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 Online communities are a real medium for human experiences sharing. They 

contain rich knowledge of lived situations and experiences that can be used 

to support decision-making process and problem-solving. This work presents 

an approach for extracting, representing, and evaluating components of 

problem-solving knowledge shared in online communities. Few studies have 

tackled the issue of knowledge extraction and its usefulness evaluation in 

online communities. In this study, we propose a new approach to detect and 

evaluate best solutions to problems discussed by members of online 

communities. Our approach is based on knowledge graph technology and 

graphs theory enabling the representation of knowledge shared by the 

community and facilitating its reuse. Our process of problem-solving 

knowledge extraction in online communities (PSKEOC) consists of three 

phases: problems and solutions detection and classification, knowledge 

graph constitution and finally best solutions evaluation. The experimental 

results are compared to the World Health Organization (WHO) model 

chapter about Infant and young child feeding and show that our approach 

succeed to extract and reveal important problem-solving knowledge 

contained in online community’s conversations. Our proposed approach 

leads to the construction of an experiential knowledge graph as a 

representation of the constructed knowledge base in the community studied 

in this paper. 
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1. INTRODUCTION  

Online communities have become one of the principal sources of practical knowledge among users 

seeking for problem solving knowledge in the web [1]–[3]. Those communities are a gathering of members 

discussing and solving common interest problems and issues in different domains. This makes online 

communities room for the creation and gathering of special type of knowledge called problem solving 

knowledge. Indeed some researchers argue that online social interactions in online communities facilitate 

learning, expertise sharing, problem solving and innovation [4]. Many authors have defined problem solving 

knowledge as a way of knowing and understanding through direct engagement and being in the situation [5] 

[6] and as a truth learned from personal experience with a phenomenon [7]. Problem solving is a primary 

vehicle for better understanding of our environment, learning, and discovery of new opportunities [8]. This 

https://creativecommons.org/licenses/by-sa/4.0/
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type of knowledge is what distinguishes online communities as they contain discussions of users solving 

problems of other members through mutual efforts and the presence and testimony of persons who have 

solved similar problems [7]. The process of solving issues through online discussions leads to the 

accumulation of big amounts of valuable knowledge in the online community. Users need to seek, reuse and 

exploit this problem-solving knowledge to benefit from it in different contexts. In [9], Tanis focused on 

information seeking in online health communities and found that there are several reasons behind seeking 

information in online communities as to look for emotional support, inclusion, support others or pass time. 

According to [10], seeking information from peers in online health communities is a new way of pursuing 

health by banding together and sharing knowledge. Despite all those information seeking needs, actual 

platforms are limited in terms of extracting knowledge from the online communities. According to [11], 

existing methods for knowledge and information seeking in online communities lack of relevance and 

reliability as they are based only on full-text search or topics search which the process is shown in Figure 1. 

This is due to the limited matching terms in the query to the indexed post without consideration for the 

context introduced by these terms [11]. 

 

 

 
 

Figure 1. Existing methods of information retrieval from OSGs [11] 

 

 

The full-text search does not enable seekers to rapidly get the answer for their questions or even to 

evaluate the usefulness and accuracy of the results. It only returns raw textual data as a result and push the 

seeker to spend more time and effort to look for the right answer to his question among all the online 

community conversations. Information usefulness as a topic is addressed in the literature from different 

perspectives. Generally, most studies discussed information usefulness in the context of business intelligence 

[12] and more specifically in business internet services [13]. Evaluating information usefulness shared in 

online communities is a critical issue specially in this area of big data and knowledge sharing in social media. 

In [14], the author proposed an approach for classifying the usefulness of solutions shared in knowledge 

communities. In his method, the author used a text analytic framework to extract important features from 

online forums in order to evaluate the information usefulness. In another work, Daradkeh [12] examines the 

usefulness of user generated content with large amounts of redundant information in order to analyze the 

digital voice of users in online open innovation communities. Generally, used approaches for information 

usefulness evaluation are based on extracting many features from online discussions and classify the 

usefulness of either threads or posts [14]. Such features concerns for example relevancy, objectivity, 

timelessness an completeness of each post [12], [14]. Despite the critical need for evaluating information 

usefulness in online communities it is noticeable that few studies have tackled this issue. In our work, we 

propose a new approach for evaluating information usefulness based on knowledge graph technology. 

