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Abstract Online programming discussion forums have grown increasingly and formed

sizable repositories of problem-solving solutions. In this paper, we investigate program-

ming learners’ information seeking behaviors in online discussion forums, and provide

visual navigational support to facilitate information seeking. We design engines to collect

students’ information seeking behaviors, and model these behaviors with sequence pattern

mining techniques. The results show that programming learners indeed seek for infor-

mation from discussion forums by actively search and read progressively according to

course schedule topics. Advanced students consistently perform query refinements,

examine search results and commit to read, however, novices do not. Finally, according to

the lessons learned, we propose, design and evaluate Personalized Information Seeking

Assistant system to help query refinement by summarizing the search results and to provide

social-based browsing history. Findings suggest that paying attention to the query history

may lead to further reading events, which subsequently resulting in potential learning

activities.

Keywords Behavior modeling � Information seeking behavior � Computing

education � Novice programming learning

1 Introduction

In the last two decades, researchers have successfully exploited information foraging

theory (Pirolli and Card 1999) in designing tools to help people navigate and explore the

Web, including visual information seeking, collaborative information seeking, exploratory
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and interactive search, etc. (Chi et al. 2007; Choo et al. 2000; Evans and Chi 2008;

Wildemuth and Freund 2012). Krikelas (1983, p. 7) information seeking behavior model

tells us ‘‘information seeking begins when someone perceives that the current state of

knowledge is less than that needed to deal with some issue (or problem). The process ends

when that perception no longer exists.’’ This emphasizes the seekers’ state of knowledge

and their initiated efforts.

Traditionally, information seeking is associated with behavioral science theories, which

focus on seekers’ information needs, searching strategies, and how they use the infor-

mation. For example, self-awareness of one’s information needs, self-regulated learning

strategies, information searching experience and ability, etc. (Bilal 2002; Puustinen and

Rouet 2009). Puustinen and Rouet (2009) further classified help-seeking behavior into

different types on a help-seeking continuum, a function of the helpers’ capacity to adapt

answers to their needs. In more recent information seeking literature, we see studies show

that users commonly exhibit exploratory behavior in a great extent when performing

searches (Hearst 2009; Teevan et al. 2004; White and Drucker 2007; Wilson and Schraefel

2008). Marchionini (2006) identifies a range of search activities that differentiate

exploratory search from look up search (i.e. fact-finding retrieval), such behavior is

especially pertinent to learning and investigating activities.

In the context of information seeking for programming, we can see a great deal of tools are

designed mainly to extract relevant information from the web to assist in current coding tasks

and save time spent navigating through codes when gathering information (Ko et al. 2006).

These tools include navigational shortcuts to the code in Integrated Development Environ-

ment (IDE) (Singer et al. 2005), leveraging version history data to better use API (Stylos and

Myers 2006) and integration of web search or recommending source code examples in

developing environment (Brandt 2010; Holmes and Murphy 2005; Hsiao et al. 2008; Stylos

and Myers 2006). However, these systems were designed mainly to extract relevant infor-

mation from the web to aid in current coding tasks and save time that would otherwise be spent

navigating through codes to gather information. Moreover, with the rise of Web 2.0, we also

see that a variety of technologies (blogs, tags, wikis, recommenders etc.) are emerging to

exploit social information foraging, such as online collaborative programming (social coding

in GitHub1), Q&A websites, crowd-sourcing suggestions, etc. (Dabbish et al. 2012; Hsiao

et al. 2008; Mujumdar et al. 2011; Nasehi et al. 2012; Treude et al. 2011; Vasilescu et al.

2014) However, almost all of these aforementioned technologies are targeted at problem-

solving augmentation, reducing coding cognitive overhead when coding, and utility features

enhancement (i.e. collaboration) for experienced programmers. Tools designed to support

learning programming during search exploration are less emphasized.

Thus, in this work we focus on researching the issues that how do students learn

programming during search. The contribution includes two parts: first we investigate in

how do novice students look for programming-related information from large-scaled dis-

cussion forum; Then we summarize two classroom studies in the following structure: we

firstly review adjacent related work from information seeking to learning, programming

learning modeling and modeling learning from online discussions. Following the related

work, we lay out the overall methodology that we applied to uncover programming

information seeking strategies and the first study results. We then elaborate the second

study with the proposed research platform, Personalized Information Seeking Assistant

(PiSA). Finally, we present the second study evaluation results and discuss the educational

implications.

