used. Table 6 presents some of the predefined 
examples of PCCS typification’s. 
 

 
Table 6. Results of examples of PCCS typification’s. 

 
The social network uses negative Twitter comments. In this step, for sentiment analysis is used 
the vaderSentiment library in each keyword in the Twitter register (column of text) to determine 
each person's mood. This library calculates the Compound_score of each text. Table 7 provides 
a partial view of the sentiment analysis results for this dataset. Note that tweets are negative 
when Compound_score < 0. 



 
Table 7. Results of the Sentiment Analysis for Twitter 

 
Task 1. What: Identify the problem: This task defines clusters that identify innovation issues 
related to comments in the surveys, social networks or PCCS systems. The keywords in the 
comments or typifications are used by the K-means clustering algorithm. In the case of surveys, 
five clusters were found according to the values of the silhouette metric (see Table 8). 
 
 

N clusters Average 
silhouette 

0 0.70 

1 0.72 

2 0.75 

3 0.80 

4 0.87 

Table 8. Clusters based on the keywords in the case of surveys. 
 
The cluster centroids defined by this task are shown in Table 9. It shows the keywords for each 
cluster that should be used to define the innovation problem. 
 
 
 
 
 



Cluster centroids 

Cluster 0: 
 super 
 suggestions 
 moment 
 brand 
 boxes 
 aisles 

Cluster 1: 
  order 
 received 
 address 
 able 
 resolved 
 time 

Cluster 2: 
  does 
 solution 
 request 
 payment 
 attention 
 good 

Cluster 3: 
 dont 
 answer 
 improve 
 sizes 
 think 
 sent 

Cluster 4: 
 did 
 solve 
 concern 
 answer 
 thank 
 help 

Table 9. Keywords of the centroid of each cluster for the surveys 
 
For social network has been used the same process explained in the article [2]. Thus, we use the 
keywords in negative tweets to apply the K-means clustering algorithm. The results are shown in 
Table 10. 

Cluster centroids 

Cluster 0: 
 hotline 
 stolen 
 minutes 
 waiting 
 follow 
 resources 
 gentleman 
 size 
 small 
 price 

Cluster 1: 
 negative 
 violated 
 makes 
 responding 
 rating 
 platform 
 timely 
 habeas 
 report 
 data 

Cluster 2: 
 worst 
 answer 
 happened 
 email 
 assistance 
 robbery 
 say 
 vigilance 
 bonus 
 consumer 

Cluster 3: 
 terrible 
 service 
 bought 
 bad 
 refund 
 requested 
 claim 
 WhatsApp 
 requesting 
 process 

Table 10. Keywords of the centroid for some clusters for the social network 
 
Finally, for the PCCS system is used its typification. Some examples of typification are TV-Return 
Request, VD-Data update, VD-Payment Verification, etc. The typification identifies the main 
words that describe the problem (see in Table 11 some clusters). 

Cluster centroids 

Cluster 0 
TV-Return Request 
TV-Order status 
VD-Data update 
TV-Order with new 
delivery 

Cluster 1 
VD-Payment verification 
VD-Modification of quota 
VD-Request for payment 
VD-Request for Order 
Cancellation 

Cluster 2 
VD-Incentive validation query 
VD-Affiliation status 
VD-Right of request 
VD-Information on how to 
place an order via WEB 

Table 11. Centroids for some clusters for the PCCS system 
 
 In the next task, a grouping process using different similarity criteria (user, date, location) is 
performed for each cluster obtained in this phase. 
Task 2. Who: Identify the ones affected by the problem: In this task, we can observe who were 
affected by the problem. In the case of social networks, they can be external customers who post 
on the network, or employees who respond to customer comments. In the case of the surveys, 
they were always customers who visited the store or made a purchase in the physical or virtual 



store. In the case of the PCCS, it was possible to identify the area to which the request was 
assigned in order to provide a response and solution to the customer who submitted the request. 
In this case, the units responsible for the PCCS were standardized. The assigned units were as 
follows: 1 -> Experience Center, 2 -> Virtual Store Sales, 3 -> CTS Transportation, 4 -> Portfolio, 5 
-> Returns Area, 6 -> Customer Service TV, 7 -> Customer Service, 8 -> Legal, 9 -> Treasury, 10 -> 
Affiliation Area, 11 -> Administrators, 12 -> Marketing and Sales (See Table 12). 
 

Data Source Identify Who Clusters 

Social Network  Clothing 
customers  

External users or internal users 

Surveys Clothing 
customers 

Physical store customers, Online store customers, 
or Outlets customers 

PCCS system Units responsible Experience Center, Virtual Store Sales, CTS 
Transportation, Returns Area, Customer Service 
TV 

Table 12. Identify Who 
 
Task 3. When: Identify when the problem occurs. In this task, it became evident that the PCCS 
was filed in the months of November and December 2021, and the responses to the surveys 
answered by customers were carried out in 2021. In the case of social networks, the Twitters 
were in July and August 2021. 
Task 4. Where: Identify where the problem occurs. In this task was used the place where they 
publish (see Table 13). In the case of social networks, geolocation was used in order to identify 
the city of the publication. In the case of surveys, directions of stores and the virtual Voicet IP 
were used to identify the place where customers were located. For the PCCS, the place was taken 
from the value indicated by the system where the request was received.  
 

Data Source Identify Where 

Social Network  Geolocation  

Surveys Virtual Voicet IP, Store location 

PCCS system Website or Chat IP, or social network used to connect to 
the PCCS system 

Table 13. Identify Where 
 
Task 5. Why: Identify the effect of the problem. This task took into account the information on 
the time used to respond to the PCCS, representing this measure the impact that receiving a 
timely or delayed response has for the client according to the time spent by the unit provided. 
Some results for time are 0 days, or 7 seven days, with 0 days, implies that a timely response was 
given, and the impact is low. While the responses took between 0 and 7 days, which implies a 
medium impact, considering that the organization has up to 15 days to respond to the PCCSs 
received. For the answers analyzed by the surveys, the sensations received from 0 to 3 were 
taken into account for some of the following questions: about satisfaction in general, of the 
products, experience, variety, quality, kindness in the attention. Finally, in the case of social 



networks, a compound value from (-0.66 to -1] corresponds to a weak impact, from (-0.33 to -
0.66] to a medium impact, and from (-0.01 to -0.33) to a strong impact. 
 
