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 Stack Overflow serves as a widely-used, community-driven platform where 

developers seek assistance with programming-related issues. While the platform 

allows users to post questions and receive multiple answers, a significant portion 

of these questions do not culminate in an accepted solution. This lack of a clearly 

identified best answer often results in confusion for both the original poster and 

future visitors, as well as increased time spent navigating through numerous 

responses. To address this challenge, we present a method for automatically 

identifying the most promising answer among unaccepted ones. Our approach 

involves the application of text mining techniques to extract 13 informative features 

from a large dataset comprising 15,464 questions, 37,275 answers, and 72,025 

comments. These features capture various textual, structural, and user-related 

aspects of the posts. The extracted data are then used to train machine learning 

models aimed at predicting the answer most likely to be accepted. The study 

focuses solely on English-language content available on Stack Overflow. The 

proposed method demonstrates promising performance, achieving an overall 

accuracy of 71% and an F1 score of 70%. These results suggest that automated 

answer recommendation can significantly enhance the user experience by reducing 

ambiguity and improving the efficiency of information retrieval on Q&A 

platforms. 
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1. INTRODUCTION 

Q&A forums serve as platforms for users to exchange knowledge and swiftly resolve software-related issues. 

These platforms typically consist of three fundamental components: users, questions, and answers. Additional 

features such as answer scoring, tagging, question categorization, and user credibility are often incorporated to 

enhance functionality [1]. 

Stack Overflow has transformed from a basic Q&A site into a vast social community where individuals of varying 

expertise levels collaborate to address programming challenges [2]. It has profoundly influenced how programmers 

learn, communicate, and collectively develop content repositories for future reference [3-5]. Due to its extensive 
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use, it has become an integral part of the software development ecosystem, with developers increasingly relying on 

it for their daily programming needs. Moreover, users on other platforms, such as mailing lists and GitHub, actively 

encourage participants to refer to Stack Overflow posts for solutions [6]. 

The site's growing significance can be attributed to four key factors: 

• Users can find multiple high-quality answers to questions on nearly every programming language, tool, 

framework, and software [7]. 

• If the desired information is not available, users can create a post themselves and receive answers 

promptly [8]. 

• Virtual rewards, such as reputation points and badges, incentivize users to contribute more [9]. 

• The rich interface enables users to display their expertise to potential recruiters [10]. 

These elements contribute to the site's transparency. Each user has a dedicated profile page that aggregates their 

contributions and achievements on the site. 

When a user poses a question, all users, including the questioner, can submit answers. If an answer precisely 

addresses the questioner's issue, they can approve it by marking it as the accepted answer. Each accepted answer 

indicates that it directly resolved the questioner's problem, thereby assisting others with similar issues in finding 

solutions more efficiently. Some questions receive multiple proposed answers but lack an accepted answer [11]. In 

these cases, the questioner may not have found a satisfactory solution among the answers. Alternatively, the 

questioner might have forgotten to mark an answer as the accepted one or may not know how to do so. This situation 

can lead others with similar questions to lose trust in the existing answers and spend more time searching for a 

solution. Therefore, predicting the accepted answer can help resolve these issues and assist the questioner in 

identifying the best response to their query. Stack Overflow itself can also use this approach to suggest the most 

appropriate answer to viewers. Additionally, any automatic question-answering system [12] can utilize this method 

to enhance its effectiveness. 

2. CONTRIBUTION 

In this study, we introduce a method for identifying and predicting potential accepted answers on Stack Overflow 

by employing machine learning models and text-mining techniques. Our approach utilizes 13 features, a reduction 

from the 52 features used in state-of-the-art methods [13]. This simplification enhances processing speed and reduces 

computational costs without compromising performance. 

The features are derived from basic text mining techniques applied to the English texts of questions, answers, and 

their associated comments on Stack Overflow. Among these features, we include sentiment analysis of user 

responses. These extracted features are then input into machine learning models for analysis. 

By focusing on a streamlined set of features, our approach aims to efficiently predict potential accepted answers, 

thereby improving the user experience on Stack Overflow. 

3. RELATED WORK 

Researchers have increasingly leveraged text analysis and machine learning to enhance the quality and utility of 

question-and-answer (Q&A) platforms and online reviews. Yazdaninia, Mohamad, David Lo, and Ashkan Sami 

explored the dynamics of questions lacking accepted answers on such platforms. Their study focused on analyzing 

question characteristics to predict the likelihood of receiving an accepted response. The core objective of their work 

was to empower questioners to refine their inquiries, thereby increasing the probability of obtaining high-quality 

answers. They proposed that adjustments—such as phrasing questions more clearly, enhancing readability, or 

selecting relevant tags—could significantly improve outcomes. To support this, they developed an innovative online 

tool designed to evaluate questions and recommend specific enhancements, offering a practical solution for users 

aiming to optimize their queries. 

