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Abstract: The large volume of user-generated 

material on sites like StackOverflow necessitates 

effective question quality evaluation because poor or 

irrelevant queries might strain processing power.  The 

detection and classification of question quality are 

improved by combining machine and deep learning 

methods, such as Logistic Regression, Decision Tree, 

Random Forest, SVM, Naïve Bayes, BERT, and BI-

LSTM.  The analysis is guided by performance 

evaluation criteria like F-score, recall, accuracy, and 

precision.  Several word embedding methods are 

investigated, including Word2Vec, Doc2Vec, and 

TF-IDF; Doc2Vec produces better features by 

encapsulating the semantic meaning of words.  The 

algorithms are trained and tested on the Stack 

Overflow dataset, which consists of question text and 

quality labels classified as 'HQ' (High Quality), 'LQE' 

(Low Quality Edit), and 'LQ Close (LQ Close).  

Remarkably, the BERT model attains a 93% accuracy 

rate, whilst the novel CNN2D model exhibits a 

remarkable 94% accuracy rate, indicating the 

possibility of enhanced feature optimization via 

multi-dimensional array processing.  The results 

highlight how crucial cutting-edge methods are for 

improving prediction accuracy and helping to 

effectively monitor the caliber of questions on online 

platforms. 

Index Terms—StackOverflow, Question Quality 

Assessment, Machine Learning, Deep Learning, 

BERT, Bi-LSTM, CNN2D, Doc2Vec, Text 

Classification 

1. INTRODUCTION 

The growth of professional knowledge-sharing 

platforms like StackOverflow has made it easier for 

developers, learners, and experts to exchange 

technical knowledge. However, the increasing 
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number of user-generated questions has also led to a 

surge in low-quality or irrelevant content. These 

questions can overwhelm both the system and the 

community, making it difficult for users to find 

useful answers and for moderators to maintain 

platform quality. Efficient question quality 

assessment is therefore essential to ensure smooth 

knowledge sharing and enhance the overall user 

experience. 

Traditional methods of evaluating question quality 

often rely on manual moderation or simple machine 

learning techniques, which may not capture the 

complexities of question text and context. To address 

this, advanced machine learning and deep learning 

algorithms, including Logistic Regression, Decision 

Tree, Random Forest, SVM, Naïve Bayes, BERT, 

and Bi-LSTM, can be employed to automatically 

classify questions based on quality. These methods 

help identify patterns in text data and improve 

prediction accuracy. 

Furthermore, the use of advanced word embedding 

techniques like Doc2Vec, Word2Vec, and TF-IDF 

allows the system to capture semantic relationships 

between words, with Doc2Vec providing superior 

feature representation. In addition, 2D Convolutional 

Neural Networks (CNN2D) are utilized for optimized 

feature extraction, enhancing the classification 

performance. By integrating these techniques, the 

proposed system aims to reduce the presence of low-

quality questions and create a more effective and 

efficient question-answering environment on 

StackOverflow. 

2. LITERATURE SURVEY 

2.1 Do Subjectivity and Objectivity Always 

Agree? A Case Study with Stack Overflow 

Questions: 

https://ieeexplore.ieee.org/abstract/document/101740

53 

ABSTRACT: Users on Stack Overflow (SO) use a 

voting system to rate the quality of articles (questions 

and replies).  People typically use the net votes 

(upvotes minus downvotes) that a post gets as a 

rough measure of its quality.  But nearly half of the 

questions that had working answers got more 

downvotes than upvotes.  Also, roughly 18% of the 

recognized answers (i.e., verified solutions) don't get 

the most votes either.  All of these surprising results 

make me question the trustworthiness of the 

evaluation system used at SO.  A lot of users also 

don't like the evaluation, especially when their 

postings get downvotes.  Thus, thorough validation of 

the subjective evaluation is essential to guarantee an 

impartial and dependable quality assessment system.  

This article compares the subjective evaluation of 

questions with their objective evaluation, utilizing 2.5 

million questions and ten text analysis measures.  Our 

analysis reveals that four objective indicators align 

with the subjective rating, two do not align, one is 

ambiguous, and the other three neither confirm nor 

refute the subjective evaluation.  After that, we create 

machine learning models to sort the inquiries that 

were encouraged and those that were not.  With a 

maximum accuracy of roughly 76%–87%, our 

models do better than the best models out there. 

