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ABSTRACT

The use and significance of community Q/A sites such as Stack Overflow for learning

programming languages as a supplement to traditional study materials are continuously in-

creasing. Consequently, the number of posts of different levels of difficulty is also growing

rapidly. It would be very helpful for the users if this huge collection of posts on Stack Over-

flow are categorized according to their difficulty level. This would benefit teachers easily

collect suitable examples for the level they are teaching, learners identify examples that

match their knowledge level, routing decision of questions to appropriate potential experts

considering, etc. However, this significant and challenging problem is rarely addressed. In

this work, we have presented a supervised learning based tool to automatically estimate the

difficulty level of questions. We manually labeled randomly selected 900 questions (300

from each of Java String, Inheritance and Thread categories) to build a training dataset

and used them to train different supervised learning models. The best performing model

(Random Forest) achieves 72.71% validation accuracy and 72.6% f-measure estimated us-

ing 10-fold cross validation. For manual validation of the results, we have used students

and lecturers as well as professional programmers and achieved an almost similar result.

Using the Random Forest based model, we classified all available (around 45K) questions

of these three categories from Stack Overflow and studied some properties of questions

with respect to their difficulty levels. Results of the study suggest that basic questions re-

ceive higher view, higher rating, and contain lower lines of code. We also found that the

reputation of answerer is usually significantly higher than that of the corresponding asker.

viii



Chapter 1

Introduction

1.1 Motivation

Stack Overflow is a widely visited community Q/A site very popular with the programmers.
Over 92% questions are answered in a median time of 11 minutes [1]. Programmers irrespective
of expertise levels, from novice learner to expert professionals, do constructive discussions on
this site. The questions are asked by the users and experts from the community come with
possible answers among which one is marked as accepted by the user who asked the question.
The registered users have ratings based on their various services to Stack Overflow community
according to certain rules and regulations1.

Due to the potentiality to be used as an immensely popular supplement to traditional tutorials
and learning materials of different programming topics, it has attracted researchers to investi-
gate research issues such as answer quality estimation, user expertise or rating measurement,
question routing, etc. [2]- [3]. However, the problem of Question Difficulty Estimation (QDE)
i.e., categorizing questions with respect to difficulty level has received little attention. We be-
lieve this categorization will benefit a number of tasks such as: (i)Identifying posts/discussions
easily that match the level of the target audience by instructors of programming languages to
show examples or design practice problems. The learners themselves will be benefited in the
same way. It may be noted here that a survey by Stack Overflow Business suggests that 69%
developers are self-taught [4], while other categories in the survey are shown in Figure 1.1.
(ii)Routing questions to appropriate users in consideration of the level of expertise and that of
question difficulty. It is likely to generate a better response as the experts will not get bored and
emerging contributors will also be encouraged. (iii) Another recent trend is to augment API
documentation and tutorials with contents from Q/A sites like Stack Overflow [5]. For this
purpose, along with the topic-wise classification of discussions, categorization of questions ac-

1https://stackoverflow.com/help/whats-reputation

1
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Figure 1.1: How programmers learn to code

cording to difficulty level will be very helpful. (iv) If the Q/A sites plan to offer incentive based
on the response of answerers both in terms of quantity and quality (difficulty), this system will
be of benefit.

.

1.2 Objectives

To the best of our knowledge, only two attempts have been made to address the problem of es-
timating the difficulty of questions asked on community question answering services from the
NLP community. Liu et. al. [6] proposes a competition-based model for the sake of estimating
question difficulty. They exploited pairwise comparison of users and questions. Their subse-
quent work to estimate question difficulty in [7] incorporates questions’ textual description with
question-user comparison into a single framework. Both these works [6] and [7] correlate users’
rating with the questions to determine the questions’ difficulty level. However, their approach
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is not readily usable by non-technical users as complex input is required by the users. On the
other hand, our supervised learning based QDE tool is released for public and can be used in a
very straightforward way with comparable performance.

Our research is guided by two research questions:

• RQ1. With how much accuracy and precision can the automated tool predict the difficulty
level of a question?

• RQ2. Do the ratings of human beings match our automatically estimated difficulty?

1.3 Research Hypotheses

From the automatically measured difficulty level of almost 45000 Stack Overflow questions
on Java String, Inheritance and Thread, we would like to study the correlations of rating of
questioners and answerers and properties of questions such as the number of lines of code with
respect to their difficulty levels.

1.3.1 Rating of Accepted Answerers

When a questioner asks a question in Stack Overflow, s/he can choose between the answers
given by community users by “accepting” it. When an answer is marked accepted the answerer
is given +15 rating points. The most obvious way of getting higher ratings is by giving a quality
answer. It is likely that rating of an answerer increases if more people view the answer. As basic
questions are viewed more (supported with t-test, p < .001), they should be more rewarding
than non-basic questions. Therefore, we pose the following hypothesis:

Hypothesis 1 (H1): The rating of accepted answerer of a basic question is more likely to be

higher than the rating of accepted answerer of a non-basic question.

1.3.2 Rating comparison of questioner and accepted answerer

In Stack Overflow, a questioner asks a question when he stumbles upon a problem. The commu-
nity users who presumed know to a solution to the problem give their solution. As previously
mentioned, the questioner can choose between these answers by marking one of them accepted.
There is a natural conception that who gives an accepted answer to a question has more exper-
tise/experience than the user who asked it and therefore should have a higher reputation than
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the later. Therefore, we pose the following hypothesis:

Hypothesis 2 (H2): The reputation point of accepted answerer for a question is likely to be

higher than the reputation point of the questioner who asked the question.

1.3.3 Lines of Code (LOC) in Questions

A user asking a question on Stack Overflow describes his/her problem and the user-specific
situation in the body of the question besides the slightly-generic and small description of the
problem in the title. In the body, to illustrate his/her situation, s/he can add code snippets in the
question. We assume that simple questions can be described with small or no code snippet. On
the other hand, in case of conceptually challenging problems’ better illustration needs a code
example. Non-basic questions are expected to have more lines of code in their body than that
of basic questions. Therefore, we present the following hypothesis:

Hypothesis 3 (H3): It is likely that the questions that contain a large number of lines of code

are Non-Basic.

1.4 Contribution

In order to determine the questions’ difficulty level automatically using supervised learning
technique, first, we manually labeled randomly selected 900 Stack Overflow questions. Among
these, 300 were on Java String, another 300 on Inheritance and the remaining 300 on Thread
categories. The selected questions were labeled by the first two authors with high inter-rater
agreement measured by Cohenś Kappa. When there was disagreement it was settled by the
third author. Thus a question difficulty training dataset is built which is then used to train differ-
ent supervised learning models. The best performing model (Random Forest) achieves 72.71%
validation accuracy and 72.6% f-measure estimated using 10-fold cross validation. We have
also determined which features/characteristics of a question contribute more while deciding a
question’s difficulty level. Using the Random Forest based model, we classified all available
(around 45K) questions of these three categories from Stack Overflow and studied some prop-
erties of the questions with respect to their difficulty levels.