According to [15] a knowledge graph is a structured representation of facts, consisting of entities, 

relationships, and semantic descriptions. Knowledge graphs enable the representation of knowledge and 

reasoning inspired by human problem solving [16]. Knowledge graphs are generally used in many real-world 

applications such as recommendation systems and question answering tasks with the ability of commonsense 

understanding and reasoning [15]. In our case, we built a process for extracting and evaluating best solutions 

to problems in an online community using knowledge graph technology and more specifically link prediction 

method used for knowledge graph completion. The goal is to reveal hidden semantic links between entities 

enabling to evaluate them. To the best of our knowledge, our work is the first to propose such an approach 

for information usefulness evaluation. 
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Finding useful solutions proposed and discussed in online communities is the key goal behind our 

research. In our study context, we are interested on extracting useful solutions to issues discussed in an online 

health community about breastfeeding and to evaluate the best one according to the member’s experiences. 

According to [14] there is a strong motivation to identify useful solutions automatically in online 

communities to better serve users’ knowledge needs and bolster the success of these communities. The main 

goal of our study is to conceive a process capable of capturing, distilling and evaluating automatically 

problem-solving knowledge. We attempt to apply our process to an online community discussing 

breastfeeding issues. The main goal is to extract the problems encountered by new mothers and the proposed 

“working” solutions for each problem. The contribution this study is to demonstrate how a textual content 

analysis-based process and a graph analysis-based technique can be applied to textual online community’s 

conversations to extract problem-solving knowledge and to evaluate it. The scope of this article is limited to 

self-help-group concerning breastfeeding issues. The purpose is to build a knowledge graph to link problem’s 

type entities to solution’s type entities and then to infer solutions of each problem in the graph. Finally, we 

deduce the best solution for each problem. Existing studies about information usefulness evaluation are based 

on complexes and time-consuming computational methods that do not take into consideration graph theory 

techniques. Our approach provides simple and accurate method for evaluating best solutions to problems 

with measurable score. To the best of our knowledge, our study is the first to provide processes to evaluate 

breastfeeding problem-solving information shared in online communities.  

The reminder of this paper unfolds: we firstly present the main theoretical basis related to 

information and knowledge usefulness evaluation in online communities. We then introduce our proposed 

research method to extract and evaluate best solutions for specific issues related to breastfeeding from online 

community’s discussions. We then describe the experimental results and the discussions. Finally, we present 

the conclusion and future work. 

 

 

2. METHOD 

2.1.  Modelization of the problem-solving knowledge creation process in online communities 

Modeling the process of problem-solving knowledge creation (PSKC) in an online community 

facilitates its understanding for extraction and capitalization. As we are focusing on problem solving 

knowledge, it is important first to understand the process of the creation of such content. As online support 

groups offer an environment of connection, friendship, information sharing, and an increase in confidence 

among their members [17], members expose unresolved problems and seek for solutions from experienced 

members. This leads to the creation of problem-solving knowledge based on problem solving process which 

can be represented as shown in Figure 2.  

 

 

 
 

Figure 2. Modelization of the problem-solving knowledge creation (PSKC) process in online communities 

 

 

According to Figure 2, PSKC process can be created starting by the definition of its steps: stated 

problem by the user, proposed solutions by the community members and the asker feedback of the best 

solution. For example, a member asks a question to describe a specific encountered problem. The community 

members start proposing solutions which are based on personnel experiences or heard from others. The asker 

is then in front of one or many proposed solutions to be tested. At this level, the asker can test the solution 

and replay to the community by giving feedback of the best tested solution. In many cases and situations, the 

asker may not give his feedback about the best tested solution that worked for him. In this case, the process 

of knowledge creation will be composed basically of the first two steps: stated problem and proposed 

solutions. In order to constitute a representation of problem-solving knowledge in online communities, we 

propose in the next chapter the extraction process of problem-solving knowledge components in online 

communities (OC). 