2.2 Is this question going to be closed? Answering 

question closibility on Stack Exchange: 

https://journals.sagepub.com/doi/abs/10.1177/016555

15221118665 

ABSTRACT: There are a lot of inquiries on 

community question answering sites (CQAs) that 

https://ieeexplore.ieee.org/abstract/document/10174053
https://ieeexplore.ieee.org/abstract/document/10174053
https://journals.sagepub.com/doi/abs/10.1177/01655515221118665
https://journals.sagepub.com/doi/abs/10.1177/01655515221118665
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never get answered.  To deal with the issue, Stack 

Exchange now lets experienced users designate new 

questions as closed if they aren't very good.  A 

question can't get answers once it's closed.  But it 

takes time to find and close bad questions.  The aim 

of this article is to create a supervised machine 

learning system that forecasts question closability, 

which is the likelihood that a freshly posted question 

will be closed.  The supervised machine learning 

system builds on existing research on the quality of 

CQA questions. It includes 17 features that are 

divided into four groups: asker features, community 

features, question content features, and textual 

features.  We examined how well the built method 

worked by using questions from Stack Exchange on 

11 randomly chosen themes.  The categorization 

performance was mostly good and better than the 

baseline.  No matter what the questions were about, 

most of the measures of precision, recall, F1-score, 

and area under the receiver operating characteristic 

curve (AUC) were above 0.90.  By formulating the 

idea of question closibility, the article advances prior 

CQA research concerning question quality.  This 

study empirically examines query closibility across 

11 randomly selected themes, in contrast to prior 

research that mostly focused on programming-related 

inquiries from Stack Overflow.  The set of criteria 

utilized for classification provides a framework for 

question closibility that is both more broad and more 

economical than previous studies. 

2.3 Support-BERT: Predicting Quality of 

Question-Answer Pairs in MSDN using Deep 

Bidirectional Transformer: 

https://arxiv.org/abs/2005.08294 

ABSTRACT: It is hard to say what makes a good 

question or answer on community support sites like 

Microsoft Developers Network, Stackoverflow, 

Github, and others. It is even harder to make a 

prediction model for good questions and replies.  

Previous studies have examined question quality 

models and response quality models independently, 

utilizing meta-properties such as the amount of up-

votes, the credibility of the individual posting the 

questions or answers, the titles of the posts, and 

context-agnostic natural language processing 

features.  Nonetheless, the research lacks a cohesive 

question-answer quality paradigm for community 

question answering platforms.  In this concise study, 

we address the quality Q&A modeling challenges 

from community help websites by employing a 

recently created deep learning model with 

bidirectional transformers.  We examine the 

feasibility of transfer learning in Q&A quality 

modeling by utilizing Bidirectional Encoder 

Representations from Transformers (BERT) trained 

on distinct tasks derived from Wikipedia.  A further 

pre-training of the BERT model, together with fine-

tuning on Q&As sourced from the Microsoft 

Developer Network (MSDN), can enhance automated 

quality prediction performance to over 80%.  In 

addition, the implementations are done to use 

AzureML in the Azure knowledge base system to 

deliver the finetuned model in real time. 

2.4 Asking Questions is Easy, Asking Great 

Questions is Hard: Constructing Effective Stack 

Overflow Questions: 

https://digitalcommons.oberlin.edu/honors/694/ 

ABSTRACT: This paper examines and aims to 

enhance the methods by which Stack Overflow 

question posts can generate responses.  We identify 

three critical elements prevalent in numerous prior 

successful or responsive queries using statistical data 

analysis and literature reviews.  Next, we show a 

sample sidebar for the ask page that uses these factors 

https://arxiv.org/abs/2005.08294
https://digitalcommons.oberlin.edu/honors/694/
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to (1) dynamically rate the quality of questions in 

construction, (2) show answer previews of relevant 

questions, and (3) help the identified factors to new 

askers as they work on their questions. 

2.5 Predicting closed questions on community 

question answering sites using convolutional 

neural network: 

https://link.springer.com/article/10.1007/s00521-019-

04592-0 

ABSTRACT:Every day, community question-and-

answer sites get a lot of queries and replies.  It has 

been noticed that the site moderators have marked a 

number of questions as closed.  These kinds of 

inquiries make things harder for the moderators and 

make users unhappy.  The goal of this work is to 

guess whether a question that has just been posted 

will be marked as closed in the future and to suggest 

a possible reason for why it was closed.  There are 

two models: (1) a baseline model that uses traditional 

machine learning methods and (2) deep learning 

models like convolutional neural networks (CNNs) 

and long short-term memory (LSTM) networks. 