To answer the second research question, we have conducted manual validation involving sub-
jects from almost all the groups of users of Stack Overflow. We have randomly selected stu-
dents of different levels (sophomore, junior, and senior) at Computer Science and Engineering
department and lecturers having experience of teaching programming languages. We have also
recruited professional programmers. The manual rating of the subjects on 60 questions to each
(20 from each type, i.e., String, Inheritance, and Thread) closely match our automatic estima-
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tion of question difficulty. Six human raters participated in the study. They were divided into
three groups - (i) UG students, (ii) Lecturers, (iii) Professional Developers. These three groups’
members labeling were validated against the predictions of our QDE tool. It had 65% accuracy
with UG students, 65% accuracy with lecturers and 61.25% accuracy with professionals.

1.5 Thesis Organization

The organization of the rest of the thesis is as follows.

In Chapter 2, we have also presented relevant background studies on topic modeling, LDA,
supervised machine learning algorithms, inter rater agreement and statistical significance tests.

In Chapter 3, we have discussed about previous works related to our work.

Chapter 4 briefly explains proposed framework, data set generation process and feature selection
process.

Chapter 5 focuses on the experimental setups and results. It also illustrates the implication of
the results.

Chapter 6 presents threats to validity and how we encounter them.

Chapter 7 concludes our thesis. This chapter also includes the outlines of some future works
related to this dissertation.



Chapter 2

Background Study

In this chapter, we present the background studies related to our research.

2.1 Topic Modeling

In machine learning and natural language processing, a topic model is a type of statistical model
for discovering the abstract “topics” that occur in a collection of documents. Topic modeling
is a frequently used text-mining tool for discovery of hidden semantic structures in a text body.
Intuitively, given that a document is about a particular topic, one would expect particular words
to appear in the document more or less frequently: “dog” and “bone” will appear more often
in documents about dogs, “cat” and “meow” will appear in documents about cats, and “the”
and “is” will appear equally in both. A document typically concerns multiple topics in different
proportions; thus, in a document that is 10% about cats and 90% about dogs, there would
probably be about 9 times more dog words than cat words. The “topics” produced by topic
modeling techniques are clusters of similar words. A topic model captures this intuition in a
mathematical framework, which allows examining a set of documents and discovering, based on
the statistics of the words in each, what the topics might be and what each document’s balance
of topics is.

Topic models are also referred to as probabilistic topic models, which refers to statistic algo-
rithms for discovering the latent semantic structures of an extensive text body. In the age of
information, the amount of the written material we encounter each day is simply beyond our
processing capacity. Topic models can help to organize and offer insights for us to understand
large collections of unstructured text bodies.

6
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Figure 2.1: Plate notation representing the LDA model.

2.1.1 Latent Direchlet Allocation

In natural language processing, latent Dirichlet allocation (LDA) is a generative statistical
model that allows sets of observations to be explained by unobserved groups that explain why
some parts of the data are similar. For example, if observations are words collected into doc-
uments, it posits that each document is a mixture of a small number of topics and that each
word’s creation is attributable to one of the document’s topics.

With plate notation in Figure 2.1, the dependencies among the many variables can be captured
concisely. The boxes are “plates” representing replicates. The outer plate represents documents,
while the inner plate represents the repeated choice of topics and words within a document. M
denotes the number of documents, N the number of words in a document. Thus: .

α is the parameter of the Dirichlet prior on the per-document topic distributions, β is the pa-
rameter of the Dirichlet prior on the per-topic word distribution, θm is the topic distribution for
document m, ϕk is the word distribution for topic k, zmn is the topic for the n-th word in docu-
ment m, and wmn is the specific word. Here, The words wij are the only observable variables,
and the other variables are latent variables.

The generative process is as follows. Documents are represented as random mixtures over
latent topics, where each topic is characterized by a distribution over words. LDA assumes the
following generative process for a corpus D consisting of M documents each of length Ni:

1. Choose θi ∼ Dir(α), where i ∈ {1, . . . ,M} and Dir(α) is a Dirichlet distribution with a
symmetric parameter α which typically is sparse (α < 1)

2. Choose ϕk ∼ Dir(β), where k ∈ {1, . . . , K} and β typically is sparse.

3. For each of the word positions i, j, where j ∈ {1, . . . , Ni}, and i ∈ {1, . . . ,M}.

(a) Choose a topic zi,j ∼ Multinomial(θj).
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(b) Choose a word wi,j ∼ Multinomial(ϕzi,j).

The lengths Ni are treated as independent of all the other data generating variables (w, z).

2.2 Supervised Learning Techniques

Supervised learning is the machine learning task of inferring a function from labeled training
data [8]. The function aims to predict based on those labeled evidences in presence of uncer-
tainty. A collection of reasonable number of labeled evidences is called a training data set. Each
of these labeled evidences is called a training example. In supervised learning, each example
is a pair consisting of an input object (typically a vector) and a desired output value or label.
A supervised learning algorithm analyzes the training data, “learns” from the observations by
identifying patterns in them and produces an inferred function, which can be used for mapping
new examples. An optimal scenario will allow for the algorithm to correctly determine the class
labels for unseen instances. Its performance will improve with the increasing number of train-
ing data. Supervised learning are very much promising in case of classification and regression
problems.

Given, a data set with n training instances: {(x1, y1), (x2, y2), . . . , (xn, yn)}, we want to learn a
rule: (f : x → y) to predict output y for new unseen input x. If we want to predict real valued
output(e.g.: house rent) with supervised learning, it is called Regression. On the contrary, if
we want to predict discrete valued outputs(e.g.: label of hand-written digits) then it is called
Classification problem. No matter what we do, we must make the prediction function or model
general so that it can perform well in case of unseen instances.

Since difficulty level prediction is a classification problem, we have applied different supervised
learning algorithms on our data set(e.g.: ). In this section, we briefly describe the supervised
learning techniques that we have applied on our data set.

2.2.1 Primary Supervised Machine Learning Algorithms

Primary machine learning approaches try to to learn one hypothesis from the training data. In
this subsection, we describe some primary supervised machine learning algorithms.

Naive Bayes

In machine learning, naive Bayes classifiers are a family of simple probabilistic classifiers based
on applying Bayes’ theorem with strong (naive) independence assumptions between the fea-
tures. Naive Bayes classifiers are highly scalable, requiring a number of parameters linear in
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the number of variables (features/predictors) in a learning problem. In the statistics and com-
puter science literature, Naive Bayes models are known under a variety of names, including
simple Bayes and independence Bayes.

Naive Bayes is a simple technique for constructing classifiers: models that assign class labels
to problem instances, represented as vectors of feature values, where the class labels are drawn
from some finite set. It is not a single algorithm for training such classifiers, but a family of
algorithms based on a common principle: all naive Bayes classifiers assume that the value of
a particular feature is independent of the value of any other feature, given the class variable.
For example, a fruit may be considered to be an apple if it is red, round, and about 10 cm in
diameter. A naive Bayes classifier considers each of these features to contribute independently
to the probability that this fruit is an apple, regardless of any possible correlations between the
color, roundness, and diameter features.