Task 6. Declaration: Definition of the problem: This task uses all the results of the previous task 
to define innovation problems. According to the patterns defined in section IV, Table 14 shows 
the interpretation of the information for cluster 2 of the social network, Table 15 shows the 
Interpretation of the information for cluster 3 of the surveys, and Table 16 shows the 
interpretation of cluster 0 of PCCS. 
 

b. Discussion of the results 

This section presents the results for each data source (social network, PCCS system, and 
surveys). 

i. Results for cluster 2 of social networks. 

Task. Results 

6. What The worst answer, happened, robbery, say. 

7. Who Clothing customers and one internal user 

8. When In the month of July 2021 in the afternoon session. 

9. Where The publications are from Tunja, Medellin, and Bogotá.  

10. Why The impact is Medium 

Table 14. Interpretation of the information for cluster 2 of the social network 
Problem definition: 
Using the pattern of the Sentence for social networks, the statement of the innovation problem 
is: 
Clothing customers published in July 2021 in the afternoon session from Tunja, Medellin, and 
Bogotá and about Worst answer, happened, robbery, say. The impact is Medium. 

In accordance with the previous clause, non-compliance in the delivery of goods, as well as 
purchases that are returned or do not come, may constitute a violation of consumer rights. This 
suggests that in order to enhance customer service in general, innovation in the logistics and 
transportation process must be considered. For example, intelligent fleets can be designed with 
the use of sensors and data analysis to optimize routes, delivery times and vehicle maintenance. 
It is also possible to explore the use of drones to deliver packages in areas of difficult access or 
high traffic congestion.  

 

 

 

 

 



ii. Results for cluster 3 of the Customer survey 

Task. Results 

1.     What don’t, answer, improve, size, think, sent 

2.     Who Customers 

3.     When Year 2021 

4.     Where Outlets Stores 

5.     Why Acceptable level with respect to the variety of products in the store, of the other 
variables there are no ratings less than or equal to three. 

Table 15. Interpretation of the information for cluster 3 of the customer survey 
 
Problem definition: 

Using the pattern of the sentence for customer surveys, the statement of the innovation 
problem is: 
Customers published in the year 2021 from Outlets Stores, about don’t, answer, improve, size, think, 
sent such that the impact is acceptable. 

In accordance with the previous clause, customers generally complain about lack of 
responsiveness, shipping failures, and lack of guidance and advice on marketing products, among 
other things. For example, innovation in product offering and size availability must be defined, 
so garments could be designed to be adjustable and adaptable. Thus, garments could have 
features such as adjustable elastic waistbands, variable length straps, or detachable parts. 
Innovation in garment sizing has the potential to transform the shopping experience and improve 
customer satisfaction by providing garments that fit more precisely and comfortably to a wide 
range of bodies. 

iii. Results for cluster 0 of the PCCS system 

 

Task. Results 

1.     What VD- Data update 

2.     Who Affiliations area 

3.     When November and December 2021 

4.     Where Zendesk  

5.     Why 0 – 7 days 

Table 16. Interpretation of the information for cluster 0 of the PCCS 



 
Problem definition: 
Using the pattern of the sentence for PCCS systems, the statement of the innovation problem 
is: 
The affiliations area received in November and December 2021 requests from Zendesk about 
VD- Data update, such that the impact is medium. 

According to the previous statement, customers in general are placing requests to change data, 
update personal data, quantity of items in the order, product sizes. Improving data updating can 
be approached from different perspectives, from process optimization to the adoption of 
advanced technologies. Innovation in this process seeks to achieve faster, more accurate and 
efficient updates that contribute to successful operations and decision making. 

Definition of the innovation problem integrating the previous definitions 
Proposing an innovative project to solve the problem of customer services and the lack of timely 
response, leads to the search for solutions to answer the following question: What to do?, First 
create mechanisms that lead to effective and efficient communication with the customer to build 
trust through digital platforms accessible, improving customer service in terms of online 
shopping, returns, complaints, claims and payment methods.  

Also, our innovation proposal must focus on three key areas to enhance customer experience: 
efficient data updating, revolutionary garment sizing, and smart logistics management. By 
addressing these challenges, we aim to create a seamless, personalized, and reliable journey for 
customers, ultimately driving customer satisfaction, loyalty, and sustainable growth. Thus, our 
proposal must take advantage of the opportunity offered by the technologies by making changes 
in the marketing structure through an analysis of the external and internal environment of the 
company, reviewing and analyzing new strategies at technical, commercialization, and financial 
level, which must be frequently monitored and evaluated. 

 

6. Comparison with previous works 

 
In this section, we propose several criteria against which to compare our work with previous 
works. We define the following criteria: 

Criterion 1: They use an ACODAT to define innovation problems. 
Criterion 2: They use different data sources to define innovation problems.  
Criterion 3: They manage innovation through Big Data in order to define innovation problems.  

Table 17 shows the quality assessment of related works based on these criteria. 

 

 



 

Work Criterion 1  Criterion 2   Criterion 3 

[1] ✓ ✗ ✗ 

[2] ✓ ✗ ✗ 
[6] ✗ ✗ ✗ 

[13] ✗ ✗ ✓ 
[22] ✗ ✗ ✓ 

This work ✓ ✓ ✓ 

Table 17. Comparison with preceding works. 
 
For criterion 1, Gutiérrez et al. [1] define ACODAT for definite innovation problems and [2] carries 
the instantiation of this ACODAT.  For criterion 2, Gutiérrez et al. [2] use social networks for the 
instantiation, but this work uses different data sources such as from social networks, surveys and 
the PCCS system, in order to define innovation problems. For Criterion 3, Sakila et. [13] and 
Samarasinghe et al. [22] manage innovation through Big Data to investigate the impact on 
innovation. Particularly, the article [2] discovers problems that motivate improving product and 
service innovation, while in this work, had the opportunity of discovering problems not only with 
products or services, but also oriented to improve processes, to think about innovations in 
marketing and organizational level. 
 