1 github.com: open source code management service.
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2 Literature review

2.1 Search behavioral modeling

Search engine user behavior modeling has been studied for years to understand the pref-

erence of web search users. In these studies, a user model is a set of rules that allow us to

simulate user behavior on a search engine result page in the form of a random process

(Cole et al. 2011). These studies also discuss different bias affecting the models, for

example position bias means the first link listed in search result has a higher probability to

be clicked (Cutrell and Guan 2007; Joachims et al. 2005; Lorigo et al. 2008), while

Kiseleva et al. (2015) reported that user with expertise manage to detect better answers as

they dig them from the bottom of search result. User models, especially click model during

web search, helps to detect general preference of users. However, it takes little account of

the text content in search results, and the actual need of users is difficult to collect when

they use search engine. Ageev et al. (2011) proposed a method analyzing searcher success

in relation to the searcher behavior with realistic search tasks. Additionally, when users use

search engine just for learning, it is interesting to study the modeling difference. Data

mining techniques can be involved to study the user behavior patterns.

For specific programming learning behavior, sequential pattern mining techniques has

been applied in several studies, such as programming problem solving (Guerra et al. 2014),

programming assignments progression (Piech et al. 2012), learning programming with

dialogic tutor (Boyer et al. 2011). Beal et al. (2007) studied about modeling engagement

level of students by analyzing their action traces on a tutoring system with HMM. Jeong

et al. (2008) study a computer agent was taught by students, and the student’s behavior in

learning was captured with HMM.

These studies proved that students do have different behavior patterns in learning.

However, it is still not answered that what is the connection between learning behavior and

learning affect behavior, considering the students’ knowledge background. Reinecke et al.

(2013) studied how users judge a design of a website by colorfulness and visual com-

plexity, and modeled their evaluation with quad-tree and R-tree. In another study, a

visualization system was designed to help learners understand their learning progress and

helps to provide optional service. Additionally, interactive visualization is found to

improves students’ learning by engaging them to interact with their learners’ models

(Hsiao et al. 2013; Bull et al. 2016).

2.2 Linkages from information seeking to learning theory

From behavior sciences to learning sciences, we have identified (a) help seeking, (b) open

student modeling, and (c) concept mapping literature are close related to the targeted

research of interests in supporting self-awareness of one’s information needs and sup-

porting self-regulated learning.

2.2.1 Help-seeking in learning

From theoretical perspective, looking for information is a means to complement current

knowledge and cognitive skill acquisition action (Aleven et al. 2016). Empirical study

results showed that learners often use help systems ineffectively or ignore them altogether

or abuse the system hints, but when they do use help, learning processes and outcomes may
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be substantially improved. Another series of studies revealed that help-seeking errors are

associated with poor learning (Baker et al. 2004; Aleven et al. 2006; Roll et al. 2014).

These findings suggest that looking for right level of help in the right time will result in

supporting learning. However, there are also various reasons that learners may not ask for

help (such as fear that they will receive less credit for a successful outcome or being

viewed as incompetent etc.)

2.2.2 Open student modeling

In open student modeling (OSM) approach, it offers a group of techniques that makes

traditionally hidden student models available to the learner for exploration and possible

editing. Representations of the student models vary, from displaying high-level summaries

(such as skill meters) to charting out complex concept maps or networks. A spectrum of

OSM benefits have been reported, such as increasing the learner’s awareness of their own

developing knowledge and difficulties in the learning process; as well as student

engagement, motivation, and knowledge reflection (Bull et al. 2004; Hsiao et al. 2013;

Mitrovic and Martin 2007; Zapata-Rivera and Greer 2004).

2.2.3 Concept mapping

Concept Mapping is an approach describes a representation of idea interpretation or per-

ceived reality into a concepts and relationships link-node spatial arrangement. It is origi-

nated from science education to help students visualize their thinking structure and

externalize knowledge (Novak 1990). The fundamental assumption of concept mapping is

based on Ausubel’s assimilation process learning theory (Ausubel 1968), suggesting that

learning happens when the learner reconstructs or rearranges information in reducing the

gap between a desired state and their own view of self. Over decades of development,

numerous studies have reported positive outcomes that concept mapping facilitates meta-

cognitive monitoring and reflection (Chang et al. 2001; Hwang et al. 2013; Novak 2002;

Sanders and Stappers 2008). We aims to extend the lessons learned from concept mapping

to address the challenge in articulating the dynamic state of novice-programming learners’

knowledge in seeking information.

2.3 Modeling learning from discussion forums

Over the decades, discourse analysis on discussion forums has been carried out through

various formats, network analyses, topical analyses, interactive explorers, knowledge

extraction, etc. (Dave et al. 2014; Vassileva and Gutwin 2008). Due to calculation com-

plexities (since linguistic features rely on computer processing power), most of these in-

depth analyses were performed offline (Wen et al. 2014). As a result, the lesson learned

could only be applied in the next iteration of system development. Recently, however, we

have begun to see some studies that focus on dynamic support for users (Hoque et al.