Naive Bayes is a conditional probability model: given a problem instance to be classified,
represented by a vector x = (x1, x2, x3, . . . , xn) representing some n features (independent
variables), it assigns to this instance probabilities p(Ck|x1, x2, . . . , xn) for each of k possible
outcomes or classes Ck.

The problem with the above formulation is that if the number of features n is large or if a
feature can take on a large number of values, then basing such a model on probability tables
is unfeasible. We therefore reformulate the model to make it more tractable. Using Bayes’
theorem, the conditional probability can be decomposed as:

p(Ck|x) =
p(Ck) ∗ p(x|Ck)

p(x)
(2.1)

This equation can be written using Bayesian probability terminology as,

posterior =
prior ∗ likelihood

evidence
(2.2)

Support Vector Machine

In machine learning, support vector machines (SVMs, also support vector networks) are super-
vised learning models with associated learning algorithms that analyze data used for classifi-
cation and regression analysis. Given a set of training examples, each marked as belonging to
one or the other of two categories, an SVM training algorithm builds a model that assigns new
examples to one category or the other, making it a non-probabilistic binary linear classifier. An
SVM model is a representation of the examples as points in space, mapped so that the examples
of the separate categories are divided by a clear gap that is as wide as possible. New examples
are then mapped into that same space and predicted to belong to a category based on which side
of the gap they fall into.
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In addition to performing linear classification, SVMs can efficiently perform a non-linear classi-
fication using what is called the kernel trick, implicitly mapping their inputs into high-dimensional
feature spaces.

In linear SVM, kernel is considered as a linear equation. Given, a training data set with n

points of the form: {( ~x1, y1), . . . , ( ~xn, yn)} and yiε{1,−1}, indicating which class the point
xi belongs to. We want to find the ”maximum-margin hyper-plane” that divides the group of
points ~xi for which yi = 1 from the group of points for which yi = −1, which is defined so that
the distance between the hyper-plane and the nearest point ~xi from either group is maximized.
Any hyper-plane can be written as the set of points ~xi satisfying,

~w · ~x− b = 0 (2.3)

where ~w is the normal vector to the hyper-plane. The parameter b
‖~w‖ determines the offset of

the hyper-plane from the origin along the normal vector ~w.

Linearly non-separable problems can be separated using Non-linear SVM that does uses di-
mension transformation to map φ : (x1, x2, . . . ) → (f(x1), g(x2), . . . ) → (y1, y2, . . . ). Here,
the main idea is linear-separability increases as the feature dimension increases. The problems
associated is that increase in dimensionality leads to high computation. Hence, we introduce
kernel trick. Some common kernels are: K(~u,~v) = (~u · ~v + 1)2, K(~u,~v) = (~u · ~v + 1)p,
K(~u,~v) = e−‖~u−~v‖

2/2σ2 etc.

2.2.2 Ensemble Machine Learning Algorithm

In statistics and machine learning, ensemble methods use multiple learning algorithms to ob-
tain better predictive performance than could be obtained from any of the constituent learning
algorithms alone. In contrast to primary machine learning approaches which try to learn one hy-
pothesis from training data, ensemble methods try to construct a set of hypotheses and combine
them to use. Usually, it performs better in sense of accuracy and at the same time the model it
provides is more general.

Random Forest

Random forests or random decision forests are an ensemble learning method for classification,
regression and other tasks, that operate by constructing a multitude of decision trees at training
time and outputting the class that is the mode of the classes (classification) or mean prediction
(regression) of the individual trees. Random decision forests correct for decision trees’ habit of
overfitting to their training set.
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In random forest, each tree in the ensemble is built from a sample drawn with replacement (i.e.
a bootstrap sample) from the training set. While splitting a node during the construction of the
tree, the split that is chosen is not the best split among all features. In stead, the split that is
picked is the best among a random subset of the features. As a result of this randomness, the
bias of the forest slightly increases, with respect to the bias of a single non-random tree, but due
to averaging its variance decreases. Decreases in variance usually compensates the increase in
bias, hence yielding a better predicting model.

Ada Boosting

The core principle of Ada Boosting is to fit a sequence of weak learners on repeatedly modified
versions of data. The prediction from all of them are combined through a weighted majority
vote to produce the final prediction. The data modification at each so-called boosting iteration
consists of applying weights w1, w2, . . . , wN to each of the training samples. Initially, those
weights are all set to wi = 1/N , where N denotes the number of weak learners. It means
that the first step simply trains weak learners using original data. For each successive itera-
tion, the sample weights are individually modified and the learning algorithms are applied to
reweighted data. At a given step, those those training examples that were incorrectly predicted
by the boosted model in the previous step have their weights increased, whereas the weights
are decreased for the training instances that were predicted correctly. As iterations proceed, in-
stances that are hard to predict receive ever-increasing influence. Each subsequent weak learner
is therefore forced to concentrate on the examples that are missed by the previous ones in the
sequence.

2.3 Measuring Inter Rater Agreement

When a dataset is manually labeled is to be applied for supervised machine learning,it is neces-
sary to measure the agreement among the raters. In statistics, inter-rater reliability or inter-rater
agreement is the degree of agreement among raters. It gives a score of how much homogeneity,
or consensus, there is in the ratings given by judges. It is useful in refining the tools given to
human judges, for example by determining if a particular scale is appropriate for measuring a
particular variable. If various raters do not agree, either the scale is defective or the raters need
to be re-trained.

Fleiss’ kappa (named after Joseph L. Fleiss) is a statistical measure for assessing the reliability
of agreement between a fixed number of raters when assigning categorical ratings to a number
of items or classifying items. This is used when three individuals label the dataset separately.
This contrasts with other kappas such as Cohen’s kappa, which only work when assessing the
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Table 2.1: Interpretation of κ value

κ Interpretation
<0 Poor agreement

0.01 - 0.20 Slight agreement
0.21 - 0.40 Fair agreement
0.41 - 0.60 Moderate agreement
0.61 - 0.80 Substantial agreement
0.81 - 1.00 Almost perfect agreement

agreement between not more than two raters. The measure calculates the degree of agreement
in classifications.

If a fixed number of people assign numerical ratings to a number of items then the kappa will
give a measure for how consistent the ratings are. The kappa, κ can be defined as,

κ =
P̄ − P̄e
1− P̄e

(2.4)

The factor 1 − P̄e gives the degree of agreement that is attainable above chance, and, P̄ − P̄e
gives the degree of agreement actually achieved above chance. If the raters are in complete
agreement then κ = 1. If there is no agreement among the raters (other than what would be
expected by chance) then κ ≤ 0.

Landis and Koch (1977) [9] gave the Table 2.1 for interpreting κ values.This table is however
by no means universally accepted, but this is used as suggested interpretation.