These models sort a question into one of five groups: 

(1) open, (2) off-topic, (3) not a real question, (4) too 

constructive, or (5) too localized.  The baseline 

approach necessitates handcrafted features, hence 

failing to maintain semantics.  But CNN and LSTM 

networks may keep the meaning of the words in a 

question and use several hidden layers to find hidden 

features in the text.  The LSTM network works better 

than CNN and other classic machine learning models.  

The proposed model can be used as a first step to 

screen the closed question when it is posted, which 

made things easier for site moderators.  As far as we 

know, this is the first time someone has predicted the 

closed question and why it will be closed. 

 

3. METHODOLOGY 

The methodology involves collecting and 

preprocessing StackOverflow questions labeled as 

‘HQ’, ‘LQE’, and ‘LQ Close’, including text 

cleaning, tokenization, and stop word removal. 

Features are extracted using word embedding 

techniques like TF-IDF, Word2Vec, and Doc2Vec, 

with Doc2Vec providing superior semantic 

representation. Both machine learning algorithms 

(Logistic Regression, Decision Tree, Random Forest, 

SVM, Naïve Bayes) and deep learning models 

(BERT, Bi-LSTM, CNN2D) are applied to classify 

question quality, capturing complex patterns and 

contextual information. CNN2D further optimizes 

feature extraction using multi-dimensional arrays. 

Model performance is evaluated using accuracy, 

precision, recall, and F-score to identify the most 

effective approach for automating question quality 

assessment on StackOverflow. 

A. Proposed Work: 

The proposed work focuses on enhancing question 

quality prediction on StackOverflow by extending 

traditional machine learning and deep learning 

approaches with advanced Convolutional Neural 

Network techniques. Specifically, CNN2D and 

CNN3D models are employed alongside standard 

algorithms like Random Forest, SVM, Naïve Bayes, 

and Bi-LSTM. These convolutional networks process 

multi-dimensional arrays of question text features, 

allowing for optimized feature extraction that 

captures complex patterns and contextual 

relationships more effectively than one-dimensional 

models. By leveraging this extension, the system 

aims to improve the classification accuracy of high-

https://link.springer.com/article/10.1007/s00521-019-04592-0
https://link.springer.com/article/10.1007/s00521-019-04592-0
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quality versus low-quality questions and reduce 

misclassification. 

Furthermore, the system integrates advanced word 

embedding techniques, particularly Doc2Vec, to 

transform textual data into rich semantic vectors that 

enhance model understanding. The combination of 

multi-dimensional CNN architectures with powerful 

embeddings allows for a more nuanced representation 

of question content. This approach not only improves 

predictive performance but also ensures faster and 

more reliable assessment of incoming questions, 

contributing to better content moderation, efficient 

user engagement, and overall improvement of 

knowledge-sharing quality on the StackOverflow 

platform. 

B. System Architecture: 

The system architecture for the Posts Quality 

Prediction on StackOverflow consists of four main 

components: data collection, preprocessing, feature 

extraction, and classification. First, the dataset 

containing StackOverflow questions and their quality 

labels (‘HQ’, ‘LQE’, ‘LQ Close’) is collected. Next, 

preprocessing is performed, including text cleaning, 

tokenization, and removal of stop words, to prepare 

the data for analysis. In the feature extraction phase, 

advanced word embedding techniques such as TF-

IDF, Word2Vec, and Doc2Vec are used to convert 

textual data into numerical vectors that capture 

semantic meaning. Finally, the classification module 

applies machine learning algorithms (Logistic 

Regression, Decision Tree, Random Forest, SVM, 

Naïve Bayes) and deep learning models (BERT, Bi-

LSTM, CNN2D) to predict question quality. The 

system evaluates model performance using metrics 

like accuracy, precision, recall, and F-score, allowing 

the most effective algorithms to be identified and 

implemented for automated question quality 

assessment. 

 

Fig1. proposed architecture 

C. MODULES: 

i. Data Collection 

• Gather StackOverflow questions along with 

quality labels (‘HQ’, ‘LQE’, ‘LQ Close’) 

from the dataset. 