As shown in Table 17, current papers do not satisfy all three criteria. On the contrary, this work 
full all the criteria because it uses ACODAT and different sources of data to improve the quality 
of the results obtained. With this work was possible to generate innovation proposals for 
different problems, such as such purchases that are returned, shipment failures, etc. The 
integration of the different data sources gives a holistic vision of the problems that allow 
improving both the issue identification and the innovation proposal. The combination of data 
sources allows for cross-validation of information. When insights are consistent across multiple 
sources, it increases the confidence in the accuracy of the findings. Also, can reveal hidden 
patterns that may not be apparent when examining data in isolation. Patterns that emerge from 
the synergy of multiple sources can offer deeper insights into customer behaviors and 
preferences. 

Innovation is crucial for SME growth. Integrating insights from various platforms helps SMEs 
identify innovation opportunities that are rooted in real customer needs, reducing the risk of 
developing solutions that miss the mark. SMEs can quickly identify emerging issues and trends, 
enabling them to adapt their strategies and offerings promptly to meet changing customer 
demands.  
 

7. Conclusions 

The main contribution was to be able to use different data sources to improve the definition of 

the innovation problems in MSMEs. In this case, we have used sentiment analysis to determine 



if a text is sarcastic or not, and depending on the result, we worked with those texts that had a 

positive score for sarcasm. The PCCS data sources were also used, which proved to create and 

improve the problem sentences and their grammatical structure. As a result, It is improved the 

quality of the innovation proposal based on the problem that was defined. It confirms that 

different data sources can help companies to have an additional source of information that can 

identify and define innovation problems. 

Thus, improvements in innovation processes are possible using data analysis tasks.  The use of 

different data sources can discover valuable information about the company's products, services, 

and process pain points and areas for improvement. The combination of diverse data sources 

brings a synergistic effect, offering deeper, more accurate, and more actionable insights than 

analyzing each source in isolation. This approach leverages the strengths of each data source to 

provide a more holistic understanding of customer sentiments and innovation challenges. 

Combining real-time data from social networks and online platforms with internal data sources 

like PCCS systems or surveys enables the organization to gain insights and identify emerging 

issues in real-time. This proactive approach facilitates swift problem resolution. 

The main limitation in the development of this work was that the databases used were at the 

local level, with the information provided by the studied organization, which meant using static 

data in a date range. Another limitation is the incomplete datasets, not all customers express 

their opinions online, which could lead to an incomplete representation of customer sentiments. 

This can skew the analysis and conclusions drawn. This work used data from different sources 

such as social networks, and PCCS systems. Thus, other limitations of relying on specific sources 

could include potential biases or incomplete representation of customer opinions if certain 

demographics or platforms are not well-covered. Also, data is constantly evolving. Thus, the 

clustering models need to adapt to new information, features, and trends to maintain their 

effectiveness over time. 

One work in the future is the implementation of an online tool with a user interface that can be 

intuitive, easy to use and visually attractive to carry out the whole process of defining the 

problem with the use of these different tasks of data analysis.  Another future work is to give 

continuity to the implementation of the stages of the innovation process, having as the source of 

data and inputs the results of this first sub-process of problem definition. The idea is to apply the 

ACODAT methodology to the other sub-processes in order to incorporate autonomous cycles of 

data analysis tasks. Finally, another future work is to implement the automatic formulation of 

the problem verifying if the formulation is appropriate, and correct, according to the context in 

which it is being used. 
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Abstract. The field of innovation covers not only the development of new products, but also new 

internal processes, the management of new market positioning initiatives, and the generation of 

new concepts and platforms, sometimes based on new paradigms. In the innovation process, 

organizations should measure activities and evaluate innovation performance. This will allow 

them to continuously improve their processes, methods, and capabilities, and increase product 

and process innovation in the future. Controlling the evaluation of innovation using intelligent 

systems can be challenging for companies seeking innovation performance. This paper presents 

a fuzzy cognitive map for improving the assessment of innovation in Micro, Small and Medium 

Enterprises. The previous results in the literature show that although there are relevant advances 

on this topic, there is not enough knowledge to provide clear guidelines for evaluating innovation 

and improving performance in an organization using intelligent systems. However, we get very 

good results with our approach based on fuzzy cognitive maps in three case studies to determine 

the level of innovation in an organization. The fuzzy cognitive maps in model demonstrated a 

high level of accuracy, with an 80% accuracy rate for case studies from Colombia and an 

impressive 92% accuracy rate for global case studies. This indicates the model's effectiveness in 

evaluating innovation levels in organizations quantitatively. Furthermore, the study found that 



innovative activities emerged as an influential factor in organizations, essential to improve their 

operations and competitiveness. Additionally, this article reveals and addresses several 

challenges in this field. 

 

Keywords: Innovation Assessment, Artificial Intelligence, Intelligent Systems, Micro-Small and 

Medium Enterprises, Machine Learning, Fuzzy Cognitive Maps 

 

1. Introduction 

Innovation is a phenomenon that has been studied from different perspectives, bearing in mind 

that it is considered as a process but also as a result; and as a process, it encompasses different 

elements and stages of development. The interest in the subject from the theoretical, academic 

and practical perspectives derives from the importance of innovation for economic and social 

development at different levels (e.g., national, regional, organizational), as well as for its role in 

the solution of the current social problems. Considering its importance, various strategies have 

been developed to measure and quantify innovation activities and results. Evidence of this is the 

Oslo Manual [1] [2], which aims to provide guidance on the collection and interpretation of 

innovation data. 

An adequate innovation evaluation process allows assessing the innovation capacity within the 

organizations, in such a way that both strengths and weaknesses in this field can be identified, 

enabling the incorporation of improvements and the implementation of orderly and 

systematized plans to achieve the innovation objectives, promoting and driving innovation in 

organizations.  

The purpose of this paper is to develop a tool to evaluate the innovative capacity of organizations 

based on Fuzzy Cognitive Maps (FCM), particularly, for improving the evaluation of innovation in 

Micro, Small and Medium Enterprises (MSME). Particularly, a tool like this within a firm allows 

identifies future actions (processes and activities) that will help the organization to achieve the 

expected innovation performance. This work differs from previous research since this article 

focuses on how intelligent systems have been used to improve the evaluation of organizational 



innovation, understanding innovation evaluation as a different way of improving innovation for 

MSME, an approach that has not been used before.  

 

2.2.2 Related works  

In general, the FCMs have been used in numerous domains [3], [4]. This section presents the 

most important recent research related to the use of FCMs in processes related to innovation 

assessment in organizations.  

In the article [7], Wie introduces FCMs for the modeling and evaluating of trust relationships, and 

explores the sources of trust and the relationships between organizations based on their veracity. 