2.4 Statistical Significance Test

In statistical significance test, generally two statistical data sets are compared. Alternatively,
a data set obtained by sampling is compared against a synthetic data set from an idealized
model. It is done to identify whether the two groups originate from same population To select
the proper test method, it is important to identify whether the data follow normal distribution.
In Figure 2.1, we have presented different steps of statistical test. Depending on the result of
normality test (Shapiro-Wilk test), a test is selected to identify whether two groups significantly
differ from each other. Finally, determine the magnitude of difference between the two groups,
effect size is calculated. The selection of test not only depends on the normality test, but also
on the type of variables. For ordinal(continuous) dependent variable (e.g., review interval, code
churn etc.), Mann-Whitney U test is applied, whereas for dichotomous (categorical) variable
(e.g, rating of questioner, rating of answerer) chi-square test is applied. In the next sub-section,
we present brief discussion on statistical tests relevant to our research.
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2.4.1 Shapiro-Wilk test

To make a choice between t-test and Mann-Whitney U test, we need to know whether the
data set follows normal distribution. The Shapiro-Wilk test, proposed in 1965, calculates a W
statistic that tests whether a random sample, x1,x2,. . . ,xn comes from (specifically) a normal
distribution. Small values of W are evidence of departure from normality.

The W statistic is calculated as follows:

W =

∑n
i=1 aixi∑n

i=1(xi − x̄)2
(2.5)

where xi are ordered sample values (x1 is the smallest) and ai are constants generated from the
means, variances and co-variances of these order statistics of a sample of size n from a normal
distribution.

2.4.2 Mann-Whitney U test

Mann-Whitney U test is a non-parametric test that is used to compare two population means that
come from the same population.It is also used to test whether two population means are equal
or not. It is used for equal sample sizes, and is used to test the median of the two populations.
Usually the Mann-Whitney U test is used when the data is ordinal. Rank of the sample size
is used to estimate the U value. Wilcoxon rank sum, Kendalls, and Mann-Whitney U test are
similar tests and in the case of categorical data, it is equivalent to chi-square test.

Mann-Whitney U test, being a non-parametric test, does not make any assumptions related to
the distribution. There are, however, some assumptions as stated below:

• The sample drawn from the population is random.

• There exists independence within the samples.

• Ordinal measurement scale is applied.

It is estimated as:

U = n1n2 +
n2(n2 + 1)

2
−

n2∑
i=n1+1

Ri (2.6)

where, U = Mann-Whitney U test,
n1 = sample size one,
n2 = sample size two,
Ri = Rank of the sample size,
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Mann-Whitney U test is frequently used in psychology, medical/nursing and business. For
example, in psychology, it is used to compare attitude or behaviour. In medicine, it is used to
analyze the effect of two medicines and whether they are equal or not. It is also used to analysis
whether or not a particular medicine cures ailment. In business, it can be used to know the
preferences pf different people and also to see if that changes depending on location. Different
confidence levels can be considered for Mann-Whitney U test and that is indicated by variable
p (e.g., p = .05 means 95% confidence level).



Chapter 3

Related Works

In the learning process, the learners of programming languages or even programmers take resort
to tutorials and Q/A sites. The number of such kind of existing tutorials and Q/A sites is
pretty huge. Among the technical tutorial and Q/A sites, Code Project and Stack Overflow are
noteworthy. To analyze the interactions in these sites and to design make them more helpful
to users, the researchers are carrying out various studies on the usage pattern and different
characteristics of learning. Some studies such as [10] have tried to correlate the search trends
on Google and Stack Overflow and show that technical terms searched and asked have strong
correlation over time. Searching and asking of newer, specific technical terms have a stronger
correlation, compared with older, general technical terms.

When the official documentation of any product is sparse or even non-existent, answers on
Stack Overflow becomes a substitute for official documentation. To measure the interest of
users on a different topic, research has been conducted on what kinds of questions are asked
on Q/A websites for programmers, which questions are answered, and how best answers are
selected in [11]. It found several categories of questions that are asked on Stack Overflow fre-
quently. This study found that “How-to” questions are asked most frequently. Other categories
of questions asked on Stack Overflow include about discrepancy, development environment,
error, conceptual, code review, and novice inquiries. Another study [12] discusses the use of
code examples while learning a new programming language or API. It shows that programmers
often depend on code examples to support their learning.

A good amount of effort has been put to investigate the contents of questions on Stack Overflow.
Arora et al. [13] aim to flag questions good or bad on Stack Overflow. Basically what they did
is to assess if a question asked conforms to the standard of Stack Overflow. If a question
matches the expected standard, it is marked as good and bad otherwise. Jiarpakdee et al. [14]
discover the relation between question quality and effective features of that question. Here,
by saying effective features, they mean positive sentiment, negative sentiment and politeness.
They also used textual, community-based information extracted from the dataset they used.

15
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They found that though effective features alone cannot build a model good enough to predict
question quality, one of the mentioned effective features - politeness ranking second important
feature of the model, as a group can improve the performance of a model to identify the question
quality. Baltadzhieva et al. [15] studied upon the individual terms or words used in writing the
title and body of the question and studied to which extent do these term can help to predict
the probability of a question to receive an answer and the score that the question may have.
Studying on two indicators of question quality: question score and number of answers on that
questions they came to a decision that their model performed better when terms were included.

A study [5] on Stack Overflow tries to augment API documentation from the insights in Stack
Overflow posts. They applied a novel supervised machine learning approach SISE that uses
the sentences as features. This study shows a way to consider Stack Overflow metadata and
parts-of-speech tags to significantly improve extraction processes. Another study by Toba et
al. [16] studies on the quality of the answers provided by the users on CQA sites. They pro-
posed a hybrid hierarchy-of-classifiers framework to model QA pair with a view to identifying
high-quality answers. They also found out a number of novel features to distinguish answers’
quality. Rocha et al. [17] showed the feasibility of automatically generated tutorials. They de-
veloped and evaluated several methods to generate tutorials for APIs with the contents of Stack
Overflow. They also organized those contents according to their complexity level that had better
result regarding the generation methodology.

Competition based difficulty level estimation of the questions was done in [6]. This study
compares between users and questions. They adopted some assumptions. They assumed that
the difficulty level of a question is higher than that of the expertise level of the user who asks
the question in general. They also assumed that the user who provides the accepted answer has
a higher expertise level than the user who posted the question. This is a hard assumption. Also,
possible absence of answers at the early stage after a question is posted is beyond applicability
of this approach. An improvement over this is proposed in [7]. They added a textual description
along with the user-question comparison.



Chapter 4

Generation of Dataset and Feature
Selection

4.1 Generation of Dataset

First, we discuss how we have gathered data from Stack Overflow. Then we shall discuss the
training set generation process we adopted prior to implementing the supervised learning. This
whole process is shown in Figure 4.1.