• Ensure the dataset is complete and suitable 

for preprocessing and analysis. 

ii. Data Preprocessing 

• Perform text cleaning, tokenization, and 

removal of stop words. 

• Handle duplicates, punctuation, and 

irrelevant characters to prepare data for 

modeling. 

iii. Feature Extraction 

• Apply word embedding techniques such as 

TF-IDF, Word2Vec, and Doc2Vec. 

• Convert question text into numerical vectors 

capturing semantic and contextual 

information. 

iv. Question Classification 

• Implement machine learning algorithms: 

Logistic Regression, Decision Tree, Random 

Forest, SVM, and Naïve Bayes. 
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• Apply deep learning models: BERT, Bi-

LSTM, and CNN2D for advanced feature 

learning and context understanding. 

v. Model Evaluation 

• Measure performance using accuracy, 

precision, recall, and F-score. 

• Compare different models and embedding 

techniques to select the most effective 

solution. 

vi. Prediction & Deployment 

• Predict the quality of new questions in real-

time. 

• Integrate the system for automated content 

management on StackOverflow. 

D. Algorithms: 

a) Logistic Regression 

Logistic Regression is a supervised learning 

algorithm used for binary or multi-class 

classification. It models the probability of question 

quality labels based on input features and is often 

considered the starting point for many text 

classification problems due to its simplicity and 

interpretability. It is highly effective when the 

relationship between features and output is 

approximately linear. 

b) Decision Tree 

Decision Tree is a tree-based model that classifies 

questions by creating decision rules derived from 

dataset features. It provides clear visualization of 

decision paths, making it easier to understand why a 

question is classified as high or low quality. Decision 

Trees are also fast to train and can handle both 

numerical and categorical data efficiently. 

c) Random Forest 

Random Forest is an ensemble of multiple decision 

trees. It improves classification accuracy and reduces 

overfitting through majority voting. Its robustness to 

noise and ability to handle large datasets make it 

ideal for analyzing large-scale StackOverflow 

questions. Additionally, it can provide feature 

importance scores, helping to understand which 

question features influence quality the most. 

d) Support Vector Machine (SVM) 

SVM finds optimal hyperplanes that separate 

different question quality categories. It is especially 

effective in high-dimensional spaces, such as text 

embeddings, and can work with both linear and non-

linear kernel functions. SVM is known for its strong 

generalization capability, which helps in predicting 

the quality of unseen questions accurately. 

e) Naïve Bayes 

Naïve Bayes is a probabilistic classifier that predicts 

question quality based on the likelihood of feature 

occurrences. Despite its “naïve” assumption of 

feature independence, it often performs surprisingly 

well in text classification tasks. It is fast, 

computationally efficient, and works well with large 

vocabularies typical of question datasets. 

f) Bi-LSTM (Bidirectional Long Short-

Term Memory) 

Bi-LSTM processes sequences in both forward and 

backward directions, capturing contextual 

dependencies in question text. It is excellent for 

understanding semantics where the meaning of a 

word depends on surrounding words. Bi-LSTM can 

remember long-term dependencies, which is useful 

for analyzing complex, multi-sentence questions. 

g) BERT (Bidirectional Encoder 

Representations from Transformers) 
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BERT is a pre-trained transformer model that 

captures deep contextual relationships between 

words. It understands both left and right context 

simultaneously, making it highly effective for 

nuanced text interpretation. BERT can be fine-tuned 

with StackOverflow questions, allowing it to adapt to 

domain-specific language patterns and improve 

prediction accuracy. 

h) Doc2Vec 

Doc2Vec is a word embedding technique that 

converts text into fixed-length vectors while 

preserving semantic meaning. It goes beyond simple 

bag-of-words approaches, capturing the relationships 

between words and the context of entire documents. 

This helps in representing question content more 

accurately for machine learning and deep learning 

models. 

i) CNN2D (Convolutional Neural Network) 

CNN2D processes multi-dimensional arrays of text 

features using convolutional layers. It excels at 

detecting local patterns and hierarchies in data, such 

as key phrases or word combinations that indicate 

question quality. CNN2D is also efficient with large 

datasets and can significantly improve classification 

performance by learning complex feature 

interactions. 