 

2.2.  Problem-solving knowledge extraction (visualization and evaluation) in online communities 

Our goal is to automate the extraction of problem-solving knowledge. As shown in Figure 3, we 

conceived a process of problem-solving knowledge extraction composed of three phases: keywords problem 

Stated 
problem by 

the user

Proposed 
solutions by 

the 
community

Validated 
solution by 
the asker
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and solutions detection, keywords problem and solution mapping and finally best solution evaluation phase. 

Each step of this process will be detailed in the following sub-sections.  

 

 

 
 

Figure 3. The process of problem-solving knowledge extraction in online communities (PSKEOC) 

 

 

2.2.1. Keywords problem and solutions detection phase 

Keywords are technical terms agreed and understood by the community that describe special issues, 

situations or solutions given by the members. Those terms are used and mentioned in online discussions by 

the members. The goal behind this phase is to automate the extraction and the classification of keywords 

representing problems and solutions.  

a. Keyword’s extraction 

 The objective is to extract those technical terms from user-generated content in online discussions. 

Our approach for keywords extraction is based on the occurrence frequency of the candidate terms that may 

represent keywords. Those keywords may be unigram terms or noun phrases. Keywords should be 

semantically rich and encapsulate the maximum of information in order to be representative. A  

domain-independent automatic term recognizer (ATR) is used for this step. Automated term extraction or 

recognition (ATE) from textual documents is a sub-field in text mining. It can be used for different important 

purposes, for example as inputs in ontology learning [18]. ATE aims to identify terminological units in 

specific domain corpora [19]. Section 3 present the details of the conducted experiment. 

b. Keyword’s classification  

After keyword’s extraction step comes keyword’s classification. As our objective is the extraction of 

problem-solving knowledge composed of the stated problems and proposed solution, the extracted keywords 

are of two types: keywords describing encountered problems and keywords describing proposed solutions. 

Keyword’s classification step aims to classify the extracted keywords into these two categories. We choose to 

build a machine learning classifier to classify our keywords based on a supervised learning approach as 

detailed in section 3. 

 

2.2.2. Keywords problem and solution mapping phase 

In this phase, we aim to visualize all the extracted keywords in order to infer the relationship 

between them. The relation between a keywords of type “problem” and a keywords of type “solution” that 

we want to infer is: “is a solution for”. In the following, we describe our approach for keywords mapping 

phase.  

a. Unique identifier attribution (UIA) 

As shown in Figure 3, the first step of this phase is to assign to each post and comment created in the 

online community a unique identifier. This step will allow to our process the mapping of all the content 

shared in the online community and to detected the exact position (post or comment) where a keyword is 

mentioned in the online discussions. Figure 4 describe our UIA approach. In Figure 4, Pi represents a content 

of type “Post” whereas AjPi represents a content of type “Comment”. For each post Pi there is many 

comments AjPi assigned which means that for a published post, there are many comments assigned. 
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Figure 4. Unique identifier attribution to posts and answers of the online community 

 

 

b. Keywords co-occurrence detection  

 This step consists of assigning to each keyword all the positions (unique identifier UI) of posts or 

comments where it is cited in the online community discussions. The goal is to link keywords with the UI 

previously created. To this end we developed an algorithm as shown in the following code (algorithm 1: 

mentions creation). According to the algorithm, the idea is to fetch in all posts and answers in our database 

each keyword found in step “Keyword’s extraction” and then assign the cell address of the post or answer 

where it is found to the keyword. To do so, the algorithm is composed of three loops: the first one (line 1) 

browse every keyword to look if it is mentioned in posts (the second loop, line 2) and in answers (the third 

loop, line 3). If the first keyword is mentioned in a post or an answer (line 4) then the algorithm returns the 

cell address of the post or the answer (line 5). The algorithm generates a double column table where the first 

one represents all the keywords and the second one the UI (cell address) where each keyword was mentioned. 