4.1.1 Harnessing Stack Overflow Data

There are two ways to collect Stack Overflow data. some works such as [5] use Stack Overflow
API and some others such as [18] use Stack Overflow data dump. Both the processes have
respective advantages and disadvantages. The advantage of using Stack Overflow API is that it
always reflects the latest content available on Stack Overflow. However, the query mechanism
does not offer much pruning facility. On the other hand, if we use Stack Overflow data dump
and store it locally in a database, it is possible to use full query facility which is required in
our case. Hence, we adopted the second means accepting that the data is not real-time. For an
empirical study, this is not a matter of concern. All the data dump we used were downloaded
between 20 September to 24 September 2016 from data dump website. 1

4.1.2 Topic Modeling

Java is one of the most popular programming languages in the world. According to a survey [19]
conducted by Stack Overflow, 41.6% back-end developers and 54.2% mobile developers prefer

1ia800500.us.archive.org/22/items/stackexchange/
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Figure 4.1: An overview of our data processing

Java which makes it one of the top three languages used by these kinds of programmers. 33.6%
mathematical and data analysis are done in Java. Java is the most popular language among
students since 51.1% of them using this language. 30.7% full-stack engineers use Java which is
in the top five of their choice. It is also the second most popular technology on Stack Overflow.
Therefore it can be said that Java is one of the most used programming language and the most
preferred language for learning purpose. In order to find the issues facing most by the Java
programmers, we used LDA for topic modeling. LDA has been proved to be the best technique
for topic modeling in natural language documents in [20]. It has been used also in software
engineering genre. Lukins et al. [21] used LDA to extract topics from bug reports. The same
technique was applied to identify topics in source code by the work of Kuhn et. al. [22]. A
work on frequently asked questions by mobile developers by Rosen et. al. [23] applied LDA
to the titles only because title summarizes the question.It eliminated the body of the question
including code snippet as it might add noise. However, as our main concern is the questions
on Stack Overflow, we decided to apply LDA upon the questions using the concept from the
aforementioned work. Since our research questions relates to the questions only, answers are
not consulted. We used MALLET 2.0.7 [24] for applying LDA upon the question titles of our
data set. We had to study with different values of hyper-parameter (K). According to Rosen et.
al [23], the value of sampling iteration has such an effect that increasing it increases precision.
However, increasing it too much has a bad effect if we want to generalize the topics to some
extents. We used the same value K = 40 as the work in [23]. We separated the titles from
each question and put them in 900 different text files. We excluded common English adverbs,
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Table 4.1: Characteristics of Questions of Different Categories

Type of Question Characteristics

Basic
Questions that can be answered with simple built-in functions/API
documentation/beginners level books.
Questions with comparison between constructs/functions of two languages (for bet-
ter understanding of the language or for learning a new language).
Questions with simple problem-solving.

Intermediate

Questions that require a relatively deeper understanding of the language to answer,
for example Why type questions.
Questions where the questioner knows about the answer/solution of the
question/problem but wants to know more efficient answer/solution.
Questions related to time complexity, memory usage or other different resource
usages of a system/solution.
Questions that require answers with conceptual reasoning/underlying philosophy
of any programming construct/API or syntax/design principle.

Advanced
Questions that deal with hard/critical problems where solution needs in-depth
programming knowledge or conceptual/logical thinking.
Questions that require advanced in-depth knowledge of internal language structure.
Questions that deals with infrequently/rarely used framework/API.

pronouns, conjunctions and prepositions provided by [24] from our consideration.

4.1.3 Training Set Generation

In this work, we only considered questions regarding three popular Java related topics: Strings,
Threads and Inheritance. They are among the popular Java topics [25]. However, the method-
ology followed in our work is generalized and will work for any type of question. We randomly
selected 300 Q/A threads from each of aforementioned Java topic categories. We did not con-
sider any proportion of posts with respect to the total number of posts of the corresponding
category in Stack Overflow.

After extracting the questions, the first two authors labeled them into 3 categories, i.e., basic,
intermediate, and advanced. During this labeling process, they were only allowed to view the
titles and descriptions of the questions. Table 4.1 describes the characteristics of the types of
questions we observed for these 3 categories.

Here we discuss the properties of questions in Stack Overflow that we considered while labeling
the data set. A thorough and careful prior observation of a large number of questions identified
these properties. In short, the answers to the basic questions require knowledge from traditional
learning materials such as books, basic API documentation, tutorials, and simple programming
logic. The intermediate questions require conceptual knowledge of the language/platform, de-
signing efficient solutions and understanding resource usage of the system/program. The ad-
vanced ones deal with advanced logical thinking to solve a hard/difficult problem and in-depth
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knowledge of the internal structure of the language/platform.

We used Cohen’s kappa coefficient [26] to measure the inter-rater agreement. The result is
κ = 0.738, indicating high agreement in labeling. In the case of disagreements, the 3rd author
provided a decisive vote. After these preprocessing steps, we had 900 labeled questions in
the training data set. Of this 900 questions, 598 (66.44%) questions were labeled into the
basic category, 244(27.11%) questions belong to the intermediate category, and the remaining
58(6.44%) questions were categorized as advanced. The hypotheses of this study require the
classification of questions into either basic or non-basic category. Therefore, to improve the
performances of difficulty classifiers, we combined our three class data set into a two-class data
set by relabeling both intermediate and advanced questions as non-basic questions. All the data
used in this research and the test and validation results have been uploaded to this link 2

4.2 Feature Selection

After generating the training data set, we derive some features to be used in the supervised learn-
ing process. We mainly considered the attributes of the questions. No attribute of the answers
was taken into account except the response time of the first answer and median response time of
all the existing answers. Following the guidelines to select features offered by Yang et al. [27]
and Joachims et al. [28] we try to remove features that are either redundant or irrelevant and can
thus be removed without incurring much loss of information [29].The selection helps to reduce
over-fitting and memory requirement of the classifier. Moreover, it will give an idea about the
correlation of different features with classification. We used information gain [27] to select fea-
tures. Information gain is a measure of the reduction in entropy of the class variable(Labeling)
after the value for the feature is observed and is widely used for feature selection.

To select features we used WEKA’s3 select attribute [30,31] option. In Table 4.2, we present the
features we used in decreasing order of their respective information gain. Most of these are self-
explanatory. The score of the question implies the difference between upvotes and downvotes
of a question indicating the extent of research effort, clarity and usefulness of the question.
Favorite counts number shown on a question indicates how many community users marked it
as ’favorite’ under their profile that lets one find it easily later.

2https://goo.gl/tFpvZV
3http://www.cs.waikato.ac.nz/ml/weka/

https://goo.gl/tFpvZV
http://www.cs.waikato.ac.nz/ml/weka/
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Table 4.2: Features with highest Information Gain

Ranking Feature
1 Fastest Response time to the Question
2 Median Response time to the question
3 Question Body Size
4 Favorite Count of the question
5 Age of the Questioner
6 Score of the Question
7 View Count of the Question
8 Reputation of Questioner
9 Comment Count of the Question

10 Answer Count of the Question



Chapter 5

Empirical Studies

In this chapter, we present the empirical evaluation of our approach and evaluate the perfor-
mance of different machine learning classifiers in the real environment. We also investigate the
research questions we proposed previously.