There are two main contributions of this research. First, the addressing of the critical trust factors 

in the virtual enterprise (VE) context considers an inter-organizational environment, where team 

trust is a function of three key elements: trust giver, trustee, and environment. Second, this paper 

proposes a methodology that considers the dynamic nature of trust to analyze the evolution of 

trust in VE environments [7]. Thus, this study shows how to apply FCM for the assessment in a 

VE.  

Also, in our attempt to apply FCM to innovation, we found useful the work of Kok [8], who 

presented the potential improvements to FCM methodology [8] to be used in an organization, by 

presenting a fuzzy psychological function map, critically assessing its added value in the context 

of situational development.  Aguilar [5] presented an FCM, which was built on the principles of a 

random neural network, it was called a random cognitive fuzzy map, a technique that showed its 

application in different modeling processes in an organization [6]. There are other interesting 

works on FCM, extensions of the model, new learning algorithms, new models of causality, etc. 

[9][10][11]. For example, Aguilar [12] suggests a related extension of FCM, allowing connections 

between multiple FCMs. This extension applies to the FCM designer tool to facilitate future FCM 

development and execution. For the present work, this tool was used to develop our FCM in 

relation to innovation assessment. 

Only fourteen previous works in the literature used an FCM tool for executing and simulating a 

real situation with real data. The main areas where the previous works have been applied are in 

business [7][13][14][15], in an environment [8], in the industry [6], in the computer sciences 



[5][10][11][12][16], in medicine [17][18], and social science [15] (see a summary in Figure 1). The 

previous works on FCM show the key aspects that we need to consider in our work. Due to its 

flexibility in the application, it becomes a suitable approach for the investigation, allowing the 

use of the FCM for the innovation level assessment.  

 

 

Figure 1. Literature Review Summary - FCM 

 

Previous works have not defined a framework for evaluating innovation in MSMEs based on 

FCMs. They also do not use the data of an organization to assess the key characteristics related 

to innovation. This work applies FCM to automate the evaluation of the process and the capacity 

for innovation in an organization. These are the main differences between our approach from 

previous studies. The main motivation behind choosing FCMs lies in their capacity to model 

complex, dynamic, and uncertain relationships within the innovation process effectively. Their 



cognitive modeling approach, adaptability, and diagnostic capabilities make them a valuable tool 

for understanding, evaluating, and improving innovation management within organizations. 

These combined properties make this system more robust. 

 

1.2 Contribution of this work 

The contribution of this work consists of the design of an FCM that enables the evaluation of 

innovation, and to achieve this, the main aspects for the design of FCMs will be applied, 

especially, by identifying the concepts and their relationships. We use real data from different 

sources in the world, derived from real situations, to demonstrate the quality of our FCM. The 

high accuracy rates achieved by the FCM model (80% for Colombian case studies and 92% for 

global case studies) suggest that organizations can rely on this tool to quantitatively assess their 

innovation levels more precisely. This tool can help in identifying areas that require improvement 

to impact positively organizations. By improving innovation assessment through the FCM model, 

organizations can anticipate higher profitability because innovations are often closely tied to 

revenue generation and cost savings. The tool can determine the necessity of new products or 

services, improve operational processes, or enter new markets. Finally, the paper analyzes 

current challenges related to the application of FCM to improve MSME innovation assessment. 

This work is organized as follows: the second section presents the theoretical framework for 

innovation assessment and FCM and its application in the innovation domain. Also, this section 

reviews the most important recent research related to the use of FCMs in processes related to 

innovation assessment in organizations. Then, section 3 describes the design of the FCM. The 

fourth section describes the main results of the experiments. The fifth section presents 

comparisons with other works. Finally, in section 6, conclusions are presented, outlining the 

contributions of this work, and some recommendations for future studies. 

 

2. Theoretical background 
 
This section presents a background about innovation assessment and the main basic concepts of 

the FCMs and their utilization in the innovation domain. 

 



2.1 Innovation 

It is difficult to think about moving forward and staying in the market without innovation now. 

Regardless of the type of company, the success and development of the organization can be 

attributed to its innovative activities and results [19]. SMEs are the sectors of business life that 

need the most constant innovation to improve their business [20]. Thus, innovation is generally 

seen as a key factor in the survival and success of a company as it needs to adapt more quickly 

and better to the needs of a changing environment. The importance of innovation is often made 

more evident by rapid change, which requires managers to research and implement activities 

that enable them to respond to market needs and design and implement appropriate strategies 

in their companies [22]. 

On the other hand, SMEs often avoid implementing a comprehensive value plan in terms of 

innovation, technology management, and R&D investment [21].  In this way, the organizational 

leaders of this type of organization must understand the importance of innovation and address 

the necessary internal changes related to human capital development and creativity [22]. 

 

2.1.1 Oslo Manual 

The Oslo Handbook is the foundation upon which the OECD and other international organizations 

collect and publish statistics on business innovation. The latest is his 2018 edition, which includes 

improved guidelines that reflect changing user interests and accumulated real-world experience. 

It includes new materials to support the measurement of innovation outside the firm, 

understanding the internal and external drivers of innovation in the firm and the key innovations 

in the business, and making better use of innovation data in statistics and analytics. It is an 

international benchmark for multiple works in the innovation domain [1]. 

The Oslo Manual defines a set of concepts to measure the level of innovation in an organization 

(see Table 1) [1]. These concepts are grouped into four categories: i) innovation types, ii) 

innovation activities, iii) basic research, iv) external context.  

 

Table 1. Concepts for innovation evaluation according to the Oslo handbook [1]. 

Category Concept name Description 



Innovation 
Types 

Production Engineering activities and related technical testing, analysis and certification to 
support production 

Distribution  It includes new marketing methods or new organizational methods. 

Engineering and 
design   

Engineering involves procedures, methods and standards of production and quality 
control 

Product The organization has strategies to create, improve or update its products, goods or 
services. 

Distribution and 
logistics 

Transportation, storage and order processing 

Information and 
communication 
systems 

Hardware and software sales and logistics. data processing and databases; 
maintenance; web hosting and other activities. 