 

Algorithm 1. Mentions creation 
For all keywords  

For all posts (Pi) in the first column 

For all answers (AjPi) from the second column to the last column  

    if a keyword “Ki” is mentioned in a Post “Pi” or in an answer “AjPi”0  

    Then return the cell address where the keyword "Ki" is found and assign it to the 

keyword "Ki" 

End if 

 

c. Keywords co-occurrence mapping 

Keyword’s co-occurrence mapping step consists of building a keyword’s graph to infer the relation 

between keywords of type problems with keywords of type solutions. The keyword’s graph we are willing to 

construct is described: i) G (V, E) is an undirected graph where V is the set of nodes and E the set of edges; 

ii) the set of nodes V is composed of two types of nodes: a set of keyword nodes {Ki} and the set of posts 

and comments nodes {AjPi}; and iii) E is the set of edges between nodes that represents the occurrence of a 

keyword in a specific content (post or comment). As illustrated in Figure 5, i) Kp is a keyword node of type P 

(Problem) mentioned in three answers: AiPi and AsPi and AnPi. So, Kp has edges with nodes of type AtPi 

related to the post Pi and ii) Ks is a keyword node of class S (solution) mentioned in three answers: AiPi and 

AsPi and AnPi. So, Ks has edges with nodes of type AtPi related to the post Pi. The resulted graph is presented 

in the result section.  

 

 

 
 

Figure 5. Illustration example of our keyword’s graph 

 

 

2.2.3. Best solution evaluation phase 

In the previous phase, we detected the problems discussed and solutions proposed by the online 

community. As cited previously, for each post describing a particular problem, many solutions may be 
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proposed by the community. We need then to recommend to the community users the best solution for each 

problem. In this last phase, we present our method for detecting and evaluating the best solution for each 

problem mapped in the graph. This phase is composed of link prediction and best solution evaluation steps. 

Each step is detailed bellow.  

d. Link prediction 

After mapping keywords co-occurrences through the construction of a graph of keywords and posts 

and comments, the present step consists of inferring the relationship between keywords. This type of relation 

is not represented directly in the graph. This relationship between keywords we are aiming to infer from the 

graph will enable to detect the solutions proposed for a specific problem discussed in the online community. 

This approach will help users and members to find relevant solutions to encountered problems related to the 

subject discussed by the community as shown in Figure 6. For link prediction between keywords nodes, we 

use common neighbor’s method from graph theory.  

 

 

  
 

Figure 6. Illustration example of keyword’s graph, dashed red line depicts possible link between  

keyword’s nodes 

 

 

Considering an undirected simple network G (V, E), where V is the set of nodes and E is the set of 

links. For a pair of nodes x, y∈V, let Γ(x) denote the set of neighbors of x. According to common neighbors 

theory [20], [21], in common sense, two nodes, x and y, are more likely to have a link if they have many 

common neighbors. The simplest measure of this neighborhood overlap is the directed count, namely:  

 

CN(x, y) = |Γ(x) ∩ Γ(y)|  (1) 

 

In Figure 6, nodes Kp and Ks has many common neighbors which are AjPi, AsPi and AnPi, then 

according to link prediction approach based on common neighbors, there is an inferred link between Ks and 

Kp. The inferred link between the two nodes of different type namely “solution” and “problem” indicate that 

the keyword Ks is a solution for keyword Kp. Concretely speaking, if many members recommend the same 

solution many times (keyword node Ks) for the same problem (keyword node Kp) in a community, then 

necessary that solution is working. Our approach supports the fact that if the same problem keyword has 

many common neighbors with the same solution keyword, then it is highly the right solution for that 

problem. Now, as many solutions might be recommended for the same problem in the community, one may 

ask which is the best and working one? In the next sub-section, we present an approach for solutions 

evaluation based on a confidence score.  

