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ABSTRACT
Community Question Answering (CQA) services have become pop-
ular methods to seek and share information. In CQA, users with
an information need, or askers, post a question that community
members can answer. This question-answering process allows both
askers and answerers to learn through the exchange of information.
CQA services have also been widely used in the education domain,
as some of such services are designed specifically for students’ in-
formation seeking. However, due to insufficient knowledge, lack of
experience, and other reasons, students often struggle in producing
quality or even appropriate content. This low quality production
causes their content to be flagged or deleted, further discouraging
them from participating in the CQA process and instigating a vi-
cious cycle of bad users and bad content. In an effort to break this
cycle, the work reported here focuses on identifying users whose
postings demonstrate a high deletion rate with a presumption that
the bad content is an indication of a struggling student rather than
a malicious user. In this work, experiments are conducted on a
large student-oriented online CQA community to understand strug-
gling students’ behaviors. A framework is proposed to find these
users based solely on their activities. Finally, community feedback
(i.e. human judgment) such as moderator evaluation or commu-
nity votes for good content is used to detect these users in the early
stages of their respective struggles. To evaluate this framework,
we used data from Brainly, a large educational CQA service that is
used in two different markets with more than 3.7 million users and
10.7 million answers. The results show that the human judgment
feature identifies early-stage struggling users with high accuracy.
Identifying these struggling users (students) could help educators to
determine suitable ways to help their students instead of presuming
them to be bad users and cutting them off from the community.

1. INTRODUCTION
With the emergence of the Web and more specifically Web 2.0,

a vast number of users have used interactive online communities
in order to seek and share information. Examples of these online
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community platforms include social networks, wikis, blogs, and
community question-answering (CQA) sites. These platforms pro-
vide an unprecedented opportunity for users to enrich their minds
and share knowledge. One popular way to ask a question is through
CQA, where users often desire more personalized answers. CQA
also takes advantage of Wisdom of the Crowd, or the idea that every-
one knows something [30]. Users can contribute to the community
by asking questions, giving answers, and voting for high-quality
posts.

Many initial CQA venues, such as Yahoo! Answers and An-
swerBag, were developed to support general-purpose questions.
Other CQA platforms focus on more specific topics; for exam-
ple, Stack Overflow supports issues related to computer program-
ming. Recently, CQA has evolved to support online learning. Some
small-scale CQAs were introduced in order to support small groups
of university students [2], [28]. These educational CQA sites in-
clude Chegg1, Piazza2, and Brainly3. Brainly, for instance, special-
izes in online learning for primary and secondary students, help-
ing them interact with each other by asking and answering ques-
tions related to school subjects (e.g., English, Mathematics, Biol-
ogy, Physics, Chemistry, etc.) [7]. Although most CQAs are pub-
licly available and any student is welcome to join for educational
purposes, a majority of new CQA users may be fully or partially
unaware of these sites’ community norms. These norms constitute
user behaviors that govern how to appropriately ask and answer a
question in order to satisfy an asker’s information need. Misunder-
standing these norms may affect a user’s ability to post appropri-
ate and mutually beneficial answers to a CQA community. Though
users who struggle to understand community norms but continue to
answer questions differ from online lurkers who most likely con-
sume content without creating it [29], they both need guidance
in order to create appropriate answers and participate in healthy
question-answering activities. Thus, the main research objective
of the current study is to understand characteristics of those strug-
gling CQA users and investigate a series of features that indicate
their behaviors. To do so, we propose a framework to automati-
cally identify struggling users based on their question-answering
activities. We also attempt to investigate the feasibility of detect-
ing struggling users in the early stages of their problems by using
community feedback. Community feedback is the feedback from
other users to the quality of answers such as other users vote for
best answers or moderators delete bad quality answers. Under-
standing struggling users and identifying them in the early stages

1https://chegg.com/study/qa
2https://piazza.com/
3http://brainly.com
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of their CQA activities may help create appropriate user guidelines
that demonstrate how students can properly seek and share infor-
mation within an online education community in order to increase
or improve their knowledge.

In the current study for identifying struggling users, we attempt
to examine Brainly, one of the largest CQA services specifically
targeted towards education. Brainly is an online social learning
network for students and educators with millions of active users. It
has approximately 60 million monthly unique visitors as of January
2016 and is available in 35 countries, including the United States,
Poland, Russia, Turkey, Brazil, France, Indonesia, and more.

Our specific contributions with this work are as follows.

• Conducting an empirical study centered on struggling users
to see how their actions differ from user norms.

• Proposing a framework to find the struggling users based
solely on their online activity.

• Proposing a framework to detect the struggling users in their
early stages through their online activity and community feed-
back (i.e. human judgment on the quality of answers). Early
detection can help us outline suitable actions to help these
users.