In a complementary investigation, Diyanati, Ahmad, et al. ([14]) examined user expertise on Stack Overflow, 

introducing a novel approach termed "comment mining." This method assesses an individual’s expertise by assigning 
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scores based on the presence of positive and negative terms within comments on their questions and answers. A 

cumulative score is then calculated to reflect the user’s proficiency. The findings indicate that this technique 

effectively gauges expertise to a satisfactory degree, providing valuable insights for selecting features that better 

represent user competence. This approach underscores the potential of sentiment-driven analysis in evaluating online 

contributions. 

Similarly, Naghashzadeh, Mahshid, et al. ([11]) confirmed the prevalence of unanswered questions in Q&A 

forums, with a specific focus on MATLAB-related platforms. Their analysis revealed a notably high proportion of 

questions without accepted answers, particularly in Simulink and the three most widely used MATLAB toolboxes: 

image processing, signal processing, and computer vision. This high rate of unresolved queries highlights a critical 

challenge in technical forums and emphasizes the need for strategies to improve question quality and response rates. 

In a different domain, Pan and Zhang ([15]) investigated how the comprehensiveness of online reviews influences 

their perceived helpfulness among customers. They measured comprehensiveness by counting the product attributes 

mentioned in reviews and analyzed its interplay with review valence (positive or negative sentiment). Employing a 

word-level bigram analysis, they extracted attributes from review texts and assessed their impact on helpfulness 

votes. Their results suggest that reviews discussing a greater number of attributes tend to garner more helpfulness 

votes, with this effect being amplified in negative reviews. This finding points to the moderating role of valence, 

where detailed critiques appear to resonate more strongly with readers seeking informative feedback. 

Expanding the application of text analysis, Garner, Benjamin, et al. ([15]) utilized sentiment analysis to explore 

tourists’ comments, shedding light on how memorable travel experiences are formed. Their study demonstrated the 

power of machine learning, specifically text mining, in uncovering insights related to consumer happiness and well-

being. By analyzing sentiment in travel-related feedback, they illustrated how positive and negative emotions shape 

perceptions of memorable experiences, offering a deeper understanding of customer satisfaction in tourism. 

Collectively, these studies underscore the transformative role of machine learning and text mining in dissecting 

user-generated content. Whether enhancing Q&A interactions or decoding consumer sentiments in reviews, these 

methodologies provide robust tools for improving platform functionality and user experience. The integration of 

such techniques not only refines the analysis of comments and reviews but also informs strategies to elevate 

engagement and satisfaction across diverse online contexts. 

4. DATA PREPROCESSING 

The dataset utilized in this study is a subset of the one employed in [13], albeit with a reduced sample size. It 

comprises 15,464 questions, 37,275 answers, and 72,025 comments. Initially, the raw data included numerous non-

English characters, necessitating a preprocessing step to eliminate these elements and ensure analytical consistency. 

Following this, stopwords—frequently occurring words such as “a,” “the,” “is,” and “are”—were removed. These 

terms, which typically offer minimal informational value, were excluded manually to prevent the unintended deletion 

of specific terms critical to our feature set. The nature of these preserved “special words” will be elaborated upon in 

the subsequent feature extraction section. Finally, all remaining non-English words, such as proper names, were also 

filtered out to refine the dataset further. 

5. FEATURE EXTRACTION 

Text mining techniques were employed to extract features for classifying answers, with each feature derived 

exclusively from questions and comments directly associated with a specific answer. A total of 13 features were 

extracted from the textual data, and their inclusion in our analysis is justified by their relevance to predicting accepted 

answers. These features, along with the rationale for their selection, are detailed below. 

1. Number of Answers: This feature quantifies the total answers provided to a question. When a question 

receives only a single answer, that response is highly likely to be the accepted one, making this a critical 

predictor in our model. 
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2.  Word Count Metrics: The next trio of features measures the word count in related questions, answers, 

and comments. The underlying assumption is that lengthier text increases the likelihood of an answer being 

accepted. For instance, a detailed question might elicit a comprehensive response, or an accepted answer 

could attract extended commentary as users elaborate on its correctness, thereby elevating its perceived 

value. 

5. Number of Comments: This feature captures the count of comments linked to an answer, distinct from the 

word count of those comments. Separating these metrics acknowledges that some comments may be 

concise, consisting of brief sentences, yet their frequency could still signal an answer’s significance. 

6. Answer Sentiment: Sentiment analysis was applied to assess the emotional tone of answers, sourced from 

the Senti4SD tool ([16]). While most answers are expected to exhibit neutral sentiment, variations—

positive or negative—can reflect the writer’s confidence. A positive sentiment may indicate assurance, 

potentially increasing the answer’s appeal to the questioner and its likelihood of acceptance. 

