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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 are 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. 
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1. Introduction 

Data analysis from different sources can be useful in defining 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. 
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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 it provides 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 instantiation 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). In addition, 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 instanced 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 instantiation 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 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, Natural Language Processing (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 

1. 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 

2. Carry out a pattern analysis using clustering 
approaches 

3. 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 

PCCS system: date 

Satisfaction Survey: 
date 



day of the 
Twitter 

Task 5. 

Where 

5.Clustering analysis 
based  
on localization 

5.a Clustering analysis 
based  on unity 
 
5.b Clustering analysis 
based  on origin 

Identify the unit 
responsible for 

solving the PCCS 
request or the 
place where 

answering the 
survey 

Localization PCCS system: 
Responsible_unity 

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 system 

Compound PCCS: response 
times (1-40 days) 

6.b Clustering analysis 
based  on satisfaction 
rating 

Identify the bad 
level of 

satisfaction 

Satisfaction Rating: 
The level of 
satisfaction 

6.c Clustering analysis 
based  on recommended 
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 macro-algorithm 

The cycle performs an iterative process to analyze data, identify innovation problems, and generate 
structured statements about these problems. A summary of the data processing techniques and 
algorithms employed in the autonomous cycle is presented below. First of all, an integration of multiple 
data sources was performed, combining data from social networks, surveys, and PCCS systems [17][19]. 
Therefore, firstly, a standardization of the information was performed, which was the process of 
converting data from different sources into a common and consistent format to facilitate analysis and 
comparison [37]. Secondly, for the data preprocessing process, a cleaning and transformation of raw data 
into a format suitable for further analysis was performed [36]. Next, tasks such as tokenization, stopword 



removal, special character cleaning, and lemmatization were performed. Also, relevant features (e.g., 
date, time, location) were extracted. 

Regarding the techniques used in the tasks, for sentiment analysis [2][12][33], the vaderSentiment library 

was used to determine polarity and sarcasm. To do this, the keywords in the texts were determined using 

the TF-IDF metric on the verbs and nouns present in them [2], in such a way that the texts could be 

classified as positive, negative, neutral or compound [34]. For clustering, the K-means algorithm and the 

silhouette metric were used to determine the optimal number of clusters [2][33]. In particular, various 

clusterings were made based on different criteria (users, dates, locations, etc.) to identify patterns and 

trends in the data. Finally, for the generation of problem statements, predefined templates were used as 

rules to follow. Each task of the adapted ACODAT is described in detail 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). 

 

 

 

 

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 
 



 

 

 

 

 

 

 

 

 

 

 

 

 

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, 

keywords are determined using the TF-IDF metric [2].  

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.     

 

 

 

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 

 



 

 

 

 

 

 

 

 

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 fits 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 

 
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'. 

 

 

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 
 



 
 

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 
 

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). 

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 
 
 



 

 

 

 

 
 
 
 

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. The survey is based on questions about satisfaction with 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 instantiation 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 

from 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  

The study focuses solely on OFFCORSS, a Colombian fashion company, since the data comes exclusively 

from this company's sources (surveys, PCCS system, Twitter), which allowed a deep and detailed analysis 

of the specific company, providing a concrete scenario to implement the ACODAT autonomic cycle in a 

real context. Thus, the results were interpreted taking into account the specific context of OFFCORSS. The 

specific findings may not be directly applicable to other companies in the fashion industry, different 

brands may have different customer profiles, market strategies and specific challenges, so caution should 

be exercised when extrapolating the findings to other companies without additional validation. However, 

it is important to note that the study serves as a basis for broader future research involving multiple 

companies in the industry where comparative studies could be conducted to validate the applicability of 

the method in different contexts. 

 

5.2 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 networks have 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 was 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 on 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. 

 

5.3 Discussion of the results 

This section presents the results for each data source (social network, PCCS system, and surveys). 

5.3.1 Results for cluster 2 of social networks. 

Task. Results 

1. What The worst answer, happened, robbery, say. 

2. Who Clothing customers and one internal user 

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

4. Where The publications are from Tunja, Medellin, and Bogotá.  

5. 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.  

5.3.2 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. 

 

 

 

 



5.3.3 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 al. [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 fulfills 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 

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.  

 



Now well, the implementation of our approach may have several roadblocks. A possible roadblock is the 

variability in data formats across different sources, which complicates their integration and joint analysis. 

integrating data from corporate systems, such as PCCS, with data from social networks can present 

technical difficulties. This integration often requires substantial technological resources, and personnel 

with specialized expertise in data analysis and machine learning. In turn, the quality of data from social 

networks can be inconsistent, with potential issues such as noise, and spam, among others. Moreover, 

the collection and use of customer data, particularly from social networks, encounter both legal and 

ethical challenges concerning data privacy. Finally, there are also significant technical and logistical 

challenges associated with handling large volumes of data in real time. 

 

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. 

Also, another limitation of the work is that the specific findings are based on OFFCORSS, but the insights 

gained from this study are valuable for understanding the application of the ACODAT autonomic cycle and 

are informative for other companies. Particularly, the unique context of OFFCORSS served as a practical 



example, but the methodology and specification of data analysis tasks are valid for any application 

context. Thus, the findings provide a basis for further research. For example, future studies involving 

multiple companies across different contexts could validate and refine the applicability of the ACODAT 

autonomic cycle, extending its relevance beyond the initial case. 

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. 

Finally, social media data may not be fully representative of the entire client base, as it only reflects the 

opinions of active users on these platforms. Clients with limited or no internet access, such as the elderly 

or low-income groups, may be excluded from the analysis based on social media data. Additionally, some 

social networks are more popular among specific demographic groups (e.g., youth), which may skew the 

results, leading to over- or under-representation of certain segments. Also, PCCS systems tend to capture 

primarily the opinions of customers who have experienced problems or complaints, which can result in a 

biased perspective that emphasizes negative feedback and omits positive or neutral experiences. 

Satisfaction surveys may also exhibit self-selection bias, where only certain types of customers are likely 

to respond. Furthermore, extreme opinions—whether very positive or very negative—are often 

overrepresented in social networks and complaint systems. Fluctuations in activity levels on these 

platforms can also lead to uneven representation over time. To address these issues, future work should 

diversify data sources by incorporating traditional surveys, focus groups, and in-depth interviews. 

Implementing stratified sampling techniques will help ensure the representation of diverse demographic 

groups, while weighting methods can adjust for data representativeness. Additionally, cross-validation 

with other market and industry data sources will enhance the robustness of the findings. In conclusion, 

future work should analyze different strategies to manage biases. 

 

List of abbreviations 

PCCS: petitions, complaints, claims, suggestions 

ACODAT: autonomous cycle of data analysis tasks 

MSME: Micro, small and medium-sized enterprise 

SAHDS: Sarcastic Analysis from Hybrid Data Sources 

NLP: Natural Language Processing 

TF-IDF: Term frequency – Inverse document frequency 
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