e. Best solution evaluation  

In order to rank the best solutions proposed by the online community to a given problem, we 

propose to process a score for each pair of nodes of different type (problem/solution) based on common 

neighbors’ theory. We say that the keyword Ks is a solution to keyword Kp to a certain degree of confidence 

called confidence degree (Cd). We propose (1) to calculate the confidence degree of Ks being a solution to 

Kp: 
 

Cd ((Ks|Kp)) =
CN(Ks,Kp)

D(Kp)
 (2) 

 

where: Cd ((Ks|Kp)) the confidence degree of Ks being a solution for Kp, with Kp is a keyword node of type 

problem and Ks a keyword node of type solution; CN(Ks, Kp) is the number of common neighbors between 

nodes Ks and Kp (1); D(Kp) is the degree of node Kp meaning the number of all connections Kp has with all 
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nodes in the graph. In the case where a node of type problem Kp is not linked to any common nodes with a 

node of type solution Ks, then Cd=0. In the following section we expose the conducted experiment and test of 

our approach. 

 

 

3. RESULTS AND DISCUSSION 

In this section, we study the effectiveness of our proposed approach on a real online community 

forum of breastfeeding mothers. The goal behind this section is to test if our method succeeded at extraction 

valuable knowledge from raw instructed forum text. For this purpose, we compare the obtained results with 

the World Health Organization Publication about breastfeeding knowledge. 

 

3.1.  Dataset 

Data was extracted from an online discussion’s forum about breastfeeding publicly available using 

Octoparse tool. Octoparse is a powerful web scraping tool that can help extracting open data from almost all 

the websites and turn it to a well-structured file [22], [23]. In our case, we used Octoparse software to extract 

all posts and comments created in the online forum until the date of the data collection. The tool generated a 

cell surface vimentin (CSV) file containing two types of columns about online discussions: posts and answers 

(each column contains a comment to a specific post). In the generated CSV file, each line represents a post. 

As mentioned previously, the constituted dataset contains posts and answers generated by mothers sharing 

their problems and issues about breastfeeding. The generated CSV file contains 2,557 posts and  

20,456 answers. All the data’s characteristics are detailed in Table 1. In the following we give results about 

the conducted experiment. 

 

 

Table 1. Dataset characteristics 
Characteristic Description 

Text Language English 
Type of text User-generated text in an online forum community 

Number of posts 2,557 posts 

Number of answers 20,456 answers 

 

 

3.2.  Results 

3.2.1. Keywords problem and solutions extraction 

After constructing our dataset composed of posts and their related answers, we start the keyword 

extraction step. Our goal is to extract meaningful keywords characterizing each problem and its solutions. In 

our context, we choose TerMine [24], a multi-word automatic term recognizer (ATR) that annotates the input 

text with candidate multiword terms recognized by the C-value method and acronyms. C-value is a  

domain-independent method for multiword ATR which aims to improve the extraction of nested terms as 

detailed in [24]. Nested terms are those that appear within other longer terms, and may or may not appear by 

themselves in the corpus [24]. This method takes as input a corpus and produces a list of candidates  

multi-word terms. The C-value approach combines linguistic and statistical information. The linguistic 

information consists of the part-of speech tagging of the corpus, the linguistic filter constraining the type of 

terms extracted, and the stop-list [24]. The part-of-speech tagger used for our dataset is the TreeTagger [25]. 

The statistical information consists of measuring the above characteristics: the total frequency of occurrence 

of the candidate string in the corpus, the frequency of the candidate string as part of other longer candidate 

terms, the number of these longer candidate terms and the length of the candidate string (in number of 

words). The resulting keywords database is composed of 69 keywords extracted from posts (questions) and 

135 keywords extracted from answers as presented in Table 2. 

 

 

Table 2. Keyword’s extraction results 
 Post’s/question’s text Answer’s text 

Number of extracted keywords 69 135 

 

 

The extracted keywords are bigram composed of two terms. Bi-gram keywords play a very 

important role in our knowledge extraction process because they allow us to capture more meaning and 

semantics than uni-gram terms. In order to obtain meaningful results, we decide to filter the extracted 

keywords and only keep those who’s scores are greater than or equal to 2 [26]. The following step in our 
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approach concerns keywords classification. To this end, we conceived an implementation process based on 

machine learning classifiers presented in Figure 7 using Weka [27], an open-source machine learning 

software. 