5.1 Performance Evaluation of Supervised Learning Tech-
niques

After preprocessing data and selecting the features, we see that our data is imbalanced towards
basic questions. Hence, to remove the imbalance we applied SMOTE [32] and increased the
number of non-basic questions by oversampling. Next, we have applied different machine
learning techniques to select the best model for this problem for subsequent use. We tested dif-
ferent machine learning algorithms including ensemble approaches that are commonly used for
text classification in software engineering (e.g., [33]) on our training set, e.g., k-nearest Neigh-
bour (Ibk) [34], Decision Tree (J48) [35],Random Subspace [36], Naive Bayes [37], Bayesian
Network [38], Logistic Regression [39], Decision Table [40], Random Forest [41], AdaBoost
with Decision Stump [42], Multilayer Perceptron [43], LogitBoost [39] and Support Vector Ma-
chines (SMO, the sequential minimal optimization implementation in WEKA) [44]. We used
WEKA’s default setting for each classifier. We have applied “10-fold cross-validation” to train
our data and test them 100 times. Table 5.1 shows accuracy, precision, recall, and f-measure for
all the classifiers mentioned above using 10-fold cross validation.

We take both accuracy and f-measure as a performance metric. The logic behind taking f-
measure as a performance metric is that it gives us an opportunity to remove any choice biases
as most of the questions were annotated as basic. We may observe from the table that only
three classifiers achieved accuracy and f-measure above 0.7. After comparing results for all the
classifier mentioned above with 10-fold cross validation, we found that Random Forest clas-

22
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Table 5.1: Performance of Different Classifiers

Classifier Accuracy Precision Recall F-measure
k-nearest neighbour (Ibk) .559 .585 .559 .525
Decision Trees (J48) .6522 .652 .652 .652
Naive Bayes .5508 .617 .551 .474
Random Subspace .7221 .722 .722 .722
Decision Table .6847 .697 .685 .680
Random Forest .7271 .729 .727 .726
Adaboost with Decision Stump .6514 .651 .651 .651
Multilayer Perceptron Neural Network .617 .617 .617 .617
LogitBoost .693 .693 .693 .693
Logistic .6798 .650 .650 .650
Support Vector Machines .6015 .621 .601 .586
Bayesian Network .7088 .709 .709 .709

sifier achieved both highest accuracy and f-measure score, i.e., 0.727 and 0.726, respectively.
Therefore, for the rest of our work, we consider Random Forest as our chosen classifier. This is
referred as QDE tool in the rest of the work.

The confusion matrix created by this tool on our training data is shown in Table 5.2.

Table 5.2: Confusion Matrix of Random Forest on Training Set

Classified As
Basic Non-Basic Total

True Class
Basic 406 192 598
Non-Basic 136 468 604

Total 542 660 1202

As we see from Table 5.2, out of 1202 instances 874 instances were classified correctly achiev-
ing an accuracy of 72.712% with 10-fold cross-validation. It is evident from the analysis that
the QDE tool is quite successful in both identifying basic and non-basic questions. Therefore,
to answer our first research question regarding the ability to give a nominal response to a Stack
Overflow question, we conclude that our approach was able to categorize questions into the two
categories with reasonable accuracy and precision.

5.2 Ground Truth Validation of the Results of QDE

In order to see how the QDE tool performs in the real environment, we tried to verify its perfor-
mance in comparison with six human raters. The population for this experiment was recruited
from the students of various study levels and the professionals of various experience levels. The
students who were considered for this study were from junior and senior levels at Department
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of Computer Science and Engineering, Bangladesh University of Engineering and Technology
(BUET). We recruited professionals who have experience of Java programming for a long pe-
riod of time. Two lecturers from BUET who have experience in teaching programming were
also recruited for this study.

In case of recruiting students, we randomly selected one student from each level, i.e., junior
and senior. For this purpose, we used student website 1. We contacted some randomly se-
lected students who have made their email address public. It took 10 emails to recruit those
two students (response rate 20%). We have consulted the university curriculum to have a bet-
ter understanding of their academic pipeline. The junior students had taken two programming
language courses on structured programming and object oriented programming, one course on
data structures and one algorithm course. They also have the experience of using java in small
scale software development and also had taken courses on compilers, databases and had expe-
rience of doing practical projects based on teachings of those courses. The senior students had
taken advanced software engineering courses, had experience of reasonable-scale software de-
velopment. The lecturers who were recruited for this study had experience of teaching different
programming languages including Java (mentioned on their website) for three years and also
took part in consultancy projects on behalf of BUET.

For professionals, we used Facebook and a mailing list of professional programmers in Bangladesh.
These professionals had experience in the software industry for more than five years.

The study was conducted using Google Forms and there were no time constraints. To ensure
minimum bias when we recruited participants for this study, we informed the participants nei-
ther the aim of this study nor the process of this experiment. We selected these participants in a
way so that they can be compared as a pair according to the same or close level of experience
with Java.

Then we verified the performance of the model with respect to the labeling of the human raters.
The question given to the participants were then predicted by our classifier model. The accuracy
(match between results of the human and QDE tool) of our QDE tool is shown in Table 5.3.

Table 5.3: Result of the Study

Rater Average Accuracy
UG students 65%

Lecturers 65%
Professional Developers 61.25%

As previously mentioned, all the validation and test results are uploaded in the web link2. As

1http://cse.buet.ac.bd/moodle/
2https://goo.gl/tFpvZV

http://cse.buet.ac.bd/moodle/
https://goo.gl/tFpvZV
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we can see from Table 5.1, The average accuracy was 72.71%. It is evident that our classifier
model achieved almost the same accuracy it had in the training set.

To answer to our second research question, we conclude that our QDE tool had almost the same
accuracy of prediction it had on the training set.

5.3 Hypotheses Testing Results

We have collected all the questions of Java String, Thread and Inheritance category from Stack
Overflow which have an accepted answer. There were 5505 Inheritance, 16829 Thread and
22578 String questions. We classified these questions with our chosen classifier i.e., Random
Forest. We can categorize the questions into basic and non-basic (which consists of interme-
diate and advanced questions) classes for the testing hypothesis as discussed before. We also
collected the reputation points of the accepted answerers for these questions. The question
distribution of three categories is shown in Table 5.4.

Table 5.4: Question Distribution for three categories

Basic Non-Basic Total
Inheritance 2928 2577 5505

Thread 8038 8791 16829
String 14601 7977 22578
Total 25567 19345 44912

We performed Shapiro-Wilks normality tests [45] on all the measures in this study and found
that first two distributions following a normal distribution and the last one significantly differing
from a normal distribution. Therefore, we used parametric hypothesis tests(t-tests [46])for the
first two hypotheses and non-parametric test(Mann-Whitney U test [47]) for the last hypothesis
introduced in section 2 and used mean for first two cases and median for the last case to report
the central tendencies.