2014). Yet, there has been no conclusive or comprehensive technological support, nor

systematic studies to date on large-scale discussion forums that associate with students’

learning. With the rapid growth of free, open, and large user-based online discussion

forums, it is essential, therefore, for education researchers to pay more attention to

emerging technologies that facilitate learning in cyberspace. For instance, Wise et al.
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(2013) studied an invisible behavior (listening behavior) in online discussions, where the

participants are students in a classroom instructed to discuss tasks on the platform; van de

Sande (2010) investigated online tutoring forums for homework help, making observations

on the participation patterns and the pedagogical quality of the content; Hanrahan et al.

(2012) and Posnett et al. (2012) studied expertise modeling in a similar sort of discussion

environment; Goda and Mine (2011) quantify online forum comments by time series

(previous, current and next) to infer the corresponding learning behaviors.

In this study, we focus on the StackOverflow (SO) discussion forum, which is a large-

scale Q&A platform for programming learners to communicate. The Q&A posts on SO is

taken as the resource of problem solving in our study, and the students’ information

seeking behaviors on the SO embed search engine is studied.

3 The first study: exploring and modeling programming information
seeking

The goal of this study is to explore and to model students’ programming information

seeking behaviors. We investigate the behavioral differences between novices and

advanced students and based on their sequential activity patterns, hidden Markov models

are constructed to illustrate students’ searching and reading processes. Finally, we analyze

the content that students have read and examined, and discuss the association between

searching & reading activities and their learning performances.

3.1 Data collection

We developed a Chrome browser plugin to support students’ query behavior on SO site by

entering their query to SO search engine. In SO search engine, after entering a query, the

relevant posts found on SO is listed on the result page. For each post, the title, content

snapshot, topic tags, the number of votes and answers are displayed. The performance of

SO search engine is analyzed in the following subsections.

The browser plugin was offered to an Object-Oriented Programming class in the

2015 Fall semester at Arizona State University. Students were encouraged to install

the browser plugin and use it to look for programming-related information throughout

the entire semester. The plugin essentially collects students’ queries and browsing

activities (i.e. click, scroll, highlight) on SO. Additionally, all the activities are time-

stamped and logged. The students are aware that their operations will be recorded for

further study. Before the study, the students were also given a pre-test to examine

their background knowledge about programming. According to the pre-test result, the

students were split into novice group and advanced group by the median score, so the

ratio of novices and advanced students is 1:1. The grouping aimed to study the

behavior difference between novices and advanced students, while there were no

difference in their class educating.

Additionally, we also conducted a controlled session of lab class during the semester. In

the lab class, students were instructed to solve a complex task (implement a 3-way merge

sort algorithm) by using the information-seeking tool within 75 min. All the students’

searching and reading behaviors on StackOverflow were recorded.
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3.2 Data description

At last, 71 out of 86 students installed the plugin in the programming class, 640 queries and

423,942 operations were collected. The students’ assignment and exam scores were also

included as part of the data collection, which is used to measure the learning effect and

match to their information seeking behavior.

3.2.1 Query data

For these 71 students installed the plugin, 55 students searched query on it. The average

query number per student is 9.55 (max 56, min 1, median 8), and the average number per

student of operations is 7179 (min 1, median 2917, max 140,300). In terms of the query

content, the average number of words in each query is 3.76, and the number of distinct

words is 573. The frequency distribution for each word approximately follows Zipf’s law,

which states that the relation between the word frequency and its rank is exponential in

general. Considering the pre-knowledge of students, queries are separated by whether the

provider is novice or advanced student. The statistics is as follows in Fig. 1. As shown, the

novices provided more query in average, but the length of each query is shorter, which

indicated a lower quality according to Belkin’s research (Belkin et al. 2003).

3.2.2 Overall behavioral patterns based on programming information seeking
activities

We model search sessions into two phases: the searching phase and reading phase. In

searching phase, student enter a query and browse the list of results, while in reading phase,

the student click on one result and browse the content of linked web page. There could be

back and forward between these two phases because after browsing a page, a student could

go back to the result list and look for a better material.

There are 466,659 operations logged including scroll_up, scroll_down, click and select

for both searching and reading phases. Figure 2 demonstrates the operations distribution at

each phase. We found that for both groups of students, novices and advanced students,

generated the majority of the operations in reading and in scrolling down. 19.3% opera-

tions are scrolling up in the searching phase in general. It showed that users were going

back and forward to review the posts content before they decide to click in to proceed

further reading in detail. This finding was supported by the previous user modeling studies

(Cole et al. 2011). On the other hand, only 3.2% operations are clicks in searching phase,

which indicated the challenge of trying to identify a relevant item from the massive forum

posts of a given query. There were a few possible reasons that users did not have more

Fig. 1 Query information statistics
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clicks: (1) the queries were bad, so the results were not informative enough to drive users

to read further; (2) the queries were good, but the users did not know how to judge whether

the results were relevant or not. Ideally, a successful search process is that after entering

the query, the best item would be shown in the first place of the search result, so that the

user would not even need to scroll before clicking. However in reality, users need to scroll

down when they do not feel satisfied with the results provided in the first place, and this

unsatisfying ratio is reflected by the scrolling back and forward operation percentage.