• Examining the importance of features in detecting struggling
users. These show that some early community feedback is
important.

2. BACKGROUND AND RELATED WORKS

2.1 Community Question-Answering (CQA)
The emergence of the Web, and specifically Web 2.0 technolo-

gies, have changed the way that users look for information in vir-
tual environments. Search engines allow users to quickly find in-
formation, but they do not satisfy needs that require more person-
alized answers. These needs led to the development of Community
Question-Answering (CQA) platforms, which have become popu-
lar places for Internet users to look for more personalized answers
to their questions. Some popular CQAs, such as Yahoo! Answers
and Stack Overflow, attract millions of users, and CQA takes ad-
vantage of Wisdom of the Crowd, or the idea that everyone knows
something [30]. In CQA, any user can join and become a part of
the community by asking questions, giving answers, making com-
ments, and voting for appropriate and thorough posts. In order to
ensure content quality, a small number of users are promoted to
moderators, and the majority of the community’s activities are cu-
rated by those moderators.

The popularity and success of CQA have attracted academic re-
search interests. Previous works have investigated user interest and
motivation for participating in CQA [24, 33]. Using the popular
Yahoo! Answers, Adamic et al. [1] studied the characteristics of
CQA participants. The authors analyzed questions and clustered
them based on their contents. The results identified diverse user
types. The study revealed that a majority of users is only interested
in a small number of topics, while other users have a broad inter-
est. The work also showed that it is possible to automatically select
questions’ best answers via some basic features, such as a post’s
length and the past answers given by its author.

Moreover, as answer quality is among the most critical factors
for a CQA site’s success, previous work showed that it is possi-
ble to automatically examine answer quality based on users’ past
history [26, 31, 11]. Shah et al. [27] discovered that questions
remain unanswered in CQA when they are fact-based. This work

also explored why fact-based questions often fail to attract an an-
swer. Automatically determining a posts’ quality can significantly
reduce the work CQA can require of human judgment. Le et al.
[17] used different group of features to evaluate the quality of edu-
cational answers automatically. Teevan et al. [32] discovered that
questions’ punctuation, length and scope affect the quantity, qual-
ity, and speed of answers in CQA.

2.2 CQA for Online Learning
Early-developed CQA platforms, such as Yahoo! Answers and

WikiAnswers, support general-purpose activities. Later forums such
as Stack Overflow center around narrower topics and attract more
focused communities. Recently, CQA has been deployed in ed-
ucation. Some small-scale CQA tools were developed to support
small groups of university students [2], [28]. Some larger educa-
tional CQAs are becoming popular; these include Chegg, Piazza,
and Brainly. Brainly specializes in online learning for students
through asking and answering activities in 16 main school subjects
(e.g., English, Mathematics, Biology, Physics, etc.) [7].

Educational CQA not only provides a platform to support ques-
tioning and answering, but can also test a student’s knowledge based
on the content they generate. A student can learn from others’ an-
swers, and can also learn through their own answering activities, as
helping others allows them to test whether they understand a ques-
tion and its topic.

2.3 User Behavior in an Online Community
An online community’s success greatly depends on its users be-

cause community content and activities are primarily based on users’
activities. Thus, user behavior attracts a great deal of research inter-
est. A community’s size–especially the ratio of answered to unan-
swered questions–is a large component of its overall effectiveness.
[34]. Dumais et al. [8] studied users’ behaviors based on the log
of activity and suggested suitable methods to design the system to
collect search data. They also discussed the challenges of using
real users’ activity logs. Users make diverse contributions in CQA.
Le and Shah [16] showed that a small number of users contribute
heavily to their community and are crucial to its health. This ob-
servation motivated these researchers to develop a framework in
which they integrated various features to detect top contributors in
their early stages of site use. Contrastingly, “the lurker" is prevalent
in many online communities. Gong et al. [9] profiled lurkers in an
online social network. Compared to other users, lurkers maintain
far fewer social connections. The work found that popular global
events will break lurkers’ silence. It is not clear why these users are
lurkers or why active users become lurkers.

The ability to detect an untruthful contribution is also an impor-
tant task [23, 31]. Pelleg et al. [23] studied truthfulness in CQA
sites. This research examined whether users provide truthful in-
formation about themselves on CQA sites, and found that askers
generally provide accurate personal information, even when they
post sensitive questions. Tan et al. [31] proposed a new method
called CQAL to automatically predict the quality of a post in a so-
cial knowledge base. On these platforms, such as Wikipedia or
Freebase, users can edit articles. These contributions might contain
inaccurate information and detract from other users’ experiences
with these sites. Some signals that help determine truthfulness in-
clude user contribution history, the features of each subject, and
user expertise. Determining question and answer quality will ulti-
mately prove essential when analyzing questioning and answering
behaviors in CQA.