The first step of the process is about the dataset constitution. Our task consists of classifying 

keywords into two categories as mentioned previously. As we adopt a supervised machine learning approach, 

our test dataset of keywords should be annotated. The annotation process consisting of manually labelling the 

test data set with right classes was done by a breastfeeding experimented mother who manually classified the 

keywords according to solutions or problems. The second step consist of applying a StringToWordVector 

filter to convert text attributes into numerical attributes representing word occurrences.  

 

 

 
 

Figure 7. Keywords classification process 

 

 

The final step consists of applying the machine learning algorithms to train the classifiers. In our 

case we choose to apply and compare three machine learning classifiers: support vector machine (SVM) 

algorithm, multilayer perceptron (MLP) algorithm and DL4jMlp deep learning algorithm in WEKA platform. 

The results of this step are detailed in subsection 3.3.1. The performance of the applied classifiers was 

estimated based on a k-fold cross-validation. In our case, we tried many values for k and choose the value 10 

because it generated the best result. 

 

3.2.2. Keyword mapping, graph construction, and solution evaluation 

 After assigning a unique identifier (UI) to each post and comment in our dataset, we run the 

algorithm 1 presented in sub-section 2.2.2. The result is an excel file that we imported in Gephi [28], an open 

software for graph visualization. The resulted graph contains nodes representing keywords, posts and 

answers and edges representing mentions of co-occurrences. Figure 8 shows part of our resulted knowledge 

graph. The next and final step of the graph construction process aims to answer the following question: given 

a problem, what is, according to the community the solution for it? Best solution evaluation step is performed 

after applying (2) to each keyword pairs (problem/solution) in the generated graph. In order to give example 

of some results generated by the knowledge graph, we apply (2) to some keywords represented in the 

constructed graph as shown in Figure 8. The result is shown in Table 3. 

As exposed in Table 3, the problem “clogged duct” has three possible solutions according to the 

community: “warm compress”, “hot shower” and “hot water”. This means that a breastfeeding mother may 

suffer from clogged duct which is an area of the breast where milk is blocked. According to the community 

shared experiences, this issue can be resolved by taking a hot shower or by putting a warm compress on the 

blocked area of the breast. To decide which of the solutions is effective, we applied our proposed confidence 

degree measure in (2). According to Table 3, “hot shower” is more likely to be a good solution for clogged 

duct issue with a confidence degree of 22.7% compared to “warm compress” where its confidence degree is 

4.5%. In the same Table 3, solutions “nipple cream” and “Lactation consultant” are proposed by the 

community to the problem tongue tie. Tongue tie can cause serious nipple pain for the mother. According to 

calculated Cd, the best solution for this issue is to consult a lactation consultant which the Cd is 27.2%. For 

the problem “Nipple confusion” the only given solution by the community members is to use “Nipple Shield” 

which is a flexible silicone nipple that is worn over the mom’s nipple during a feeding. In the next  

sub-section, we present the evaluation method to assess the effectiveness of our approach in extracting and 

evaluating solutions to problems discussed in online communities about breastfeeding. 

 

3.3. Evaluation and discussion 

In order to evaluate our process of problem-solving knowledge extraction in online communities 

(PSKEOC) applied to breastfeeding knowledge, we choose to compare the obtained results with the Infant 

and young child feeding: model chapter [29] by the World Health Organization (WHO). It describes essential 

knowledge and basic skills that every health professional who works with new mothers and young children 

health care should master [29]. Most importantly, it contains in his 7th session details and solutions about how 

to manage breastfeeding difficulties. Our evaluation process aims to compare solutions to problems provided 

by this chapter to those extracted by our system and test the credibility of the obtained results. Our evaluation 
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process is composed of two parts: the first one concerns evaluating the extraction and classification step and 

the second concerns evaluating the attribution of correct solutions to extracted problems. 