This observation is also supported by the average time cost before each operation

(Fig. 2). When browsing search results, users appear to spend more time (37.8%) before

clicking or selecting, while they will be faster when reading a specific question-answer

thread. This fact indicates that users would read more carefully, or be more serious when

choosing a thread to read among the search results.

Considering pre-knowledge difference, the ratio of scroll back for novices were lower in

searching phase compared to the advanced students, but their scroll back ratio is higher in

reading phase. This indicates that the novices were more likely to make a choice without

browsing more search results, and they had to spend more time on reading the content

compare to advanced students. This finding is also supported by previous studies about

expert bias (Kiseleva et al. 2015).

3.3 Dissecting programming information seeking sequential actions

In order to analyze students programming information seeking behavior on discussion

forums, we categorize their actions into 6 categories based on Marchionini’s information

seeking processes (Marchionini 2006): formulate queries, query refinement, results

examination, and reading. We further split (by median) search and read phases into large-

search (LS), small-search (SS), large-read (LR), small-read (SR) according to the amount

of operations made on each single page, as a result, the ratio of LS and SS is 1:1, and the

ratio of LR and SR is also 1:1. Table 1 describes detail of user search actions.

Based on the operation data collection and the above action definitions, 2681 actions

were identified in total, and the distribution of action distribution is shown in Fig. 3. The

reading actions are more than searching action, because all reading action on

StackOverflow was captured in the data, including when a student used other search engine

such as Google to find the thread page. Another fact is that novices searched and read more

than advanced students. This is straightforward because novices would have to face more

problems in learning, which motivated them to search and read more to solve the problems.

However, whether more reading could lead to more learning is not determined, their

behavior pattern also matters.

Fig. 2 Average number of operation and operation time (ms) distribution
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3.4 Model programming information seeking process with HMM

3.4.1 Model setup

The hidden Markov model (HMM) is a popular method for modeling sequential data.

Previous studies have already shown its ability in modeling user information search pro-

cess (Han et al. 2013), survey design (Hsiao et al. 2014) and student learning process

(Piech et al. 2012). In this study, we employ the HMM to model users’ hidden tactics in

searching for programming related information on discussion forums, and refer the actions

on the site (e.g. query refinement, results examination, content reading, information

extraction) as the generated hidden tactics. The hidden tactics can be explained as the

strategy used as informal learning activities by looking for programming related

information.

We have a sequence of information seeking behaviors from T1 to TM, and each state is

one of those predefined information seeking actions: TS = Q, q, LS, SS, LR and SR.

HMM assumes that we also have a sequence of hidden states, from H1 to HM, and each

answer type is generated by a corresponding hidden state, but different answer types can be

generated by the same hidden state with different probabilities. A HMM model has several

parameters: the number of hidden states HS, the start probability of each states p, the

Fig. 3 Average number of operation and operation time (ms) distribution

Table 1 Programming information seeking actions

Actions Description

Query (Q) A student issues an query to look for information from programming discussion forum

Refine query
(q)

A student modifies the original Q and issues a similar query (word adjacent distance less
than 0.3)

Large search
(LS)

A student browses the search result page and did operations more than the median of all
search pages (31 operations)

Small search
(SS)

A student browses the search result page and did operations less than the median

Large read
(LR)

A student reads a Q&A thread page, and did operations more than the median of all
reading pages (64 operations)

Small read
(SR)

A student reads a Q&A thread page, and did operations less than the median
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transition probabilities among any two hidden states Aij, and the emission probability from

each state to each action bij. By only defining the HS and p, a Baum-Welch algorithm

(Baum et al. 1970) can be used to learn the emission and transition probabilities.

3.4.2 Apply HMM on information seeking processes

In order to identify the complete sequence of information seeking operations, we only

included those operations following a query recorded. The web paged that the students

searched from other search engines, where queries were not included, are excluded.

The first step of using HMM is to determine the number of hidden states. A complex

model with large number of states will help to increase the sequence likelihood because

there are more parameters that can be used to describe the model more precisely. But it has

a high risk to cause over-fitting. A simple model is less likely to over-fit on the given data

set, but it may not be able to uncover the natural feature of data sets. It is still an open issue

for determining the number of hidden states, which is a model selection problem in

parameter learning of hidden Markov model. In model selection, the information criterion

such as the Akaike information criterion (AIC) or its variants Bayesian information cri-

terion (BIC) (Baum et al. 1970) can be used to determining the optimal number of states.

Based on models best performance by AIC, we choose HS = 3 and HS = 5 for Advanced

and Novice groups accordingly (Fig. 4).