Administration and 
management 

Includes: strategic business management, corporate governance, accounting and 
purchasing 

Process The organization has agile strategies to generate significant changes in its 
processes 

Innovative 
Activities 
 

Customers / Users The organization receives feedback and suggestions from customers regarding 
satisfaction with the use of the products offered by the company 

Competence The organization has the competence to carry out organizational surveillance tasks 
to feed the innovation processes in the organization 

Standards The organization considers quality standards and manuals and guides for 
innovation processes when implementing them within the organization. 

New Products The organization has activities to develop new products, functions, or formats of 
products and processes 

Marketing The organization has the flexibility to implement new marketing methods to reach 
more customers, changes in design, packaging, and promotion 

External Knowledge Information sources, knowledge, technology, best practices, and human and 
financial resources 

Agents of the 
innovation system 

Official laboratories, Universities, ministerial departments, regulatory authorities, 
competitors, suppliers, and customers. 

Promotion The organization carries out studies and tests on the market, promotion, and start-
up of the products 

Employee training Job training and job-related education in educational and training institutions 

Staff The organization has trained staff that encourages innovation processes 

Secondary education Net coverage rate in middle and secondary education. School life expectancy and 
Evaluation of school performance in reading, mathematics, and science in the 



Saber 11 tests 

Knowledge The organization has personnel who know how to start, develop, and achieve 
innovative results 

Experience The staff of the organization has experience in innovation processes, 
implementation of innovation proposals 

Techniques The organization has personnel who know the techniques of Innovation Design 
Thinking, co-creation, rapid prototyping, Personal 

Innovation 
Management 

Plan, govern and control internal and external resources for innovation 
 

Training  The organization carries out staff training activities to use innovations, or to 
implement innovative software 

Digital The organization has personnel trained in Business Intelligence, Data Analytics, to 
improve or develop the business model. 

Use The organization has staff who have skills to incorporate and use new technology 

Intellectual Property The organization's staff has the skills to manage the intellectual property of 
innovation, Technological tools 

Design The organization has personnel who are capable of designing, making technical 
specifications, prototype 

Basic 
Research 

Research and 
experimental 
development 

It includes systematic reviews and creative work done to expand knowledge, 
develop new applications in order to do available knowledge 

Human Resources 
External 

The organization has external personnel available trained to support the 
Innovation process (consultants, R&D companies, public S&T agencies, Chambers 
of Commerce) 

Size of the company Firm size is a commonly used predictor of innovation activities and firm 

Acquisition or Lease 
of Property, Plant and 
Equipment 

Innovation activities exist when these assets are necessary for product or business 
process innovation. 

Investment Innovation implies including acquisitions of tangible and intangible assets as well 
as any other type that can influence the efficiency of your innovation activities 

Protection The organization executes activities to protect ideas, improved products, or new 
processes against copying by its competitors 

Development The organization develops and uses software to implement new or improved 
products or process 

Assets The organization has a physical plant and assets that are used in the development 



of innovation processes. 

Source of funds Own funds, transfers, customer orders, shareholder loans, debt financing, 
government loans, international organizations, among others 

Partners The partners of the organization support and support the innovation processes 

Finance The organization has sources of finance available to promote innovation processes 
Departures 

External 
context 
 
 

Diffusion Whereby innovations spread through commercial circuits, or any other, to 
different consumers, countries, regions, sectors, markets, and companies 

Networks The organization has alliances with other companies in the productive sector that 
promote the innovation process 

Digital Platforms Is the organization active on digital platforms? For example, it has a website, it has 
a presence on social networks, Market Tickets – Sources 

Location The organization is strategically located in an environment of innovation 

Public Infrastructure The organization's environment has public infrastructure and road networks that 
allow it to develop innovation processes 

Macroeconomic 
Policy 

The organization considers and applies legislation on patents, taxes, regulations on 
company management 

Taxes The environment where the organization is located has fiscal and tax policies that 
encourage innovation processes. 

Environmental 
sustainability 

Efficiency in the use of energy (in units of GDP), Environmental performance (0-
100), Companies with environmental certification ISO 14001 

Government support The government where the organization is located has policies, strategies that 
promote innovation 

 

 

 

2.2 Fundamentals of FCM 

FCMs are methods for modeling systems based on the causal relationships between their 

concepts, which can be positive or negative. FCMs were proposed by Kosko in 1986 [3]. FCMs are 

derived from the cognitive maps [23] created by Axelrod in 1976, and are used to model complex 

systems in terms of ease of construction and interpretation. They are also called directed graphs, 

and consist of concepts and relationships between them (se Figure 1). These concepts and their 



relationships represent fuzzy variables that can be expressed in the linguistic terms perfect, high, 

medium, and low [11]. 

 

Figure 2. An FCM with eight concepts 

 

Fig. 2 represents a simple FCM with eight concepts (from 𝐶1 to 𝐶8). Each concept constitutes a 

variable or element of the system. A relationship between them is represented by a directed 

edge with a weight, to define the causal relationship between them [6]. The value of a 

relationship can vary from -1 to +1. The value +1 means an excitatory effect from a concept 𝐶𝑖 to 

a concept 𝐶𝑗. The value -1 represents an inhibited effect between 𝐶𝑖 and 𝐶𝑗. The value 0 defines 

that there is no causal relationship between the two concepts. Finally, other values between (-1 

and +1) symbolize different degrees of causality. An FCM is formally defined as a tuple:  

 

𝛷 =  ⟨𝑛, 𝑊, 𝑓 (. )⟩          (1) 

 

Where 𝒏 ∈  𝑹𝒎 is the set of concepts (𝑛1, . . . , 𝑛𝑚); 𝑊 𝜖 𝑅𝑚𝑥𝑚 is the adjacency matrix that will 

symbolize the interactions between concepts; f (.) is the activation function that defines the 

concept values, which can be in the range [0, 1] for a sigmoid function or [-1, +1] for a hyperbolic 

tangent function [24]. An adjacency matrix is a square matrix that defines the causal relationships 

between the concepts of an FCM. As an example, the adjacency matrix for the FCM in Fig. 1 is: 



 

The inference process in an FCM can be specified from the mathematical point of view from two 

components: a state vector, 𝒂 ∈  𝑹𝒎, which means the degree of activation of the concepts, and 

a weight matrix, 𝑾 ∈  𝑹𝒎𝒙𝒎, which specifies the interaction between the concepts. Thus, the 

inference process consists of calculating the state vector in a given time, from an initial condition 

a(0). The activation vector 𝑎(0) is: 

  

𝑎(0)  =  (𝑎1(0), 𝑎2(0), . . . , 𝑎𝑚(0))        (2) 

  

Where a1 (0) is the value of the concept 𝐶1 at time 0. 