 

 

 
 

Figure 8. Problem solving knowledge graph 

 

 

Table 3. Comparison of confidence degree value between solutions according to  

the obtained graph in Figure 8 
Keywords of type Problem Common neighbor nodes of 

type keywords (Solutions) 
Cd*100 (confidence 

score*100) 
Best deduced solution 

(with higher Cd) 
“Clogged duct” “Warm compress” =1/22*100=4,5% “Hot Shower” 

“Hot Shower” =5/22*100 

=22.7% 
“Hot water” =1/22*100 

=4.5% 
“Tongue tie” “Nipple cream” =2/11*100 

=18.2% 
“Lactation consultant” 

“Lactation consultant” =3/11*100 

=27.2% 
“Nipple confusion” 

“Nipple shield” 
=3/18*100 

=16.6% 
“Nipple shield” 

 



Int J Elec & Comp Eng  ISSN: 2088-8708  

 

Knowledge graph-based method for solutions detection and evaluation in an online … (Houda Sekkal) 

6359 

3.3.1. Evaluation of keywords problem and solutions extraction and classification 

To evaluate our classification task, we use three metrics: precision, recall and F-measure. Precision 

measures the percentage of items that the system detected as in fact positive (according to human labels). 

Recall measures the percentage of items (posts) present in the input that were correctly identified by the 

system. F-measure incorporates aspects of both precision and recall [30]. As detailed in as detailed in  

sub-section 3.2.1, we trained three machine learning classifiers which are: SVM, MLP and deep learning-

based classifier. The results are presented in Tables 4 to 6 which expose the tree evaluation metrics of the 

classifiers for each category. 

 

 

Table 4. Classification evaluation metrics using  

SVM classifier 
 Precision Recall F-measure 

Category “Problem” 0.745 0.897 0.814 
Category “Solution” 0.877 0.704 0.781 

 

Table 5. Classification evaluation metrics  

using MLP 
 Precision Recall F-measure 

Category “Problem” 0.762 0.821 0.790 
Category “Solution” 0.813 0.753 0.782 

 

 

 

Table 6. Classification evaluation metrics using deep learning classifier 
 Precision Recall F-measure 

Category “Problem” 0.750 0.808 0.778 
Category “Solution” 0.800 0.741 0.769 

 

 

To compare the three classifiers’ results, we processed the weighted average of each classifier as 

presented in Figure 9. According to Figure 9, SVM achieved the best results with 79.874% of correctly 

classified instances. This means that SVM classifier can reach good results when it comes to classify natural 

language text related to breastfeeding difficulties. 

 

 

 
 

Figure 9. Evaluation metrics weighted average of the three classifiers 

 

 

3.3.2. Evaluation of best solution evaluation phase  

Table 7 presents an overview of the difficulties mentioned in the WHO reports about breastfeeding 

with the proposed solutions for managing them. Table 7 presents also extracted problems by our system with 

their extracted solutions as well. The goal behind this table is to compare both difficulties and solutions to 

conclude if our system succeeded in extracting solutions to each breastfeeding problem. 

According to the Table 7, there are many difficulties extracted by our system that are discussed in 

the WHO chapter. For instance, our system succeeds to extract keyword difficulties like: irritated nipples, 

clogged duct, breast abscess, and slow flow. However, the same difficulties are not managed the same way in 

the community as by the WHO chapter. For example, according to the WHO model chapter, the issue “large 

nipples” should be resolved by “expressing breast milk” or by “taking a different position for breastfeeding”. 

However, with the same issue, the online community recommend to apply a “nipple shield” to breastfeed the 

baby as shown in Table 7. Additionally, there are some breastfeeding difficulties discussed in the community 

that are not in the WHO Chapter like “growth spurt” issue.  
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Breastfeeding is a domain where new mothers are highly concerned as they need a lot of support in 

order to succeed breastfeeding their babies. Lacking of support while breastfeeding is considered as a serious 

problem that can interrupt breastfeeding. We believe that our process can help mothers and breastfeeding 

professionals as well. The obtained knowledge graph can be considered as a real knowledge base for the 

community as it can help both professionals and members of the online community to understand 

encountered problems and find most working solutions to specific issues related to breastfeeding domain. 