According to AIC, hidden state transition analysis was applied on Novice and Advanced

group, the hidden state transition diagrams is shown in Fig. 5 for better navigation and

comparisons.

3.5 Evaluation of analysis results

The goal of analyzing the data was to highlight the difference between novices and

advanced students including querying customs, browsing behavior patterns, and topic of

content browsed. Clustering, sequence mining, and topic detection techniques were applied

to achieve the goals.

3.5.1 Novices lack the ability to examine query results

As show in Fig. 5, advanced students consistently perform query refinements (3:1 ratio)

before they examine the results (HS3 HS1). Novices behave differently. Part of them

follows the similar pattern as advanced students do, tuning the queries before examine the

results (HS4 HS1). However, when these novices refine queries, there are no consecutive

Fig. 4 Choosing number of hidden state using AIC
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actions followed in the next step (Fig. 5 bottom), which indicated that they did not go to

any reading page. On the other hand, when novices do minimum query refinements (HS5

HS2), they do manage to proceed to next step, which is the reading phase (HS5 HS2 HS3).

It suggests that novices may lack of query-results examination ability and lead to no

reading (HS4 HS1). In addition, as the HS2 of Novice group shows, 95% of the likelihood

that the operations are small searches, which means that novices tend not to scrutinize the

search results. They only examine the results minimally. Even move on to read forum posts

(HS5 HS2 HS3), they can be reading whatever the discussion forum has recommended (i.e.

top returned items).

In fact, Fig. 6 shows the total amount of time that each student spent on searching or

reading pages. It is surprising to see that novices students spent more than 130 min on just

reading, while advanced students spent about 40 min. Similarly, novices spent more time

on searching compare to advanced students. The reason of the time difference is not only

they browsed more pages, but also their time spent on each page is longer. These findings

indicate that the novices’ searching and browsing behaviors only consist of minimum

query refinement so that they had to spend more time to read and understand search results,

which can be due to insufficiency of vocabulary in searching and lack of judgment in

finding reading resources. However, does more reading of discussions mean more learn-

ing? What exactly do students read on the discussion forum? We further look into students’

reading behavior and reading content in the following section. Despite the reading quality,

based on novices’ behaviors can also suggest the hidden danger of online large-scale

Fig. 5 Advanced (up) and Novice (bottom) students information seeking transition probability diagrams
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discussion forums, where the existing filtering mechanisms (such as badges, acceptance,

votes) may not be enough, especially for novices.

3.5.2 Novices have difficulty in forming query

When students eventually land on forum posts pages and read, we found that advanced

students commit to careful reading, as oppose to novices’ careless reading (Advanced HS2:

0.79 LR; Novice HS3: 0.65 SR). In fact, we found that students did spend time on reading

the pages, and novices cost more time in small reading than advanced students, while in

large reading advanced students spent slightly more time, but no significant difference

between groups. The modeling results along with time spent statistics reveal that given not

likely that novices perform thorough search results filtering, but once they did, they would

spend time to read. Thus, it led us to examine their initial state, queries. Do novices and

advanced students have query pattern differences? For instance, are advanced students

better in forming queries or refining queries? Are advanced students better at filtering

search results?

We calculated cosine similarity between each pair of adjacent queries for each student.

We found that the daily search average similarity was not high (0.35 ± 0.34), and most

adjacent queries did not share any common words (similarity is 0), which means the

students were searching about different topics. However, in lab class the students search

much more similar queries, which means they had to refine the query for more times to

achieve satisfying search result. This fact is reasonable because in lab class, the students

were given a complex task and required to finish in limited time period, so they are more

eager to find suitable resource to reuse. The similarity distributions of both daily search and

lab class search are as shown in Fig. 7.

3.5.3 Novices refine query with obstacles under pressure

When we compare students’ query similarity patterns by novices and advanced students

(Fig. 7), we found that novices are not significantly different from advanced students in

daily searches. In another word, novices and advanced student behave similarly in refining

their queries (p ¼ 0:2377). However in the lab class, when time is limited to finish a task,

these two groups appeared different query refinement tendency. Novices searched more

similar queries in the lab class. It suggested that novices may be under limited time

pressure, therefore, their ability to refine queries is affected and leads to more steps in the

refinements to find a satisfying result, or even quit the search without any reading.

Fig. 6 Total time spent on searching and reading average per student
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3.5.4 Both groups read posts based on course schedule topics

We crawled all the posts that students read from SO, and performed text mining. We

modeled the text to summarize topic words using MALLET2 LDA toolkit with default

a ¼ 30/N, b ¼ 0:01, itr ¼ 1000. We found students were reading the topics from dis-

cussion forums according to the course schedule, from week 1 JavaBasis to week 9

LinkedList. We then used all the topic words generated from the LDA model to compute

Shannon entropy score in estimating the topic focus (Fig. 8). There are several interesting

findings: Advanced students were generally more focused across all topics (smaller topic

entropy), except week 4 and week 9. The effect was much more apparent in complex topic:

Recursive (Table 2 shows the extracted topic words, which we found advanced students

read posts regarding to a specific recursive implementation Fibonacci sequence, which

novices did not). In weeks 4 and 9, advanced students were found to be less focused in

terms of reading more diverse topics was due to those 2 weeks were exam periods.