The activation of 𝐶𝑗 will depend on the activation of the concepts that directly affect Cj and the 

causal weights associated with that concept. The following equation  summarizes this process: 

 

𝑎𝑗(𝑡 + 1) = 𝑓 (∑  𝑚
𝑖=1,𝑖→𝑗 𝑊𝑖𝑗𝑎𝑖(𝑡))        (3) 

 

Where 𝑎𝑗(𝑡 + 1) is the value of concept 𝐶𝑗 at time t+1. Normally, an inference process iterates 

until the system finds an equilibrium point. This equilibrium point (final state) is reached when 

a(t)  = a(t-1), or a(t)-a(t-1)≤0.001.  

 

 

3. Design of the innovation assessment system using FCMs 



This section presents the specification of the innovation assessment system based on FCMs. For 

that, this work uses the methodology called Intelligent Decision Support System (IDSS) [27]. Fig. 

3 shows the six-step methodological framework. Each step is briefly described below. 

 

3.1. Selection of experts 

Eight people participated, as they were considered experts in innovation within the 

organizations, who agreed to participate in this study. The experts were selected because they 

have extensive experience in the Oslo manual and innovation assessment processes. 

 

Fig. 3. Flowchart of the IDSS for the development of the innovation assessment system. 

 

3.2. Concepts and relationships 

The concept was defined according to the Oslo Manual [1] (see Table 1), such that each concept 

of the Oslo Manual is a concept of the innovation assessment system. Table 2 shows the concept 

used by our FCM. 

 



Table 2. Concepts used by the innovation assessment system.  

Node  Concept name 

C1 Production 

C2 Distribution  

C3 Engineering and design   

C4 Product 

C5 Distribution and logistics 

C6 Information and communication systems 

C7 Administration and management 

C8 Process 

C9 Customers / Users 

C10 Competence 

C11 Standards 

C12 New Products 

C13 Marketing 

C14 External Knowledge 

C15 Agents of the innovation system 

C16 Promotion 

C17 Employee training 

C18 Staff 

C19 Secondary education 

C20 Knowledge 

C21 Experience 

C22 Techniques 

C23 Innovation Management 

C24 Training  

C25 Digital 



C26 Use 

C27 Intellectual Property 

C28 Design 

C29 Research and experimental development 

C30 Human Resources External 

C31 Size of the company 

C32 Acquisition or Lease of Property, Plant and Equipment 

C33 Investment 

C34 Protection 

C35 Development 

C36 Assets 

C37 Source of funds 

C38 Partners 

C39 Finance 

C40 Diffusion 

C41 Networks 

C42 Digital Platforms 

C43 Location 

C44 Public Infrastructure 

C45 Macroeconomic Policy 

C46 Taxes 

C47 Environmental sustainability 

C48 Government support 

 

After defining the concept, each expert used their knowledge and experience to create a weight 

matrix (values between -1 and 1) corresponding to the impact between the concepts of the FCM. 

Possible types of relationships were high, medium, and low, depending on the causality between 

the concepts. 



3.3. Design of the model 

This stage summarizes the FCM developed from the different opinions of the experts, in order to 

generate a general FCM. The procedure to create a single FC< is defined by the following equation 

[5]: 

 

𝐸𝑖𝑗
𝐺 =  ∑

𝐸𝑖𝑗
𝑒

𝑁𝐸
𝑁𝐸
𝑒=1  

  

         (4) 

where 𝐸𝑖𝑗
𝐺 is the global weight of the general FCM, 𝐸𝑖𝑗

𝐺  is the opinion of each expert on the  

causal relationship between the concept Ci and 𝐶𝑗, and NE is the number of experts. Finally, the 

general FCM is built using the FCM Expert, which was developed by Nápoles in 2017 [10], which 

is a software platform for modeling FCM based systems.  Figure 4 shows the general FCM. 

 

Fig. 4. FCM of the Innovation Assessment System. 

 

Thus, step 3 of the methodology, shown in Figure 5, consisted of implementing the previously 

defined FCM in the FCM tool [10] used in this work. Step 4 is the inference process for each case 

study. Finally, steps 5 and 6 interpret the inferred results by the FCM regarding innovation ratings 



for each case study and analyze the causal relationships used by the FCM to derive these ratings. 

The next section describes these steps. 

 

4. Experiments 

In this section, several case studies were studied. In the first case study is used data about the 

Departmental Innovation Index for Colombia. The second case study uses the World Innovation 

Index. For both case studies, the data for the last five years (from 2018 until 2022).  The last case 

study uses data from the MSMSs based in the Valle de Aburrá, specifically in Ruta N [28].  

On the other hand, to evaluate the quality of the FCM to determine the level of innovation, two 

metrics were used: the ability to classify the known data well and the Cohen's Kappa Coefficient. 

Cohen's Kappa Coefficient measures the agreement between two raters who each classify N 

items into C mutually exclusive categories. If the raters are in complete agreement, then kappa 

=1. If there is no agreement among the raters, then kappa =0. 

 

4.1. Departmental Innovation Index for Colombia Case Study 

This dataset corresponds to the registry of innovation of each one of the departments of 

Colombia during the years 2018 to 2021 [25]. The variables in the dataset are associated with 

types of innovation, innovative activities, basic research, and external context. For this case, each 

of the values of the variables considered in the case study was associated with a concept in the 

FCM (see Table 3).  

 

Table 3. Relationship among concepts of the innovation assessment system and variables of the 

Departmental Innovation Index dataset.  

Node  Concept in the FCM Variable in the Dataset [25] 

C2 Distribution  Intangible goods 

C3 Engineering and design   Knowledge impact 

C15 Agents of the innovation system Innovation links 

C16 Promotion Trade and competition 

C17 Employee training Higher education 



C19 Secondary education Secondary and middle education 

C20 Knowledge Knowledge workers 

C21 Experience Knowledge creation 

C24 Training  Online creativity 

C29 Research and experimental 

development 

Investigation and development 

C33 Investment Knowledge absorption 

C34 Protection Creative goods and services 

C36 Assets Available resources 

C39 Finance Credit 

C40 Diffusion Knowledge diffusion 

C42 Digital Platforms TIC 

C44 Public Infrastructure General infrastructure 

C45 Macroeconomic Policy Regulatory environment 

C46 Taxes Business environment 

C47 Environmental sustainability Environmental sustainability 

C48 Government support Political environment 

 

As a result of the previous process, a new FCM with 22 concepts is obtained. Finally, the number 

of data in this dataset is 2621. 