All communities want to attract new members, but existing mem-
bers who leave a community are a prevalent issue. Understand-
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ing when and why users leave a particular community provides a
overview of the community’s health [21], [19], [25]. These works
used user behavior ego-nets to predict behavior and activity pat-
terns. Pal et al. [22] provided an overview of user evolution in
CQA, which included various users’ in-site activities and their ef-
fects. Antisocial users also indicate community health. Cheng et
al. [6] examined antisocial behavior in online postings. Research
shows that it is significantly different from other kinds of behav-
ior. For example, antisocial users compose their posts differently
than others, or display a more negative sentiment. Deleting these
users forms a bimodal distribution which is very high or very low.
User experience with online activity also attracts interest from the
research community [20], [13]. Scholars showed that user engage-
ment is complex. Furthermore, click patterns, dwell times, and
keyboard actions correlate with user engagement. Mao et al. [18]
predicted users’ engagement with volunteer crowd-sourcing. The
study showed that the average number of tasks was the strongest
predictor of future engagement with online crowd-sourcing.

In our work, we focus on investigating struggling users who want
to contribute to a CQA community, but may be unable to participate
in an acceptable way. To the best of our knowledge, our work is the
first study in struggling users in educational CQA.

3. DATASETS AND CHARACTERIZATION
OF THE DATA

Overview: In this study, we use data provided by Brainly.com.
This is an online Q&A for students and educators with millions
of active users. Here, we use data from two markets: the United
States (US) and Poland (PL). US is an emerging market that started
in 2013 while PL is a well-established market that began in 2009.
Table 1 describes some characteristics of these data sets. Brainly
requires high quality answers. Thus, moderators delete incorrect
answers, incomplete answers, or spam posts. A small fraction of
highly experienced users are promoted to be the moderators. The
moderators not only have experience, but also have a history of sig-
nificantly contributing to the community. In terms of assuring an-
swer quality, moderators are able to delete wrong, poor, and spam
answers with additional explanations to answerers; approve appro-
priate answers; warn and ban users who behave against policies;
and participate in the forum to share their experiences with content
moderation. There are 207 active moderators in US and 377 active
moderators in PL who voluntarily curate content on a daily basis.
Moderators also evaluate the majority of new material. The posts in
Brainly are divided into three levels (grades): primary, secondary,
and high school. Brainly also integrates social networking into the
platform, as it allows users to make “friends" and exchange ideas.

Table 1: Description about data.
Site Period # of Users # of Answers
US Nov ’13 to Dec ’15 800 K 700 K
PL Mar ’09 to Dec ’15 2.9 M 10 M

Figure 1 plots the distribution of the number of answers given
by each user. This follows the power law with some very active
users. Answering questions is a popular way for users to earn
higher scores and increase their ranking in the community. Giv-
ing many answers shows that an active user is willing to devote
their time to helping others.

4. EXAMINING STRUGGLING USERS
To understand struggling users based on their online activities,

we first show that these users exist in the community and display
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Figure 1: Distribution of number of answers given by each user.
A small fraction of users answer many questions while many
users answer a small number of questions.

behaviors that deviate from established community norms.

4.1 Definition of Struggling Users
In our work, we are focused on active users who have a lim-

ited ability to make meaningful contributions. We define struggling
users as those who actively provide low-quality answers to other
users’ questions. In particular, struggling users generate at least
X posts, with a ratio of deletion of at least Y percent. The value
depends on the requirement of the site. In this study, we work di-
rectly with Brainly’s data analysis and business intelligence team to
determine the threshold. The Brainly data analysis team suggests
X = 10 and Y = 0.7. We also extensively evaluate our method
with a wide threshold range to show its efficacy. Our method works
well with different thresholds.

4.2 Existence of Struggling Users
We examine the proportion of active users who are struggling

within the community. We consider struggling users to be those
who have the majority of their answering contributions deleted.
Figure 2 plots the histogram of the deletion rate of different types
of users. We plot the histogram of the deletion rates for the general
population, as well as users with at least 10 and at least 20 answers.
We see that some users have a higher deletion rate.

Figure 2 describes the percentage of struggling users in our data
sets. We see that there are quite a few users who want to learn and
contribute to the community, but cannot provide sufficient answers.
These users might need significant help, making it important to de-
tect and assist them. For example, 7.7% and 13.9% of active users
in US and PL markets have a deletion rate higher than 70%. This
is a large number of users equivalent to 28,364 individuals in PL’s
market alone. The number of struggling users will increase when
the site becomes more popular. As Brainly focuses on education,
it attracts a student user population whose learning process is of
particular importance.