Fig. 7 Frequency distribution of adjacent query similarity for daily search and lab class search

Fig. 8 Weekly readings’ topic focus by novices and advanced students
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Therefore, it is understandable that students might read a wider range of topics that were

covered over exam periods.

3.5.5 Advanced students read more in-depth and technical content

In the controlled lab session, advanced students were curious not only about the imple-

mentation, but also deeper knowledge. Three advanced students read the same post on the

discussing differences between merge sort and quick sort, which was not closely related to

their task. On the other hand, advanced students also read detailed technique posts rather

than general method discussion threads. E.g. ‘‘scannervsbufferedreader’’ is detected as a

hot topic among advanced students, it is a detailed topic related to the merge sort

implementation, while hot topic detected for novices are generic titled posts, such as

‘‘recursivemergesort’’ or ‘‘mergesortjava’’. This observation indicated that advanced stu-

dents had already had the general implementation in mind, so they constructed sub-tasks

and proceeded to find relevant detailed technical information,, while novices were still

looking for general implement idea.

3.5.6 The more read, the higher score in exam

Based on the percentage of large read rate in reading pages, we found that the more

students spending time in reading on SO, the higher final score they obtained (r ¼ 0:418,

p\0:01). Additionally, we found that the slope of novices and advanced students had little

difference, while the intercept of novices is higher. This fact indicates that novice and

advanced students gained the same benefits from increasing large read rate, however, in

order to achieve the same score, novices has to read more carefully. Figure 9 shows the

connection between large read rate and final exam score.

4 The second study: Personalized Information Seeking Assistant (PiSA),
a tool facilitates programming information seeking

Based on what we have learned from students’ programming information seeking

behaviors (Sect. 3), we have identified the learning challenges for programming novices.

In this section, we propose a personalized information seeking tool to assist programming

novices seek for related information. The system is named Personalized Information

Seeking Assistant (PiSA), which works as a search engine where programming learners

can enter a query and receive adaptive help to find programming related discussions from

SO. The purpose of designing PiSA system is attempting to remove the gap between

programming novices and the professional community, to help novices seek information

Table 2 Recursive topic words by novices and advanced students

Novice: {type, code, recursive, dynamic, void, write, result, example, loop, print, add, wikipedia, error,
int, version, method, operator, pseudo, easy, program, static, mathematic, call, line, learn, number,
work, value, function, undefined}

Advanced: {function, method, value, static, return, int, change, version, recursive, result, error,
mathematic, program, line, number, fibonacci, sequence, fib, wikipedia, operator, pseudo, easy, type,
print, example, code, learn, void, traverse, loop}
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easily and to maximize learning opportunity during the searching process. The following

sections describes the design rationales for the proposed system and presents the evaluation

results.

4.1 PiSA design rationale

4.1.1 Search result summary

Since there are clues showing that the novices have difficulty in forming and evaluating

query when seeking for problem solution (Sect. 3.5), we purposefully design a feature of

summarizing search results to facilitate query preview. The summary is visualized as

bubble chart, it includes two views: tag view and word view. Each bubble in the

chart represents a tag/word appear in the results, in which the size of bubble indicates the

total frequency of the tag/word appears.

The effect of search result summary helps information seeker to get a general cognition

of the results before they browse each of them, and quickly figure out whether the results

are closely relevant to their original seeking purpose. Since novices have difficulty to

quickly understand materials (Lu and Hsiao 2016), it is extremely hard for them to realize

that the results are irrelevant when their query is improper.

4.1.2 Browse history summary

Besides summarizing the search result, another necessary assistance to the novices is to

give term suggestions when generating queries. In PiSA, this assistance is provided by

summarizing the user’s personal browse history. This history is summarized as a serial of

bubble charts, it represents the tags/words of Q&A threads browsed in each week. Similar

to result summary, the size of bubble indicates the frequency of tag/word. In this way,

learners could easily trace their personal learning path, and recall what was browsed.

Moreover, by listing the browsed tags and words, learners could see potential good terms

for their first query, and the search result summary could continue to provide term sug-

gestion to refine the query.

Fig. 9 Final score versus Large read rate
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4.1.3 Social navigation support

In order to motivate learners to search and read, social feature is involved. Freyne et al.

(2007) studied about the community wisdom in social search and social navigation, which

highlighted the value of users search and browse history as a social support for information

seeking. In PiSA, we involved the social feature by suggesting the browse frequency of the

whole community for each tag/word in summaries.