 

Fig. 5. FCM for the dataset of the Departmental Innovation Index for Colombia. 

In all the tests of this case study, 80% of the data was left for training, and the rest was to evaluate 

the capacity of the FCM to determine the level of innovation in each organization. In the first test 

of this case study, the level of innovation was defined by 5 classes: Low Level, Low Medium Level, 

Medium Level, High Medium Level, and High Level. The prediction results of the level of 

innovation in each organization are shown in Table 4. 

Table 4. Prediction results for the first test in the first case study. 

Criterion Results 

Correctly Classified Instances 52.0% 

Incorrectly Classified Instances 48.0% 

Cohen's Kappa Coefficient 0.38 

The correct prediction of the FCM is only 52%. According to the results, classes 0 and 1 were the 

ones that obtained a higher percentage of correct answers in the classification (see Table 7). For 

classes 2, 3 and 4, the results for the classification were always wrong.  



In a second test, the values for the classification of the level of innovation are redefined, leaving 

only three classes: Low, Medium, and High. The results of this second test for the first case study 

are shown in Table 5. 

Table 5. Prediction results for the second test in the first case study. 

Criterion Results 

Correctly Classified Instances 60.0% 

Incorrectly Classified Instances 40.0% 

Cohen's Kappa Coefficient 0.41 

In the third test, we balance the classes. In this case, the results improved considerably with 

respect to those obtained before (see Table 6). 

Table 6. Prediction results for the third test in the first case study. 

Criterion Results 

Correctly Classified Instances 82.0% 

Incorrectly Classified Instances 18.0% 

Cohen's Kappa Coefficient 0.68 

In this case, 80% of the data are correctly classified. The following table shows the precision 

results for each class in the three tests. 

Table 7 Accuracy results of the tests carried out by class. 

     

 

 

 

 

 

Class Test 1 Test 2 Test 3 

0 0.41 0.68 0.91 

1 0.75 0,65 0.81 

2 0 1 0.7 

3 0 - - 

4 0 - - 



 

According to the results (See Table 7), it is evident that the accuracy is improved as the classes 

are redefined and balanced. In the first test, with five classes, the FCM failed to correctly predict 

classes two, three and four. For tests two and three, the accuracy improves, but in particular, it 

is much better with balanced classes (case 3). 

4.2. Global Innovation Index Case Study 

In this second case study, the dataset corresponds to the registry of the countries of the world 

during the years 2018 to 2022 [29]. The variables in this dataset are associated with the concepts 

of Institutions, Human capital and research, Market sophistication, Business sophistication, 

Knowledge and technology and creative outputs. For this case, each of the variables of the 

dataset was associated with a concept in our FCM (see Table 8).  

 

Table 8. Relationship among concepts of the innovation assessment system and variables of the 

Global Innovation Index dataset.  

Node  Concept in the FCM Variable in the Dataset 

C2 Distribution  Creative production 

C3 Engineering and design   Production of knowledge and technology 

C15 Agents of the innovation system Business sophistication 

C16 Promotion Market sophistication 

C17 Employee training Human Capital and Research                 

C19 Secondary education Human Capital and Research                 

C20 Knowledge Business sophistication 

C21 Experience Production of knowledge and technology 

C24 Training  Creative production 

C29 Research and experimental 

development 

Human Capital and Research                 

C33 Investment Market sophistication 



C34 Protection Creative production 

C36 Assets Business sophistication 

C39 Finance Market sophistication 

C40 Diffusion Production of knowledge and technology 

C42 Digital Platforms Infrastructure 

C44 Public Infrastructure Infrastructure 

C45 Macroeconomic Policy Institutions 

C46 Taxes Institutions 

C47 Environmental sustainability Infrastructure 

C48 Government support Institutions 

 

As a result of the previous process, a new map is defined with seven main concepts, each 

encompassing several concepts. These main concepts are Institutions (C1), Human Capital and 

Research (C2), Infrastructure (C3), Market Sophistication (C4), Business sophistication (C5), 

Production of knowledge and technology (C7), and Creative Production (C8). And for example, 

the main concept of Institutions (C1) corresponds to the following three concepts of our original 

model: Macroeconomic Policy, Taxes, and Government support. Finally, the number of data was 

3626.  

With this redefinition of the FCM and the data, 80% of them are used to train and thus define the 

relationships between the concepts. The resulting FCM using the historical data from [29] is the 

one presented in Figure 6. The FCM also shows that C8 corresponds to the decision node, which 

is the level of innovation predicted (this concept is classified in three classes: Low, Medium, and 

High). 

 



 

Fig. 6. FCM of the Innovation Assessment System for the Global Innovation Index dataset. 

Table 8 shows the results, which are very good. The correct prediction of the FCM (more than 

92%) with a very good value of Cohen's Kappa Coefficient.  

Table 8. Prediction results for the second case study. 

Criterion Results 

Correctly  Classified Instances 92,2 

Incorrectly Classified Instances 7,7% 

Cohen's Kappa Coefficient 0.88 

 

4.3. Route N Case Study 

In the latter case, we work with the information provided by the "Ruta N" Corporation in 

Colombia, which is the entity in charge of registering and monitoring the efforts and 

achievements of MSMEs in Information Technology located in the Aburrá Valley, Colombia. This 

corporation provided us with a dataset on the innovation processes in these organizations, based 



on surveys that they carry out periodically to MSMEs [28]. For the creation of the FCM, the 

concepts related to each of the survey questions were identified, which is shown in Table 9.  

 

Table 9. Relationship among concepts of the innovation assessment system and variables of the 

survey of Route N.  