4.3 Social Connections of Struggling Users
We examine whether there is any difference between the social

connections of struggling users and those of normal users. To en-
courage users to exchange information, Brainly includes a social
network-like structure in its architecture. We graphically represent
these social connections. Each user is a node, and each friendship is
an edge in the graph. The number of edges, a user’s clustering co-
efficient, and a user’s egonet (or friends of friends) represent some
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Figure 2: Deletion Rate. Histogram of deletion rate in two mar-
kets. Percentage of users with deletion rate higher than 0.7 is
the sum of the last three bars (0.7-0.8, 0-8-0.9 and 0.9-1).

features that demonstrate a user’s social connections. For example,
the clustering coefficient (CCi) of a node measures how closely a
user’s neighbors form a clique–or cluster together–and is defined
as:

CCi =
# of triangles connected i

# of connected triples centered on i
(1)

The higher clustering coefficient means that this user and their
friends form a stronger connection. For example, a fully connected
graph has (CCi) equals to 1, and a star graph has (CCi) equals
to 0. We denote di = |N(i)| as the number of friends of users i,
while |N(i)| denotes i’s set of neighbors. The average degree of
neighborhood is defined as

d̄N (i) =
1

di
×

∑
j∈Ni

dj (2)

We also use a node’s egonet features. A node’s egonet is the
subgraph created by the node and its neighbors. Egonet features
include its size, number of outgoing edges, and number of neigh-
bors.

We use these features because they incorporate four social theo-
ries: Social Capital, Structural Hole, Balance, and Social Exchange
[3]. The capacity of social connection plays important role in in-
formation propagation [10, 15]. Furthermore, these features can be
calculated locally which is scalable for large networks.

Table 2 summarizes the social connection features of normal
users and struggling users. In general, struggling users have fewer

social connections compared to normal users. Several reasons could
explain this deficiency. For example, it is possible that users who
provide low quality answers are less attractive to others. We per-
form t-tests on these two user groups. The degree and the cluster-
ing coefficient are significantly different with p = 0.01. A student
might want to connect with someone who gives high quality an-
swers. Thus, they are less likely to connect with struggling users.
Alternatively, struggling users may not know how to enrich their
social connections. In the case that struggling users do not know
how to connect with good peer users, a recommendation from a
new friend could help.

Table 2: Comparing the social connections between normal
and struggling users. The table presents the mean values and
standard error mean in the parentheses. Struggling users have
fewer social connections than normal users.

Features USA PL
Normal Struggling Normal Struggling

Degree 9.09 (0.41) 7.5 (1.07) 6.5 (0.08) 4.3 (0.10)
Degree_Adj 80.3 (1.60) 78.6 (1.41) 65.7 (0.3) 60.9 (0.6)
CC 0.13 (.003) 0.14 (.012) 0.04 (.002) 0.03 (.001)
CC_Adj 0.03 (.001) 0.02 (.0005) 0.09 (.002) 0.12 (.004)
Ego 25.8 (2.59) 14.2 (2.37) 14.6 (0.74) 4.5 (0.58)
Ego_Out 618.2 (19.7) 517.5 (29.6) 573.3 (7.9) 311.7 (11.2)

4.4 Reasons for Struggling Users
Fractions of deleted answers on Brainly receive comments from

moderators. The site wants to enhance its users’ experiences by
asking the moderators to explain why posts may be inappropriate
and should be deleted. In theory, moderators’ responses will help
answerers to improve their subsequent posts. Avoiding repetitive
mistakes betters the entire community’s experience. Some popular
reasons for deleting answers are listed in Table 3. There are many
reasons answers are considered incorrect. In the majority of cases,
posts are deleted due to answerers’ insufficient knowledge. In some
cases, an answer might be considered low quality due to improper
grammar, language, and other details.

4.5 Time to Answer Question
In the majority of tasks, greater enthusiasm and effort lead to

better results. We want to see this happen in educational CQA.
We measure the average time that users take to answer a question.
We also measure answer length. Table 4 shows that, compared to
struggling users, normal users spend much more time and effort on
their answers. Additionally, answers provided by struggling users
display a shorter length than those provided by the general popula-
tion. We perform t-tests on normal and struggling users. The aver-
age length of answer and average time spent per answer are signif-
icantly different with p = 0.01. The statistics show that struggling
users should put more effort into crafting high quality answers.

4.6 Difference Between Level of Education
Users with varying levels of education may not be equally ca-

pable of expressing answers. We examine whether there are differ-
ences among users from primary, secondary and high school levels.
Figure 3 describes the percentage of struggling students based on
their respective levels of education. The percentage of struggling
primary students is higher than secondary and high school students,
likely because primary students lack the ability to clearly express
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Table 3: Popular reasons for deleting answers. Answers are deleted for diverse reasons. Plagiarism, for instance, indicates the
answerer copied and pasted from other information sources without paraphrasing.

