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Abstract. During collaborative problem solving in the epistemic game, Land 

Science, players asked questions when they were uncertain about concepts they 

were learning or the tasks they had been assigned. In our scenario, one mentor 

handles questions from several groups of students via computer-mediated chats. 

Because the mentor must track the learning progress of multiple groups of stu-

dents simultaneously, it is common for the mentor to be unable to answer all 

student questions during the game. This paper presents an automated question 

classifier designed to augment the human mentor and enhance the ability to an-

swer student questions. The question classification model used 30 linguistic fea-

tures consisting of keyword lists and part of speech tags. The model was trained 

and tested with J48 Decision Trees. The results showed a good performance on 

question classification with the selected features. The question classifier will ul-

timately be used for the development of the automated question answering in 

the epistemic game. 
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1 Instruction 

Collaborative problem solving is a critical and necessary skill [1] because success-

ful organizations need people who effectively work in teams. High quality collabora-

tive work requires such skills as organizing a team, establishing a common ground 

and vision, identifying shared goals, assigning tasks, tracking progress, building con-

sensus, troubleshooting potential problems, managing conflict, and maintaining com-

munication [2,3]. Murray, Stephens et al. [4] proposed that the underlying skills men-

tioned above are necessary to address heterogeneous and complex social issues, and 

they called these skills social deliberative skills (SD-Skills). SD-Skills consist of a 

subset of higher order skills, including social metacognition [5], reflective judgment 

and epistemic skills [6], social perspective taking and empathy [7], and perspective 

seeking and question asking [8]. Question asking, one of higher order skills in SD-

Skills [4], is indispensable during collaborative problem solving, especially in epis-

temic games. Epistemic games used rules to manipulate “abstract forms of knowledge 

or schemata appropriate to a discipline” (p. 228) [15]. In the game, student will fre-



quently ask questions to understand the ideas, opinions and perspectives of others, 

particularly when he/she is stuck, confused or uncertain [9]. For example, in Land 

Science [16] game, a mentor handles more than 10 students, who are in 3 or 4 groups. 

Such a human mentor is easily overwhelmed by student questions, which leaves many 

questions unaddressed. Therefore, the instant identification of questions and the im-

mediate response to questions seem critical for the success of game-based learning 

environments when mentors are shared across groups.  

Automated question classification is a top priority for dialogue systems in the epis-

temic games. Prior research on automated question classification focused on either the 

feature selections in dialog systems [10,11] or question taxonomy in tutoring systems 

[12]. However, less research has focused on developing automated question classifi-

cation using question taxonomies that are well-aligned with epistemic games [13]. 

The present study developed an automated question classification using Graesser-

Person taxonomy [12] with slight modifications (see below, this section). The ques-

tion categories in the Graesser-Person taxonomy were defined according to the con-

tent of the information sought in empirical analyses of tutoring data [12]. The taxon-

omy has 18 question categories (see Figure 1), which were defined on the basis of the 

content of the questions and expected answers rather than simple signal words (e.g., 

“who” and “what”). The Graesser-Person taxonomy has been successfully applied to 

dialogues with intelligent tutoring systems [15]. We added an additional category 

(Other) for chat contributions containing only a question mark, a common turn in on-

line chats. This question taxonomy was used to code the questions in the epistemic 

game, Land Science. 

Fig. 1. Distribution of Question Categories of the Mentor and Students in Land Science Game 

 

Land Science is an interactive urban-planning simulation with collaborative prob-

lem solving in an online game environment [15,16]. Players are assigned an in-game 

internship in which they act as land planners in a virtual city. They are guided through 

the game by a human mentor. Players are split into three or four groups in each game 

to accomplish the required tasks. An individual player communicates with the mentor 

and 3-5 other players within the same group through text chats when they have prob-



lems, complete their tasks, or send their products. They are not allowed to communi-

cate verbally even though sometimes they are in the physical presence of other stu-

dents. From the approximate 10-hour game, students learn to think like urban plan-

ners, represent the stakeholders to make the land use decisions, and balance the social 

and environmental issues. Thus, communities can meet their own needs and serve the 

public interests. 

2 Method 

Ninety-one high school and middle school students participated in seven Land Sci-

ence games in two formats: on-site game during the vacation week or in school, and 

in distance but with one on-site meeting. The total 26,148 text chats were generated 

from seven games, among which 3,359 were questions, with 1,418 questions asked by 

the mentor and 1,941 by students. We used the 3359 questions to train and test our 

model. 

Two researchers classified 3,359 students’ questions according to the 19 question 

taxonomy. They first rated 68 questions, and kappa agreement scores averaged .50. 

After discussing disagreements, they started coding the entire corpus. The averaged 

kappa was .78 across all the categories. Thus, one of the researchers continued coded 

the mentor’s questions. The model was trained and tested with this researcher’s cod-

ing results.  