In both history and search result summary, the color of bubble indicates the ‘‘popu-

larity’’ of the tag/word. When a tag/word is frequently browsed by many learners in the

same community, its bubble will be colored darker. In this way, learners could easily find

the hot topics for each week in their own browse history, and realize their query is good

when the result summary is generally darker. Moreover, a learner could easily identify the

concepts they overlooked when the bubble appears to be dark but small, which means it is

browsed frequently by the community but he/she missed it.

4.2 Query refinement

With the help of search result summary, learners could realize when it is necessary to refine

the query. Furthermore, Silverstein’s study (Silverstein et al. 1999) showed that novices

could learn terms from previous search result, and use these new terms directly in the

refined query even though they did not understand the term clearly. As discussed in

Silverstein’s study (Silverstein et al. 1999), the behavior of using new terms itself is a

learning progress, learners benefit from even realizing new concepts. In this degree, PiSA

provides the terms to learners directly in search result summary before they read, which

makes it faster to refine the query with new terms.

In PiSA, users could add terms in the summary to their new query by simply clicking on

the bubble. The purpose of this design is to encourage learners to use new terms, and attract

them to pay more attention to the bubble charts when they have problem in understanding

content in search result.

If searching is not enough to learn about the concept in bubbles, a more straight forward

way is to view it on Wikipedia. PiSA provides such connection to encourage learning, user

could view the instruction of terms in bubble by simply clicking the text in bubble.

Moreover, another feature provided about query refinement is to ‘‘exclude’’ terms.

Novices have a lack of background knowledge and concepts, so misuse of concepts

happens a lot, which leads to the problem that irrelevant results conceal the wanted one.

PiSA solve this problem by excluding specific term, users could easily do it by right

clicking the bubble.

4.3 Document & API assistant

One of the most shortage according to early user study in PiSA is the volume of document

set. Since PiSA only searches in SO Q&A threads, it mostly solves problems about errors

and coding, but helps little in concept interpreting.

In order to improve the quality, document and API assistant is added into the search

feature. When keywords about programming language such as ‘‘java’’, ‘‘html’’, or ‘‘php’’

are detected, PiSA will provide the link to the standard document websites querying their

problem, so users could choose to browse the instructions related to their query before

reading the Q&A threads.
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5 PiSA evaluation

In this section, we evaluate PiSA system by a 1-month experiment on the students of a

programming course. The expectations are as follows:

• With the assistance from PiSA, more students could find the information they were

seeking;

• Students spend less time and less operations to find the information they were seeking;

• Students spend more time on finely reading the material they found from PiSA since it

provides more useful information.

In the evaluation section, the embed search engine in SO is compared with PiSA as a

baseline. The reason is that PiSA accesses documents from SO API, so the search and rank

result of PiSA is exactly the same as SOs, the only difference between PiSA and SO search

engine is the interface and visual features of PiSA (Fig. 10).

5.1 Data collection

At the moment of writing, we have collected 1-month worth of search behavioral data from

a graduate level programming course, offered by Arizona State University. Students were

asked to register account and encouraged to use PiSA when encounter programming

problems solving, they were also aware that their exam and assignment scores are

anonymously used in further study. The purpose to establish the 1-month study instead of a

short lab experiment is to collect learners’ natural behaviors on searching solutions from

online discussion forums. There were total 34 students recorded of using PiSA, including

73 queries and 1392 operations (click, scroll, select text).

5.2 Classroom study

During the month of experiment, in average each student provided 3.48 ± 2.89 queries,

applied 9.09 ± 26.79 operations on the main page if PiSA (Fig. 11), and 31.85 ± 69.22

operations on the search result page (Fig. 12).

This ratio indicates that students browse more on search result compare to their history.

It is reasonable since PiSA is still in cold start phase, and students had little history to

browse at the beginning. In order to guarantee the analysis is reliable, the 50% students

Fig. 10 Document & API assistant in PiSA
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with operations less than the median number (median = 18) were excluded in the fol-

lowing analysis.

5.3 Behavioral pattern mining

5.3.1 Sequential patterns mining

Since the time of each query and operation is logged, it is feasible to study the operation

sequence. The sequence pattern study is based on the serial of status, where each status is

one of the following: interact with main page, enter query, interact with result list page,

read a result. Based on the status chain for each student, a status transfer calculation is

applied and the result is shown in Fig. 13.