Reason Example
The answer contains mistakes Q: How do I solve 24-4*3?

A:Answer=60. 24-4=20. 20 x 3=60
The answer is uninformative Q: The total cost of renting a car is $30.00 for each day,the car is rented + 28.5 c for each mile
and does not show any work What is the total cost of renting the car for5 days and driving 350 miles??

A: I believe the total cost is 265.5$
The answer is pointless/meaningless Q: When was Central Intelligence Agency founded?

A: It needs to have more topic or it cant be understood or else it would be a pleasure to help you.
The answer is too vague Q: Simplify the expression (2x− 1)(x2 + 3x− 2)

A: Your answer is going to be 2x3 + 5x2 − 7x+ 2
The answer is incomplete Q: How to estimate 5.804+126.009+56.2345?

A: You round to the nearest thousandth
The answer contains linguistic errors or grammatical errors Q: What color is given for desert in map?

A: The answer is (BEROWN) .
The answer is plagiarized Q: Why shouldn’t we bath after having lunch or dinner?

A: Following ingestion food the splanchnic circulation or blood circulation to the viscera or
the different parts and organs concerned with food ...

their ideas. Fortunately, when detected and assisted at their primary
(young) age, these users can significantly improve their capability.

4.7 Activeness of Struggling Users
As we mentioned, we only studied users who generated a certain

amount of answers. In particular, we examined users who had at
least ten posts. Among these users, we found that struggling users
answered 33 questions in the US data set, and 25 questions in the
PL data set. These values are lower compared to normal active
users, but still high. They suggest that some struggling users want
to participate in the community, but their limitations prevent them
from making quality contributions.

Table 4: Comparing the effort put into creating an answer. The
table presents the mean values and standard error mean in the
parentheses. Struggling users spent less time and effort when
providing an answer compared to normal users.

Features USA PL
Normal Struggling Normal Struggling

Avg Time (sec) 80.4 (0.8) 42.2 (1.3) 171.4 (0.3) 79.5 (0.4)
Avg Length 119.9 (0.9) 94.8 (1.2) 367.7 (0.6) 321.1 (1.2)

4.8 Readability of Answers
To determine the quality of struggling users’ written text, we

measure its readability based on two popular indexes: automated
readability index (ARI), and Flesch reading ease score of answer
(FRES) [12]. The ARI measures what grade level should under-
stand the text, which is measured by

α ∗ # of characters

# of words
+ β ∗ # of words

# of sentences
− γ (3)

where α, β, γ are 4.71, 0.5, 21.43 respectively based on empiri-
cal study.

The FRES index measures the readability of the document. FRES
index is calculated as

α′ − β′ ∗ # of words

# of sentences
− γ′ ∗ # of syllables

# of words
(4)
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Figure 3: Percentage of struggling users with different educa-
tion levels. Many primary school students struggled to provide
good quality answers.

Again, α′, β′, γ′ are calculated based on empirical study and are
equal to 206.8, 1.01, 84.6 respectively. Higher FRES scores indi-
cate the text is easier to understand.

The average FRES value for normal users is 64.1(0.4) while the
FRES value of struggling users is 39.1(1.5). This reveals that it
is more difficult to read the answers given by struggling users,
which explains why some of their posts are deleted. But the distri-
bution of the FRES value varies widely between struggling users.
Many struggling users compose easy-to-read posts that provide in-
correct information. This observation bolsters the claim that posts
are deleted for a diverse array of reasons.

5. DETECTING STRUGGLING USERS WITH-
OUT HUMAN JUDGMENT

In the CQA community, a small number of high profile users are
authorized to examine answer quality. As the community develops,
users generate more content, and this places a growing burden on
moderators. In this section, we examine whether it is possible to
automatically detect struggling users without any human judgment.
Human judgment is the actions by moderator or other users such as
voting for the best answers or bad answers. The formal definition
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is: “Given a user and all of their posts, can we predict, without any
human judgment, whether this user has struggled with the site?”.

Finding these users is a classification problem, which includes
extracting features, building the classifier and applying the model
automatically.

5.1 Features Extraction
We identified a list of features based on our observations to ex-

tract struggling users. Table 5 lists the features used in our study.
They are divided into four groups: Personal Features, Community
Features, Textual Features, and Contextual Features. The Personal
Features include the number of answers given by the users, users’
grade level, users’ lifetime site presence, and how much time users
spend on the site. The Community Features include users’ so-
cial connections, as described in the previous section. The Tex-
tual Features include the ARI and FRES index, answers’ average
length, and features to represent the format of users’ writing, such
as whether their text is well formatted or whether it contains la-
tex typing. The Contextual Features include the time to answer or
typing speed.