5.3.1 H1: Basic question vs Accepted answerer rating

Table 5.5 shows the mean rating of accepted answerers for both basic and non-basic questions
for three categories. The mean rating of accepted answerer is significantly higher (t-test, p <
.001 for all the categories) for basic questions on all the categories, supporting H2. Table 5.5
shows t-value, critical t-values and df (degree of freedom) for all the categories.
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Table 5.5: H1: Basic question vs Accepted answerer rating

Category
Mean Rating of Accepted Answerers

t-value t-critical df
Basic Questions Non-basic questions

Inheritance 112412.4 72800.21 8.25 1.65 5503
Thread 94274.6 62441.5 13.5 1.65 16827
String 85988.1 53612.5 15.574 1.65 22576

We see from Table 5.5 that for all categories t-values are greater than respective t-critical values
supporting H1.

5.3.2 H2: Questioner rating vs Accepted answerer rating

Table 5.6 shows the mean rating for both questioners and accepted answerers for three cate-
gories. The mean rating of accepted answerer is significantly higher (paired t-test, p < .001 for
all the categories) than mean rating questioner on all the categories, supporting H2. Table 5.6
shows t-value, critical t-values and df(degree of freedom) for all the categories.

Table 5.6: H2: Questioner rating vs Accepted answerer rating

Category
Mean Rating

t-value t-critical df
Accepted Answerers Questioners

Inheritance 93869.14 3719.64 37.38 1.65 5503
Thread 77645.88 3203.01 62.87 1.65 16827
String 74549.5 2845.17 71.79 1.65 22576

We see from Table 5.6 for all categories t-values are greater than respective t-critical values
supporting H2.

5.3.3 H3. Non-basic Questions vs Lines of Code (LOC)

In Stack Overflow, sometimes code snippets are found both in questions and answers. These
snippets help to present the problems and the solutions as well. Non-basic questions contain
larger code snippets (line of code) than the basic ones since only text description sometimes
fails to present the complex problems found in non-basic questions. To evaluate the hypothesis,
we first excluded the questions without any code snippets from the dataset. Therefore, our
statistical test result solely depends on questions with code snippets. We performed Shapiro-
Wilk test on the dataset and found that it does not follow normal distribution. Since the variable
type of LOC is ordinal and the dataset does not follow normal distribution, we applied Mann-
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Whitney U test to evaluate the hypothesis. We found p < .001 which implies that the result is
statistically significant to support H3.

5.4 Implications of the study

This study on the difficulty level categorization has several implications on the users of Stack
Overflow.

1. Benefiting the users’ teaching material collection from Stack Overflow.

2. Benefiting the users’ learning process from Stack Overflow.

3. Providing helpful code examples

4. Useful for Routing Questions.

These following subsections describe these implications.

5.4.1 Benefiting the users’ teaching material collection from Stack Over-
flow

Nowadays, teachers/instructors of programming courses often take examples from Stack Over-
flow posts to demonstrate real world issues and sometimes for practice exercise. The level of
students varies from sophomore year to graduate level. Hence, it is very useful to have a classi-
fication of posts/discussions that match the level of target audience. Manually identifying them
matching desired difficulty level is cumbersome as numerous entries are being posted in every
minute and few of them are of a particular level, e.g. advanced. Thus, the developed QDE tool
is expected to benefit teachers select suitable examples more conveniently and appropriately.

5.4.2 Benefiting the users’ learning process from Stack Overflow

The users on Stack Overflow are of different expertise levels. Their grasp of a particular topic
may vary. While learning a particular thing from Stack Overflow, s/he may be confused about
the topics and solutions available to the specific problem the user is facing. There may exist
many solutions to a problem that troubles a user. Efficient and better solution may require the
user to have knowledge on advanced topics whereas the same problem may be solved with basic
concepts in a less efficient and less appreciated way. If a user has to use a significant amount of
time in identifying questions that match his/her level, s/he may get discouraged and the learning
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process is hampered. Therefore categorizing the questions according to their difficulty levels
may help a lot to improve the learning practice of the users of Stack Overflow.

5.4.3 Providing helpful code examples

People often prefer to take help through viewing code examples especially in case of learning
how to use new APIs or a new language [12]. Often basic questions on Stack Overflow are
accompanied by some code snippet or code examples. The person who is attempting to answer
the question often mentions a single API along with a line of code or a block of code in order to
simplify the use of that API. This can be very helpful for the people who like to rely upon code
examples while learning.

5.4.4 Useful for Routing Questions

When a new question is asked in Stack Overflow, it is routed to some potential users who are
experts on the topic so that answers are posted quickly. On the common topics, there are many
users capable of asking, however, with different depths of knowledge. The users’ capability is
represented by his/her rating. If the difficulty level of a question is identified, it may be routed to
the user with a rating that is supposed to match the difficulty level of the question. Consequently,
experts will be relieved of dealing with trivial/simple questions. On the other hand, new users
may be encouraged by being asked to reply to questions matching his/her level.



Chapter 6

Threats to Validity

In this empirical study, there can be several threats that can challenge the validity of this study.
There are four common threats to validity. They are:

1. Internal validity

2. External validity

3. Construct validity

4. Conclusion validity

All these are discussed in the following subsections.

6.1 Internal validity

The primary threat to internal validity is choosing a programming language and tags. We chose
to work with a dataset about Java Strings, Inheritence and Threads. Though questions about
these topics or having Java as tags with the corresponding questions are very much common on
Stack Overflow, they do not necessarily cover all the possible topics or questions available here.
However, characteristics related to the difficulty of a topic may not be related to the language
or topic highly. We think this threat is minimal for the following reasons:

• Java, being a very much popular, vast, and mature programming language, covers a lot of
things common to other programming languages. 51.1% back-end code is done with Java
according to a survey by Stack Overflow that is shown in Figure 6.1.

• Java unifies many of the programming philosophies such as object orientation and struc-
tured programming which brings many modern concepts under the same hood.

29
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Figure 6.1: Popularity of programming languages in back-end development

• We did not use any feature specific to Java to train our models.

.

Therefore, we believe that our internal threats to validity are not a matter of concern.

6.2 External validity

The consideration of difficulty levels of programming related questions may vary greatly from
person to person according to their expertise level. However, our dataset was labeled by first
two authors who are senior year undergraduate students who have hands-on experience in appli-
cation development with Java. Tie-breaking of their conflicts was done by the third author who
is a faculty member having experience of teaching Java at undergraduate level. Again, among
the six human raters participated in the validation process, two were selected randomly from the
undergraduate students (junior and senior). The other human raters are lecturers or profession-
als in software industry. Hence, we may say that the annotation of the questions according to
the difficulty being biased by one’s expertise level is minimal. Another threat may come from
the impact of age of the raters. According to a survey conducted by Stack Overflow [19], we
know that average developers’ age is 29.6 years with a median of 27 years. Figure 6.2 shows the
graphical representation of Stack Overflow survey participants’ age. In our case, persons who
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labeled the dataset initially and the human raters participating in manual validation are aged be-
tween 20 to 36 years with a median of 30 years which is very close to that of the general users
of Stack Overflow. This similarity implies that our methodology is not vulnerable to possible
external threats.

Figure 6.2: Developers’ profile: Age [Source: http://StackOverflow.com/
insights/survey/2016]

Gender of raters may have impact upon the labeling process. 92.8% developers are male as we
know from a survey by Stack Overflow, shown in Figure 6.3. Majority of our raters were male
to reflect this observation.