Our feature set consists of a total number of 30 features [13]. The features repre-

sent presence or absence (binary) in the utterances, including (1) parts of speech (e.g., 

Determiner, Noun, Pronoun, Adjective, Adverb, and Verb), (2) word lists of certain 

word category (e.g., Do/Have, Be, Modal, and wh-question words), and (3) some 

specific keywords corresponding to the particular question category [12], such as 

casual consequent words (e.g. “results,” “effects,” etc.), procedural words (e.g. 

“plan,” “scheme,” “design,” etc.), and others like Feature specification, Negation, 

Meta-communication, Metacognition, Comparison, Goal Orientation, Judgmental 

Definition, Enablement, Interpretation, Example, Quantification, Casual Antecedent, 

Disjunction. We also checked the binary attributes of particular words such as “hap-

pen,” “no,” and “yes” [see 14 for detail]. 

Besides the binary attributes, we also looked at the position of the captured attrib-

ute in the utterance, such as whether the word that was being captured in the begin-

ning (the first word), in the middle (the word between the first and the last), or in the 

end (the last word). If the utterance only had one word, we coded as beginning; if the 

utterance had two words, we coded the first as beginning, and the second as end. 

The present study employed a J48 decision tree to train and test the model of ques-

tion classification using WEKA [17]. 

3 Results and Discussion 

We built a J48 decision tree model on the human annotated data set, and evaluated 

the model with 10-fold cross validation. J48 is an implementation of C4.5 algorithm, 



which is used to generate a decision tree [18]. The distribution of question categories, 

however, was skewed, and some categories included few instances, such as Enable-

ment, Assertion, Comparison, Expectational, Interpretation, Feature Specification, 

and Example in the data set (see Figure 1). We combined the less frequent categories 

into one category called “Other” and evaluated our model on both the original distri-

bution with all the categories and the data with less frequent categories combined into 

one category. Table 1 showed the performance of these two models.  

Table 1. Performance of J48 Models with All and Combined Categories 

 All Categories Frequent Categories 

Accuracy (%) 79.56 79.92 

Kappa 0.66 0.67 

As seen in Table 1, the performance of J48 models was high no matter which data 

set was used to train and test the model, above 79%. Using ZeroR algorithm as a 

baseline, the models performed with an accuracy of 55.8%. The machine learning 

question classification yielded similar results to the two human raters. The findings 

imply that the selected features for the question classification were sufficient to classi-

fy the questions even though the distribution of categories was not uniform.  

The models were designed for the Land Science game, and the less frequent cate-

gories were the types of questions that were unlikely to emerge in this context. How-

ever, the less frequent question categories are likely to be used in production rules to 

generate automated response. Therefore, Table 2 showed the precision, recall and F-

Measure based on the full category model.  

Table 2. Precision, Recall and F-Measure in the Full Category Model 

Category Precision Recall F-Measure 

Verification 0.86 0.93 0.90 

Disjunctive 0.79 0.93 0.86 

Goal orientation 0.72 0.84 0.78 

Concept completion 0.74 0.74 0.74 

Judgmental 0.79 0.57 0.66 

Instrumental/procedural 0.59 0.50 0.54 

Other 0.76 0.40 0.53 

Quantification 0.41 0.53 0.46 

Causal antecedent 0.46 0.30 0.36 

Causal consequence 0.33 0.26 0.29 

Average 0.76 0.80 0.78 

Nine categories showed the precision, recall and F-Measure were 0.00; therefore, 

these categories were not shown in the table. These nine categories were Assertion, 

Comparison, Definition, Enablement, Example, Expectation, Feature Specification, 

Interpretation and Request/Directive. Results indicated that such categories as verifi-

cation and disjunctive questions had extremely high F-Measure scores, above .86. 



Similarly, two human raters had the highest kappas for these two categories, 

above .96. This suggests that the features that the model selected may be the same as 

the human raters. Other categories had high human inter-rater reliability, but low in 

our model, such as quantification (human kappa .96, but .46 in the model). The incon-

sistency may result from the different key linguistic features that the human raters 

used and our model used. Thus, in the future, we would select the better features for 

question categories with low accuracy. 

4 Conclusion 

In general, our model could provide a better performance of question classification. 

This allows us to develop the automated question answering during the collaborative 

problem solving for the epistemic games. For example, we could develop the produc-

tion rules for the automated responses to high frequency questions. The answer could 

be triggered by a series of attributes, such as latent semantic space analysis, speech 

act categories, five SKIVE categories (e.g., epistemology, values, skills, identity and 

domain knowledge) [15], and/or regular expressions. With the automated question 

classification and question answering, an answer could be sent to the students imme-

diately. This immediate answer may facilitate a better collaboration during the group 

learning and problem solving in the epistemic game.  

Since some question categories had fewer frequencies, in the next phase, we would 

collect more data to improve our model. Specifically, we would build the question 

classification tool into an interface that would show the classified result for each ques-

tion and allow a human expert to modify the results if the machine classified category 

is wrong. In this way, with more and more data in the database, we hope to obtain the 

more accurate results of the question classification.  

The further analysis of the high-frequency questions in each stage of the game can 

help generate specific responses to each question. For example, in a given task, play-

ers may ask similar questions or for explanations or elaborations. Thus, certain ques-

tions could be addressed in advance. 
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