These features are based on users’ activities. We excluded fea-
tures generated by moderators or other human judgment. The pur-
pose is to examine whether we can automatically evaluate the users.

Table 5: Lists of features are classified into four groups: Per-
sonal, Community, Textual, and Contextual. Features’ abbre-
viations are in brackets.

Personal Features
Number of answers given (n_answers)

Grade level of users (u_grade)
Lifetime of users (life_time)

Time spent with the site (spent_time)
Community Features

Number of friends in community (friends_count)
Clustering Coefficient in friendship network (cc)

Average degree of neighborhood (deg_adj)
Average CC of friends (cc_adj)

Size of ego-network of friendship (ego)
Number of outgoing edges in ego-network (ego_out)

Number of neighbors in ego-network (ego_adj)
Textual features

The avg. length of answer (length)
The avg. readability of answer (ari)

The avg. Flesch Reading Ease Score of answer (fres)
The format of answer (well_format)

Using advance math typing: latex (contain_tex)
Contextual features

Duration of time taken to answer (time_to_answer)
Typing speed (typing_speed)

5.2 Classification
Since our problem is a typical binary classification problem, any

classification method can work with our framework. In this work,
we applied different popular classification algorithms, including lo-
gistic regression, support vector machine, decision trees and Ran-
dom Forest [4]. Let X = x1, x2, ..., xn is the list of features such
as n_answers, u_grade. The list of classification algorithms is sum-
marized as:

• Logistic regression (log-reg): Log-reg is a generalized linear
model with sigmoid function: P (Y = 1|X = 1

1+exp(−b)
),

where b = w0 +
∑

(wi.xi) , wi are the inferred parameters
from regression.

• Support vector machine (SVM) with Radial basis (RBF) ker-
nel. The RBF kernel is defined as K(x, x′) = exp(− 1

2
||x−

x′||)2

• Decision trees: The Tree-based method is a nonlinear model
that partitions features into smaller sets and fits a simple
model into each subset. The decision tree includes two-stage
processes: tree growing and tree pruning. These steps stop
when a certain depth is reached or each partition has a fixed
number of nodes.

• Random Forest (RF): RF is an average model approach. We
use a bag of 100 decision trees. Given a sample set, the RF
method randomly samples data and builds a decision tree.
This step also selects a random subset of features for each
tree. The final outcome is based on the average of these de-
cisions.

5.3 Experiment Setup
We perform the prediction on a balanced data set of normal and

struggling users by under sampling method to create a balanced
data set [5]. We perform 10-fold cross validation in all experiments.
We measure the efficacy of our method with importance metrics in-
cluding accuracy, F1-score, and Receiver Operating Characteristic
(ROC).

• Accuracy: The accuracy measures the percentage of strug-
gling users that we can accurately detect. The higher the
accuracy, the better the algorithm.

• F1-score: This score considers both precision and recall. The
precision is the fraction of instances that are relevant, while
recall is the fraction of relevant instances that are retrieved.
Given precision and recall, F1-score is calculated as:

F1 = 2 ∗ precision ∗ recall
precision+ recall

(5)

• Area Under ROC: This involves measuring the area of the
plot with true positive versus false positive rates as the thresh-
old changes from 0 to 1. The higher the value, the better
algorithm. A random guess algorithm achieves the value of
0.5, where the true positive rate increases linearly with the
false positive rate.

Setting different thresholds: According to our definition, the
struggling user makes at least X posts, and the ratio of deletion is
at least Y percent. The value depends on the requirement of the
site. Even Brainly’s analytic teams suggest X = 10 and Y = 0.7;
we evaluate the efficacy of our method with different thresholds.
Below is the set of thresholds tested in our method X and Y to
show the efficacy of our method.

• X = {5, 10, 15, 20}

• Y = {0.5, 0.6, 0.7, 0.8, 0.9}

5.4 Results
Figure 4 plots the accuracy and F1-score when we use differ-

ent number of posts (X) and deletion rate (Y) thresholds by ap-
plying Random Forest algorithm. These values show that we do
not achieve high performance if we only rely on user activity and
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do not include community feedback. Our method performs better
with higher thresholds X and Y . Higher value X indicates that we
can observe more activity and gather more information about the
users. Higher threshold Y means that the users are very different
from the community norm. For example, users with a deletion rate
of 0.9 are very extreme users. In such cases, it is easier to detect
these extreme users.

Table 6 describes the accuracy from different classifiers applied
in the current study. In both data sets, Random Forest achieves
the highest accuracy. Random Forest achieves the highest perfor-
mance and is a scalable algorithm. In our experiment with a single
machine with 2.2 GHz quad-core, 16 GB of RAM, implemented in
Python code, it took less than one millisecond to classify each user.
Furthermore, the tree can be built separately and is easily computed
to be distributed for a larger data set.