Node  Concept in the FCM Variable in the Dataset 

C4 Product New goods or enhanced to offer market, methods or 

techniques news for your processes 

C10 Competence Form distribution of Organization to lead innovation processes 

C12 New Products Number of new Activities, goods or services in the national 

market 

C15 Agents of the innovation system Use of innovation links 

C17 Employee training Academic degrees (or are currently studying) 

C19 Secondary education Academic levels or grades 

C20 Knowledge People with responsibilities for innovation activities 

C21 Experience Professionals, Researchers or technicians who work in Research 

and Development 

C23 Innovation Management Management supports and promotes innovation 

C27 Intellectual Property The organization has in process of any of the intellectual 

property registrations 

C34 Protection Protect these products/services/methods, is it 

did you use any mechanism? 

C36 Assets Total assets 

C37 Source of funds Capital to finance innovation activities 

C39 Finance Funds for the development of innovation activities 

C41 Networks Relationships with other entities 

 

The FCM is visualized in Figure 7 after the training phase using 80% of the data from the dataset 

[28]. Previously, the variables were normalized in a range between (0) and (1) for the training 

process.  



 

Figure 7. FCM for Route N case study 

Figure 7 shows the fifteen concepts that correspond to the variables of the dataset. FCM also 

shows C49 that is the decision node, which is the level of innovation predicted, defined in three 

classes: Low, Medium, and High.  

Table 10 shows the results of this case study, which are good. The correct prediction of the FCM 

is (77%), with a good Cohen's Kappa Coefficient.  

Table 10. Prediction results for Route N case. 

Criterion Results 

Correctly  Classified Instances 77,0% 

Incorrectly Classified Instances 23,0% 

Cohen's Kappa Coefficient 0.68 

 

5. Comparison with previous works 



In this section, a comparison is made to evaluate our proposal based on FCM in the evaluation of 

the level of innovation in organizations with different previous works. For this purpose, the 

following criteria are described: 

Criterion 1: Based on the Oslo Manual standard. 

Criterion 2: Uses automated methods. 

Criterion 3: Uses artificial intelligence. 

Criterion 4: Evaluates innovation. 

Criterion 5: Uses FCMs. 

Table 11 provides a qualitative assessment with related work based on these criteria. 

Table 11. Comparison with previous work 

Work Criterion 1  Criterion 2   Criterion 3 Criterion 4 Criterion 5 

[7] ✗ ✓ ✓ ✓ ✓ 

[25] ✗ ✗ ✗ ✓ ✗ 

[26] ✗ ✗ ✓ ✓ ✗ 

This work ✓ ✓ ✓ ✓ ✓ 

. 

According to criterion 1, the other works do not consider the Oslo Manual standard, which is only 

used in our research. This manual "is part of a series of evolutionary manuals devoted to the 

measurement and interpretation of data related to science and technology in innovation" [1], 

hence this is an originality of our research in comparison with previous studies. 

Regarding criterion 2, it is observed that Wei [7] also uses the FCMs for the evaluation of 

innovation, but in the present work, the conceptualization is carried out using the Oslo manual 

[1]. According to the results, our FCM leads to a classification whose margin of error is small. 

Therefore, FCMs are very useful for the evaluation of the innovation in companies, which cannot 

be seen in the research of Wei [7]. 

Related to criterion 3, in addition to Wei [7], other works use artificial intelligence, such as [26] 

which proposed an evaluation through a process based on statistical techniques of artificial 



intelligence in various industrial sectors of Europe and America. On the other hand, when 

referring to criterion 4, all the authors described above applied this criterion for evaluating 

innovations. However, other authors follow the traditional methodology to evaluate innovations 

in organizations.  

Finally, regarding criterion 5, FCMs were only used by Wei [7] and in our research. It is noteworthy 

that the evaluation of innovations in companies has been developing for years, and the methods 

used have been evolving. Thus, our work represents a great contribution, and a great novelty is 

the evaluation of innovations based on the Oslo Manual. 

Finally, the utilization of FCMs in innovation assessment promises to significantly improve the 

management of innovation within organizations. By capturing complex relationships among 

innovation-related factors, it enables more strategic and informed decision-making. The FCM 

model's high accuracy rates (80% for Colombian cases and 92% for global cases) suggest that 

organizations can rely on this tool to quantitatively assess innovation levels more precisely. This, 

in turn, helps organizations understand where they stand in terms of innovation and what steps 

they need to take for improvement. 

By strategically allocating resources based on knowledge derived from FCM, organizations can 

anticipate several potential financial benefits because this tool identifies the need for new 

products or services or to expand into new markets, or to improve operational processes, among 

other things, which allow them to be in an excellent position with respect to their competitors. 

 

6 Conclusions 

The use of computational techniques to analyze factors and assess innovation helps diagnose and 

assess innovation management in an organization. This study proposes a computational tool for 

analyzing the key variables involved in innovation processes: types of innovation, innovative 

activities, resources, and external contexts. In addition, the model allows diagnosing innovation 

based on the factors and evaluation of innovation. The diagnostics allow knowing the current 

level of innovation in the company.  



Thus, this work proposed an FCM for the evaluation of the level of innovation in an organization, 

which can be applied in different contexts, as evidenced by the Colombian case studies and the 

global case study, with very good results. This is the first work to propose an FCM for innovation 

evaluation using innovation types, innovative activities, resources and external contexts, such as 

the macro variables of the organizational environment that influence internal competence 

development, based on the Oslo Handbook. The model developed achieved an accuracy of 80% 

for Colombian cases and 92% for global cases for evaluating the innovation levels in the 

organizations. 

The FCM allowed modeling this problem using highly flexible classification patterns. Therefore, 

the obtained FCM is very useful in evaluating the innovation of firms. The study found that the 

most influential factor is innovative activities. Innovative activities facilitate the development of 

innovations necessary for the proper functioning of the company. Their lack leads to the fact that 

organizations waste time, slow down processes, and do not pay attention to market changes. 

Thus, the model developed allows assessing the impact of innovation activities and other factors 

in innovation evaluation. 

For future work, it is important to automate the definition of the relationships between the 

concepts of the context and of our FCM. Also, in the event that a concept does not exist in the 

FCM but there is data, it is important to add new concepts and verify if the behavior of the FCM 

improves or gets worse. It is also possible to improve the behavior of the FCM by analyzing the 

variables with a greater impact on the level of innovation and very dynamic in the context since 

they are the variables to be observed in real-time to follow the evolution of the innovative 

behavior of an organization. Finally, a future work must define concrete measures to improve 

innovation and enhance a culture of innovation within an organization based on the causal 

relationships determined by our FCM.  
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