Figure 6.3: Developers’ profile: Gender [Source: http://StackOverflow.com/
insights/survey/2016]

http://StackOverflow.com/insights/survey/2016
http://StackOverflow.com/insights/survey/2016
http://StackOverflow.com/insights/survey/2016
http://StackOverflow.com/insights/survey/2016


6.3. CONSTRUCT VALIDITY 32

6.3 Construct validity

In absence of any dataset available for our context, we had to build our own using the standard
methodology as discussed in Section 4.1. In short, we had the data labeled by the first two
authors independently. The third author settled the disagreements independently. Thus, the
preparation of dataset is not likely to suffer from any bias. This dataset consisting of 900
questions performed well under different classifiers with accuracy up to 72.71%. We used 10-
fold-cross validation while validating the performance.

The predicted data by our model was also manually validated by programmers of different
expertise levels. Their result matched with our model’s predicted data with similar accuracy.
Hence, our manual rating did not face any sort of bias due to variation in expertise levels of the
human raters. Therefore, construct validity in our study is expected to be non-existent.

6.4 Conclusion validity

The used dataset was collected from Stack Overflow data-dump from late 2016. This dataset re-
flects the current trends of Stack Overflow very well. The size of our dataset is close to the sizes
of other studies recently done on Stack Overflow data. For the imbalanced nature of dataset, we
used oversampling using SMOTE [32]. We have adopted widely used implementations of the
commonly used machine learning techniques for this study. Therefore, our study does not have
any serious threat to conclusion validity.



Chapter 7

Conclusion and Future Work

In this study we have presented, to the best of our knowledge, the first scheme that determines
the difficulty level of programming questions in Q/A sites such as Stack Overflow without
requiring complex input pre-processing. We have used supervised learning techniques by de-
veloping standard annotated dataset, tried different classifiers, and selected the best one in terms
of accuracy and f-measure. The result has also been validated with independent human raters.
The measured difficulty level of questions is likely to help the learning process of programming
to identify the posts that match the expertise level of target audience and also the site admin to
route questions to appropriate persons. Thus it is expected to benefit numerous users who use
this alternative, yet, very strong learning medium. Using the best performing model, we classi-
fied all available questions of relevant types from Stack Overflow and studied some properties
of questions with respect to their difficulty levels. Results of the study suggest that basic ques-
tions receive higher view, higher rating, and contain lower lines of code. We also found that the
reputation of answerer is usually significantly higher than that of the corresponding asker.

In future, we plan to work on different types of questions on various programming languages
and other technical topics such as security.
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Appendix A

Codes

A.1 Sql query for generating questions

We use this sql query to generate 300 questions randomly from Java Strings, Thread and Inher-
itance

1 SELECT

2 top 300 Title,score,tags,body

3

4 FROM

5 Posts

6 where

7 Tags like ’%java%’ and Tags like ’%string%’

8 and Tags not like ’%javascript%’ and Tags not like ’%c++%’

9

10 ORDER BY

11 rand()

A.2 Script for LDA in Mallet

We use the following script to do LDA up on the titles of Stack Overflow questions.

1 #!/bin/bash

2 ./bin/mallet import-dir

3 --input labeling1000_dataset --output labeling1000_dataset.mallet

4 --keep-sequence --remove-stopwords

5

6 bin/mallet train-topics --input labeling1000_dataset.mallet
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7

8 bin/mallet train-topics --input labeling1000_dataset.mallet

9 --num-topics 40 --output-state topic-state.gz

10 --output-topic-keys

11 labeling1000_dataset_keys.txt --output-doc-topics

12 labeling1000_dataset_compostion.txt

13

14 bin/mallet train-topics --input labeling1000_dataset.mallet

15 --num-topics 40 --optimize-interval 40 --output-state topic-state.gz

16 --output-topic-keys

17 labeling1000_dataset_keys.txt --output-doc-topics

18 labeling1000_dataset_composition.txt

A.3 Sql query for getting the feature values of a question

We use this for getting the feature values of a question.

1 SELECT

2 p.Title,p.score,p.ViewCount,p.AnswerCount,p.CommentCount,LEN(p.body) as ques_size,

3 p.favoritecount,p.id,

4 u.reputation as user_repo,u.creationdate as user_join_date,

5 datediff(MINUTE, p.CreationDate, a.CreationDate) as QATimeGap

6 from posts as p, posts as a, users as u

7 where

8 p.id=a.parentId and

9 p.owneruserid=u.id and

10 a.creationdate =

11 (select min(tau.creationdate)

12 from posts tau

13 where tau.parentID=p.id

14 group by tau.parentID) and

15 p.title like ’%Java HttpServer/HttpExchange GET%’

A.4 Sql query for getting median and age values of questions

We use this query to get the median response time of the question and age of the questioner.

1 WITH my_table AS

2 (

3 SELECT
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4 P.title,U.age,p.score,p.ViewCount,p.AnswerCount,p.CommentCount,LEN(p.body) as ques_size,

5 p.favoritecount,u.reputation as Question_user_repo,

6 acuser.reputation,

7 DATEDIFF(minute, P.CreationDate, A.CreationDate) AS ResponseMinutes

8 FROM

9 Posts P

10 INNER JOIN Posts A ON P.Id=A.ParentId

11 INNER JOIN Users U on p.ownerUserId=U.id,

12 posts as ac,

13 users as acuser

14

15 WHERE

16 p.AcceptedAnswerId=ac.id and

17 ac.OwnerUserId=acuser.id and

18 P.PostTypeId=1 AND

19 p.tags like ’%java%’ and

20 p.tags like ’%multithreading%’ and

21 p.AnswerCount > 0

22 )

23

24 SELECT DISTINCT title,

25 PERCENTILE_CONT(0.5)

26 WITHIN GROUP (ORDER BY ResponseMinutes)

27 OVER (PARTITION BY title) AS Median,

28 age,score,ViewCount,AnswerCount,CommentCount,ques_size,favoritecount,

29 Question_user_repo,

30 min(ResponseMinutes)

31 OVER (PARTITION BY title ORDER BY ResponseMinutes) AS QATimeGap,reputation

32 FROM my_table

A.5 Python code for getting number of lines of code (LOC)
in question

We use the following Python script to know the number of lines of code in each of the question
body.

1 import re

2 import math

3 import xlrd

4 import csv
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5

6 data = list(csv.reader(open(’filename.csv’)))

7 for row in range(0, len(data)):

8 text = data[row][1]

9 starts = []

10 ends = []

11 sizes = []

12 for m in re.finditer(’<code>’, text):

13 starts.append(m.end()+1)

14 for m in re.finditer(’</code>’, text):

15 ends.append(m.start())

16 for i in range(0, len(starts)):

17 newcode = text[starts[i]:ends[i]]

18 linecount = newcode.count(’;’)+newcode.count(’//’)+newcode.count(’/*’)

19 sizes.append(linecount)

20

21 print(math.ceil(float(sum(sizes)) / max(len(sizes), 1)))
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