Table 6: Comparing different classifiers. We change the thresh-
olds of number of answers and deletion rate as in experiment
setting and take the average. The table presents the average
accuracy with standard deviation in the parentheses. Random
Forest achieves the best accuracy.

Data LogReg SVM Decision RF
sets Trees
USA 70.8 (.042) 74.2 (.028) 68.1 (.039) 73.7 (.031)
PL 75.1 (.045) 76.3 (.029) 70.7 (.037) 78.6 (.035)

We also measure the Area Under ROC curve to see the trade-
off between true positive and false positive rates. The Area Under
ROC for US and PL are 0.83 and 0.84, respectively. Again, these
values reflect moderate performance value. We need to improve for
a real application.

6. DETECTING STRUGGLING USERS AT
THEIR EARLY STAGE WITH HUMAN
JUDGMENT

In the previous Section, we demonstrate the low accuracy in-
volved in predicting whether a user will struggle. In this Section,
we will examine whether it is possible to predict whether users will
struggle at an early stage with community feedback. When new an-
swer is generated in CQA, other users can judge the content. Some
typical human judgment includes moderator deletes the bad con-
tent or other users vote for good content. The formal definition is
“Given a user with his T posts and human feedback, can we predict
whether this user will struggle with the site in the future?".

Since the moderator judges user answers, we can get some early
feedback on answer quality. We use the same features as Table
5 in Section 5. We add new features, including: del_ratio rep-
resents the percentage of the first T answers that are deleted, and
n_best_answers represents the number of answers that are selected
as the best answer. Other features, such as readability or answer
length, are similar to those in the previous section, but we only
calculate the features based on the first T answers.

6.1 Experiment Set Up
We observe the community behavior and feedback on the first

X/2 posts of each user and predict whether these users will strug-
gle in the long term. Higher valueX means we observe more activ-
ities. We also add two new features– del_ratio and n_best_answers
–in the Community Features group. Other settings are similar to the

previous task. We also try different thresholds including the num-
ber of post X and the deletion rate Y to show the efficacy of our
method.

6.2 Results
Figure 5 plots the accuracy of our method. The new features,

n_deletion and n_best, significantly increase the accuracy. For brevity,
we do not report the F1-score, which is is similar to the accuracy.
Results demonstrate that our method achieves high accuracy and
F1-score in both US and PL data sets, which are both at 90% for
high deletion rate threshold. These key performance metrics pre-
dict struggling users more accurately than those that measure all
posts without human judgment. Furthermore, two new features sig-
nificantly increase the accuracy. We will discuss the importance of
each feature separately in a later part of this paper.

When using Random Forest, our method’s Area Under ROC is
0.93 and 0.94, respectively. These are very high performance met-
rics reiterated by Accuracy and F1-score. We see that some com-
munity feedback helps us significantly increase the system’s per-
formance. Furthermore, we only need feedback on a user’s few
initial posts to make the framework perform well, which could sig-
nificantly reduce the moderator’s workload.

6.3 Experiment Results Discussion

6.3.1 Feature Importance
We measure the importance of each feature in our prediction

framework. There are multiple ways to measure the importance
of each feature. The general idea is to measure how a particular
feature’s removal affects the framework’s overall accuracy. In the
bagging method, we use a permutation test to remove the features
and measure the accuracy of out-out-bag (OOB) samples. The im-
portant features will decrease the accuracy more than others.

Figure 6 measures the importance of each feature in our study. In
both scenarios, the average time users spend on an answer and the
average length of an answer are important features. When detecting
early-stage struggling users, human judgment is vital. In Figure 6b,
the deletion ratio has a higher value than other features. Thus, we
can achieve better performance with some human judgment in our
framework.

6.4 Feature Selection
We use a small number of features in our study. Thus, feature

selection does not improve performance; even some features, such
as using latex, are not powerful. Furthermore, the main result pre-
sented in this work is achieved via Random Forest. When building
each tree of the random forest, the algorithm already randomly se-
lects some features. This suggests that performing feature selection
is unnecessary.

6.5 Setting the Threshold
In the real system, we might choose a different threshold to iden-

tify the users who may need guidance to create appropriate an-
swers. If we want to detect the majority of struggling users, we
might need to accept a higher error rate. If we want a very low
error rate, we would detect fewer struggling users. The curve in
Figure 7 plots the True Positive rate against the False Positive rate.
We first observe the high Area ROC in both data sets. Secondly,
we can detect the majority of struggling users with the small False
Positive Rate. For example, if we want to identify 80% of strug-
gling users (True Positive Rate = 0.8), the error rate is very small.
In this case, the False Positive Rate is 0.03 and 0.05, respectively.
Thus, the framework is quite promising in a real system.
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Figure 4: Accuracy and F1 Score. The accuracy and F1 Score of detecting struggling users without human judgment. The Figures
present the results when applying Random Forest with all Features. The performance is moderate without human judgment.