This status transfer figure shows the general information seeking process of learners on

PiSA. 25% queries lead to a reading behavior on SO, while in nearly 60% cases students

refine the query before clicking into a single result page. The sum is not 100% because in

the rest 15% cases, students leave directly after viewing the result list, they either have

found the solution, or give up searching. After reading a SO page, in 48% cases students

come back to view the result list, and in 14% case they directly refine the query, it means

they did not find the solution in that SO page. Compare to the baseline reported in previous

study, the probability of come back after reading a page is not changed much (49% on SO

compare to 48% on PiSA), but the number of query refinement is decreased in average

(from 73 to 59%). This result is expected because PiSA only provides the summary of all

search results, it does not tell whether a specific page is suitable to read. PiSA indeed helps

students in query refinement, which avoids irrelevant reading, but when the query is proper

enough, students should be encouraged to read more, instead of find the solution and leave.

It is a good phenomenon to see students refine their query better, while still read as much

material as before.

Fig. 11 PiSA browse history summary effect
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5.3.2 Students’ operation pattern clusters

The general sequence pattern study did not consider the variance of individual students, but

in reality students’ behavior are vary in information seeking (Mitrovic and Martin 2007),

so a study on individual patterns is established based on their operation sequence. This

study considers the page of each operation as the status, and analysis one-step transfor-

mation. So each student has a vector representing the ratios of transfer from one page to

other, or stay on the same page.

Based on the vector space of students, a k-mean clustering was applied to mine the vary

patterns of student operation sequences. The result shows the students are best separated

into 3 clusters, and the most significant variable is the ratio of transfer between ‘‘main

page—main page’’, ‘‘result list page—result list page’’, and ‘‘result list page—SO page’’.

The cluster result is shown in Fig. 14.

In cluster 1 (N ¼ 4), the students are balanced in operating on main page and result list

page, and they have the highest ratio of transfer to SO page. This fact indicates that

students in cluster 1, who also pay attention to their browse history, actually have a better

chance to find materials to read.

In cluster 2 (N ¼ 6), the students mostly operation on result list page, but have little

ratio of transfer to SO pages. It means students in this cluster are stuck at the result list,

they have problem in choosing a relevant result to read, or more commonly, their query

Fig. 12 PiSA Search result and summary effect

Fig. 13 User behavior clustering
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quality is not high enough to find a relevant page. Another fact about cluster 2 is that their

ratio of refining query (enter query after viewing result list) is not high, which means they

still have problem in refining query.

In cluster 3 (N ¼ 3), students mostly stay in the main page, in this case they did not do

much searching, they are relatively the inactive users in the system.

6 Conclusions and future work

6.1 Result discussions

In this work, we investigate the issues of how do students learn programming during

search. Specifically, we investigate in how do novice students look for programming-

related information from large-scaled discussion forum and how do they learn from

searching. We conduct two classroom studies to explore programming information seeking

strategies and design PiSA to facilitate programming novices look for programming related

information.

In the first study, we identified there are distinct behavior differences between pro-

gramming novices and advanced learners when seeking for information, which can be

classified as a support of expertise bias (Kiseleva et al. 2015). We model these learners’

query formulation, refinement, results examination, and reading processes with hidden

Markov model. We conduct sequential pattern mining with hidden Markov model. The

results show that programming learners indeed seek for programming related information

from discussion forums by actively searching on the site and reading posts progressively

according to course schedule topics. Advanced students consistently perform query

refinements, examine search results and commit to read, however, novices do not. In

addition, advanced students commit to read posts, but novices only skim. Students pro-

gressively read the discussion with topical posts according to the course schedule. The

study also uncovers that the programming novices usually spend more time in browsing

search result and reading, which is the consequence of the lack of pre-knowledge. How-

ever, as long as they can read as well as advanced students, they can learn as much as

advanced students according to the learning evaluation result.

In the second study, we designed PiSA system aiming to assist programming novices to

learn while seeking programming-related information. PiSA utilizes multiple visual ele-

ments to help summarize search results, evaluate query, and provide term suggestions in

Fig. 14 User clustering by sequence character
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query. PiSA also applies social navigation support to integrate the user’s own browsing

history to assist query discovery and expansion. Behavioral pattern mining results indicate

that PiSA help in query refinement. A further clustering analysis also reveals that students

who pay attention to their browsing history lead to further reading events, which subse-

quently resulting in potential learning activities (per our findings in Sect. 3).

6.2 Limitations and future work

In order to maximize the value of PiSA in programming education, here are a number of

future directions for future research. (1) We plan to conduct more comprehensive user

evaluations on PiSA, including measuring longer term of behavior monitoring. Currently,

the data collection was limited within 1-month period, which may not be representative

enough to capture students’ learning process. (2) The document set could be expended to

other educational resources (i.e. electronic textbooks) other than merely online discussion

threads. For instance, we can incorporate Google’s search results into our search results

pool. (3) Currently, students’ queries and query suggestions are adapted to theirs and peers’

histories in adaptive navigational form. Based on what we have learnt from students’

searching behaviors, we can improve PiSA’s personalization by providing more proactive

persoanlziation, such as query recommendations or reading recommendation.
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