7. Presence of "Thanks": As a binary feature, this indicates whether the word "Thanks" or its variants (e.g., 

"thanks," "thank," "tanks," "tnx") appears in an answer’s comments. The presence of such gratitude often 

signifies appreciation for a correct or helpful response, enhancing the probability that it is the accepted 

answer. 

8. Negative Maker Words Count: This feature evaluates the frequency of negative maker words (e.g., 

"don’t," "isn't," "wouldn’t," etc.) within comments to gauge their sentiment. Comments containing these 

words might express dissatisfaction, such as an answer failing to address a user’s needs, thereby reducing 

its likelihood of being accepted. Our manually curated list includes 38 variations of negative terms, such as 

"dont," "isnt," "couldnt," and "not." To account for comment length, the count is normalized by dividing it 

by the total word count of the answer’s comments. 

9. Presence of "But": Building on the previous feature, this binary indicator assesses whether "But" appears 

in comments. Its presence can counteract the effect of negative maker words, potentially reversing a 

sentence’s sentiment and thus influencing the perceived utility of the answer. 

10. Customized Sentiment Analysis: Two additional sentiment-based features were developed for answers 

and comments, leveraging the Bing Liu Opinion Lexicon ([17-18]). For comments, we constructed a corpus 

from all comments across answers, calculating the frequency of positive (Ps(y)) and negative (Ng(y)) words 

by dividing their occurrences by the corpus’s total word count. For each answer, we summed the Ps(y) 

values from its comments and subtracted the Ng(y) values; a positive result indicates a positive sentiment, 

a negative result suggests negativity, and zero denotes neutrality. This score was normalized by the word 

count of the answer’s specific comments. For answers, a similar process was applied using all answers as 

the corpus, ensuring a tailored sentiment measure independent of comment length. 

𝑝𝑠(𝑦) =
word(positive)

w(comments)
 (1) 

𝑁𝑔(𝑦) =
word(negetive)

w(comments)
 

 

(2) 

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 =
∑𝑃𝑠(𝑦) − ∑𝑁𝑔(𝑦)

W(Answer′sComments)
 

 

(3) 

12-13. Document Similarity: The similarity between an answer and its corresponding question, or between an 

answer and its associated comments, serves as an indicator of their relevance to one another. High relevance suggests 

that the answer is likely correct and valuable, particularly when the question-answer pairing is closely aligned, 

increasing the probability of the answer being accepted. To quantify this similarity, we utilized WordNet ([19-20]), 

a lexical database, and applied the Wu-Palmer similarity metric ([21]). For each word in the first document (e.g., the 

question), we computed its Wu-Palmer similarity score with every word in the second document (e.g., the answer) 

based on their first synonyms, summing these values across all word pairs. To mitigate the influence of document 
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length, the total similarity score was normalized by dividing it by the combined word count of both documents. This 

process was implemented to assess two distinct relationships: the similarity between questions and answers, and the 

similarity between answers and comments, providing a robust measure of contextual alignment in each case. 

6. LABELING 

Each answer that is included in the accepted answers’ dataset is labeled 1, and the rest are labeled 0. The classifiers 

here are trying to predict the answer that is capable of being the accepted one. 

7. CLASSIFICATION RESULTS 

Machine learning models that presented us with the best results are KNN with K = 8, Entropybased Random 

Forest with 100 trees, AdaBoost with 100 ensembles, entropy-based Decision Tree, RBF kernel SVM, and Naive 

Bayes classifier. The results in table 1 show that ensemble methods have better accuracy with AdaBoost gaining 

71% accuracy, 70% F1, 71% Recall, and 70% Precision. 

Table 1. Classification Results 

Method Accuracy F1 Recall Precision 

KNN 63% 61% 63% 62% 

SVM 65% 64% 65% 64% 

Naive Bayes 67% 66% 67% 66% 

Decision Tree 62% 62% 62% 62% 

AdaBoost 71% 70% 71% 70% 

Random Forest 69% 69% 69% 69% 

 

8. CONCLUSION AND FUTURE WORK 

Our proposed method revealed that by leveraging only English text extracted from posts, an accuracy of 71% can 

be achieved through the application of machine learning ensemble models and text mining features. This finding 

underscores the potential of text mining techniques alone to substantially address the challenge of predicting 

accepted answers. However, many questions on Stack Overflow receive multiple responses, complicating the task 

of identifying the optimal or potentially accepted answer with greater precision using solely textual data. The 

incorporation of deep learning models, the expansion of the dataset, or the inclusion of additional Stack Overflow 

attributes—such as the author’s reputation or upvote counts—could further enhance predictive accuracy beyond the 

current reliance on text. The critical role of an accepted answer in Stack Overflow posts highlights the significance 

of this issue, motivating continued research and refinement of our approach in future investigations. 
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