5 10 15 20
Threshold Number of Answers (X)

0.5

0.6

0.7

0.8

0.9

1.0

A
cc

ur
ac

y

Y = 0.5
Y = 0.6

Y = 0.7
Y = 0.8

Y = 0.9

5 10 15 20
Threshold Number of Answers (X)

0.5

0.6

0.7

0.8

0.9

1.0

A
cc

ur
ac

y

Y = 0.5
Y = 0.6

Y = 0.7
Y = 0.8

Y = 0.9

(a) USA (b) PL

Figure 5: Accuracy. The accuracy of detecting struggling users in the early stage. The Figures present the results when applying
Random Forest with all Features. Our method is robust to a different threshold of X and Y. Our method performs better with higher
value X and Y . Users with higher deletion rate Y are different from the community norm.

7. DISCUSSION
CQA has become an important knowledge-sharing avenue. Ed-

ucation is also an important field, and one in which society has al-
ways held a vested interest. Our findings show that many users are
struggling within online CQA communities that are geared towards
students. These struggling users should not be neglected, especially

because they hail from educational institutions. These users could
be detected with high accuracy if there is some help from the CQA
community. In the current system, all feedback must come from
moderators, who must exert an undue amount of human effort to
properly assist struggling users. Furthermore, detecting late-stage
struggling users comes with a high cost in terms of those users and
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Figure 6: Measure the importance of each feature. Average answer time and the average length of answers are important features.
Furthermore, the deletion ratio in the case of human judgment is a vital feature.
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Figure 7: Plotting of ROC to select the suitable threshold. We
can detect the majority of struggling users with minuscule er-
ror rate.

their wider online community; the users could be frustrated and
leave the community. Furthermore, it might be too difficult to fix
their knowledge gaps if they are discovered too late. Our work
shows that it is possible to find struggling users in their early stage
with some community feedback.

Our study has some limitations, which can be addressed in fu-
ture research. First, we do not discern the reason that users are
struggling in the community. Providing users with automatic, con-
crete feedback could improve their performance and allow them to
quickly transcend their shortcomings. Second, it would be highly
beneficial to directly interact with struggling users to determine
how to best assist them. Observing the effect of such an early inter-
action would be valuable. In our future work, we hope to resolve
these limitations.

8. CONCLUSION
The current work focuses on struggling users in community ques-

tion answering (CQA). Some students are found to be struggling
within education-oriented CQA sites, such as Brainly. These strug-
gling users want to participate in the community, but are unable to
produce acceptable answers due to their inexperience and lack of
knowledge. While these characteristics may be undesirable outside
of an educational context, here they are to be expected and should

be addressed to enhance students’ learning experience. It follows
that flagging these users simply because they are producing bad
content may not be the best course of action. Instead, if we could
use this information to identify such users and recognize that their
behavior could indicate a learning-related problem and opportunity,
we could help them become better users and better students. In or-
der to identify and eventually assist these individuals, the current
study compares their behavior to that of regular active CQA users.
Our study reveals that struggling users want to participate in their
community, but often do not possess the proper skills or attention
to detail that are necessary to make valuable contributions.

Currently, in Brainly and other CQA sites, only moderators judge
user performance, and this gives them an unfairly heavy work-
load. We show that it is possible to detect struggling users without
any human judgment with moderate accuracy. However, detecting
struggling users without human judgment may come too late, as
many users leave the community if they are dissatisfied with their
respective performances. Our framework shows that it is more ac-
curate and effective to detect struggling users in their early stage
with initial community feedback. Furthermore, using early com-
munity feedback can significantly reduce a moderator’s workload.

Understanding struggling users’ behavior can help us design CQA
sites that better help these users. This applies to general CQA as
well as educational CQA. However, detecting early-stage strug-
gling users is particularly important in the realm of education since
educators can effectively intervene and assist if they know which
students are struggling. Detecting struggling users in their early
stage ensures that we have enough resources and time to intervene
[14]. Although the work in this paper is limited to educational
CQA, the framework – including feature extraction, classifier, and
evaluation – could apply to other general and topical CQA sites.

In future work, we hope to not only detect struggling users, but
also to understand the more specific reasons behind their difficul-
ties. At the moment, the CQA system still needs some input from
its moderators, and automatic feedback remains the ultimate goal.
To achieve automatic feedback, we might need a more complex
taxonomy to analyze user-generated content. Furthermore, finding
struggling users is also an important task in other domains such as
search or information seeking. If we can detect struggling users
in their early stage, suitable action could be taken to help them,
including early intervention or content recommendation. The find-
ings from this study give us an approach to detect such users.
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