4. EXPERIMENTAL RESULTS 

The proposed system was evaluated using a 

StackOverflow dataset containing questions labeled 

as ‘HQ’, ‘LQE’, and ‘LQ Close’. Different word 

embedding techniques—TF-IDF, Word2Vec, and 

Doc2Vec—were applied to extract features, with 

Doc2Vec providing the best semantic representation. 

Multiple machine learning algorithms (Logistic 

Regression, Decision Tree, Random Forest, SVM, 

Naïve Bayes) and deep learning models (BERT, Bi-

LSTM, CNN2D) were trained and tested for question 

quality classification. 

The evaluation metrics included accuracy, precision, 

recall, and F-score. Among the models, BERT 

achieved an accuracy of 93%, while the CNN2D 

model outperformed all others with an accuracy of 

94%. The results indicate that CNN2D, combined 

with Doc2Vec embeddings, effectively captures 

complex patterns and semantic information in 

question text, leading to superior classification 

performance. These findings demonstrate the 

effectiveness of the extended approach in automating 

quality assessment and improving the overall 

management of questions on StackOverflow. 

Accuracy: The accuracy of a test is its ability to 

differentiate the patient and healthy cases correctly. 

To estimate the accuracy of a test, we should 

calculate the proportion of true positive and true 

negative in all evaluated cases. Mathematically, this 

can be stated as: 

 Accuracy = TP + TN TP + TN + FP + FN. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑁 + 𝑇𝑃)

𝑇
 

F1-Score: F1 score is a machine learning evaluation 

metric that measures a model's accuracy. It combines 

the precision and recall scores of a model. The 

accuracy metric computes how many times a model 

made a correct prediction across the entire dataset. 

𝐹1 = 2 ⋅
(𝑅𝑒𝑐𝑎𝑙𝑙 ⋅ Pr 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛)

(𝑅𝑒𝑐𝑎𝑙𝑙 + Pr 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛)
 

Precision: Precision evaluates the fraction of 

correctly classified instances or samples among the 
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ones classified as positives. Thus, the formula to 

calculate the precision is given by: 

Precision = True positives/ (True positives + False 

positives) = TP/(TP + FP) 

Pr 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 

Recall: Recall is a metric in machine learning that 

measures the ability of a model to identify all 

relevant instances of a particular class. It is the ratio 

of correctly predicted positive observations to the 

total actual positives, providing insights into a 

model's completeness in capturing instances of a 

given class. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝐹𝑁 + 𝑇𝑃)
 

 

Fig 2.performance evaluation 

 

Fig 3.Upload dataset 

 

Fig.4.. predicted results 

5. CONCLUSION 

In conclusion, the suggested system greatly improves 

the ability to find out how good questions are on sites 

like StackOverflow by using a wide range of machine 

and deep learning algorithms, such as Logistic 

Regression, Decision Tree, Random Forest, Support 

Vector Machine (SVM), Naïve Bayes, BERT, and 

BI-LSTM.  The system uses a dataset of Stack 

Overflow questions to focus on successful 

classification. It does this by using advanced word 

embedding techniques including Word2Vec, 

Doc2Vec, and TF-IDF, with Doc2Vec being the best 

at representing meaning.  Also, the use of 2D 

Convolutional Neural Networks (CNN) makes 

feature extraction more efficient, which helps 

increase classification accuracy.  The proposed 

methods not only try to find bad questions, but they 

also try to make the whole question-and-answer 

process work better.  The algorithms' performance 

evaluation shows a huge increase in accuracy, with 

BERT getting 93% and the CNN model getting 94%.  

This means that the suggested approach can provide 

reliable and efficient quality identification, which 

will make it easier and more effective for people to 

share information on StackOverflow and other 

similar sites.  The research findings emphasize the 

necessity of employing modern algorithms and 
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strategies to enhance the quality of material in online 

question-and-answer forums. 

6. FUTURE SCOPE 

The future scope of this research involves 

augmenting the dataset to include a broader array of 

question-and-answer platforms, hence improving the 

model's generalizability across many disciplines.  In 

addition, using sentiment analysis could help us 

understand how engaged and satisfied users are with 

the quality of the questions.  Investigating hybrid 

models that include conventional and deep learning 

methodologies may enhance classification precision.  

Adding the ability to process data in real time could 

make it possible to assess quality dynamically as 

questions are asked.  Finally, adding ways for users 

to give input could help the model get better over 

time, making sure that the system keeps up with 

changes in user questions and content quality 

standards. 
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