Our approach can also be helpful in the decision-making process as it provides a confidence score that 

characterizes the confidence degree of each possible solution based on lived experiential knowledge of 

members. 

 

 

Table 7. comparison between difficulties and solutions mentioned in the WHO report and  

our PSKEOC process 
Some difficulties 

mentioned in the WHO 
report 

Proposed solutions by the WHO report Some problem 

keywords extracted by 
our PSKEOC process 

Proposed solutions to 

problems extracted by our 
PSKEOC process 

Full breasts Breastfeed the baby frequently to remove 

the milk 
Huge breasts - 

Breast engorgement remove the breast milk or remove the 

breast milk 
- - 

Blocked duct: localized 
lump in one breast 

− Feed from the affected breast frequently 

and gently massage the breast over the 

lump while her baby is suckling. 

− Apply warm com-presses, and to vary 

the position of the baby. 

− Gentle massage over the lump 

Clogged duct − Hot Shower 

− Hot compress 

  

Mastitis − Improve the removal of milk. 

− Apply warm compresses 

− Vary the position of the baby 

Milk blister Lactation nurse 

Breast abscess − Penicillinase-resistant antibiotics  

− Express milk 

Breast abscess - 

Sore or fissured nipple − Improve baby’s position and 

attachment. 

Irritated nipple Coconut oil 

Mastitis, abscess and nipple 

fissure in an HIV- infected 

woman 

− Avoid breastfeeding on the affected side 

− Remove the milk from the affected 

breast by expression 

− Give antibiotics for 10–14 days 

  

− Candida infection (thrush) 

in mother and baby 

− White spots inside the 

cheeks or over the tongue 

− Gentian violet or nystatin Supply issue − Pump session 

− Lactation consultant 

− Milk tea 

− Brewers yeast  

Inverted, flat, large and 

long nipples 
− The mother takes a different position 

for breastfeeding. 

− Express breast milk and feed it by cup 

Flat nipple Nipple shield 

- - Growth spurt − Hot shower 

− Licithine capsule 

− Birth control pill 

− Lactation consultant  

− Warm compress 

− Football hold and 

− Ice Pack. 

 

 

4. CONCLUSION 

Extracting, evaluating and facilitating the reuse of knowledge encapsulated in user generated content 

is an important and challenging task. Online communities are a medium for sharing knowledge components 

between users through asking and answering questions and resolving problems. Our work proposes an 

approach for solutions extracting and evaluation in an online community of breastfeeding mothers. Few 

studies have tacked this important question of capitalizing shared knowledge in online communities. Our 

presented method is based on knowledge graphs technology and graph theory approaches which enable 

representing extracted knowledge and reasoning on it. We developed a process for problem-solving 

knowledge extraction in online communities (PSKEOC) composed of three steps. The first one enables the 

extraction and classification of knowledge components from the online community conversations based on 

machines learning algorithms. The second step concerns the representation of knowledge components in a 

knowledge graph. The third step aims to evaluate and return best solutions to problems discussed in the 
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community using link prediction method. In order to evaluate the obtained results, we compared them to the 

WHO chapter on managing breastfeeding issues. The results show that our approach succeeded at extracting 

breastfeeding difficulties and their right evaluated solutions. Our process even extracted some difficulties that 

are not discussed in the WHO report but shared by the online community members with their corresponding 

solutions. The resulted knowledge graph about breastfeeding difficulties management can be considered as a 

real way for improving problem solving process in online communities and capitalizing its results. We aim in 

our future work to apply our process to many other datasets in different domain in order to evaluate the 

performance of our process in extracting problem solving-knowledge components in online communities. We 

aim also to enrich the obtained knowledge graph with more semantics in order to maximize the knowledge 

extraction, representation and capitalization.  
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