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Abstract. Devising an expressive question taxonomy is a central problem in 
question generation.  Through examination of a corpus of human-human task-
oriented tutoring, we have found that existing question taxonomies do not capture 
all of the tutorial questions present in this form of tutoring.  We propose a 
hierarchical question classification scheme for tutorial questions in which the top 
level corresponds to the tutor’s goal and the second level corresponds to the 
question type.  The application of this hierarchical classification scheme to a 
corpus of keyboard-to-keyboard tutoring of introductory computer science yielded 
high inter-rater reliability, suggesting that such a scheme is appropriate for 
classifying tutor questions in design-oriented tutoring.  We discuss numerous open 
issues that are highlighted by the current analysis. 
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1. Introduction  

The automatic generation of questions is an important emerging research area with 
potential utility for widespread applications [1].  One such application is natural 
language tutoring, in which questions are generated by an intelligent agent whose 
primary goal is to facilitate the learner’s acquisition and construction of knowledge 
(e.g., [2-9]).  A tutor’s pedagogical objectives may be accomplished with dialogue 
policies designed to enhance the learner’s motivation, maintain an emotional state 
conducive to learning, or help the learner complete specific tasks relevant to the 
targeted knowledge or skill set.   

A dialogue policy for question generation informs decisions about multiple 
features of an intelligent agent’s conversational interactions.  It governs decisions about 
the conditions under which a question should be posed, calibration of the level of 
content to be included, and choice of the tone of the realized question.  Because a 
central feature involves determining the question type to be selected, devising an 
expressive question taxonomy is an important step toward high quality, robust 
automatic question generation [10, 11].   
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It is unlikely that a single question taxonomy can meet the needs of question 
generation for all application areas.  In fact, even if we restrict our discussion to 
question generation for natural language tutorial dialogue, a single taxonomy is 
unlikely to suffice because, aside from the differences encountered across domains 
(e.g., qualitative physics, English, mathematics), the format in which tutoring is 
conducted is likely to result in the need for different types of questions.  For example, 
the tutoring sessions analyzed in this work demonstrate task-oriented tutoring, where 
the primary activity in which the learner engages is problem solving.  In task-oriented 
tutoring, the tutor must be concerned with the quality of knowledge the student attains 
as expressed through the task at hand, and if a learning artifact is being designed, the 
tutor may also engage in question-asking specifically to address the quality of the 
artifact itself.   
    Question classification research has benefited several other fields of study, including 
computational modeling of question answering as a cognitive process [12] and 
answering students’ questions with an intelligent tutoring system (e.g., [13]).  Recently, 
question taxonomies have been proposed that begin to address the needs of the question 
generation community [10, 11].  In this paper, we examine a corpus of human-human 
task-oriented tutoring and find that existing question taxonomies do not capture all the 
types of questions posed by the tutors.  We propose an empirically-derived hierarchical 
question classification scheme in which the top level identifies the tutorial goal (e.g., 
establish a problem-solving plan, scaffold the problem-solving effort through hinting).  
The second level of the hierarchy consists of annotation for question type; this level 
shares many categories with classification schemes proposed by Graesser et al. [10] 
and Nielsen et al. [11].    

2. JavaTutor-Q Corpus  

The JavaTutor-Q corpus of questions was collected across two semesters during 
tutoring studies.  Participants were enrolled in a university introductory computer 
science class titled “Introduction to Computing – Java.”  The tutors and students 
interacted via remote keyboard-to-keyboard dialogue, with tutors viewing a real-time 
display of student problem-solving actions.  Seventeen tutors were involved across the 
two studies; their experience level varied from one year of peer tutoring to several 
years of full classroom instruction.  The majority of tutors, however, did not have any 
formal training or professional experience in tutoring or teaching; therefore, compared 
to studies of expert tutors (e.g., [4, 14]), the tutors under consideration here are 
unskilled.  Eighty-two participants interacted for one session each, each session lasting 
approximately one hour.  The complete corpus contains a total of 10,179 utterances.  
Tutors contributed 6,558 of these utterances, of which 714 were identified as questions 
during previous dialogue act tagging efforts [15, 16].1  This corpus of questions serves 
as the basis for the question classification scheme presented here. 

The JavaTutor-Q corpus arose from naturalistic keyboard-to-keyboard human 
tutoring of introductory computer science:  that is, tutors were given no specific 

                                                             
1 Initially there were 721 questions; however, during the tagging process reported here, 7 of these 
were identified as non-questions whose original dialogue act tag was erroneous.  



instructions regarding tutoring strategies. 2   Qualitative exploration of the corpus 
revealed an important phenomenon that has shaped the question taxonomy presented 
here.  Table 1 illustrates that tutors in this study often provide hints in the form of 
questions.  This behavior is likely an example of a polite strategy that allows the 
student to “save face” in the presence of a mistake [17, 18].  Although an indirect 
approach may not always be ideal for student learning [19], a taxonomy of tutorial 
questions should capture indirect approaches.  The subsequent choice of whether to 
implement these tactics can then be treated as a higher-level design decision.     

 
Table 1.  Excerpts from the JavaTutor-Q Corpus 

Student 2: [Declares five distinct 
variables in the problem-
solving window] 

Tutor 1: So... parseInt takes a 
String and makes it 
into an int... but we 
only want one digit, 
so how are we going 
to get just one digit as 
a string? [Proc] 

  

Student 1: charAt?   

Tutor 2: We can approach this using 
five distinct variables, but 
when we work with them 
in our loops to draw the 
bar codes, I'm wondering     
whether making an array 
will be a better 
alternative? [Hint] 

Tutor 1: Well that would give us 
a char. 

  Student 2: Yeah, we could.  Would 
make looping easier too. 

Tutor 1: There's another String 
operation that can 
give us part of a string 
as a string... I think it's 
subString? [Hint] 

 
 

 
 

  

 
Student 1: 

 
Right.     

3. Hierarchical Question Annotation 

At its top level, the proposed question taxonomy intends to capture the tutorial goal that 
motivated each question.  At its second level, this taxonomy captures the question type, 
a distinction that is more closely related to the surface form of the question.   

3.1. Level 1:  Tutorial Goal 

It has been recognized that tagging a human-human corpus with tutorial goals can 
inform the design of the natural language generation component of tutoring systems.  
For example, the NLG component of CIRCSIM-Tutor was based partly on the 
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annotation of tutorial goals [20].  The detailed hierarchical annotations used for 
CIRCSIM-Tutor were not directly reusable for our purposes because many of the 
tutoring techniques present in their corpora of expert tutoring were not present in the 
JavaTutor-Q corpus.  In addition, our current goal is to focus specifically on tutorial 
questions.  To that end, we propose a new set of tutorial goals that is intended to 
capture what goal motivated the tutor to ask each question. 

Corbett & Mostow [21] suggest that ideal questions in a reading comprehension 
tutor should address tutorial goals such as 1) assessing comprehension of text, 2) 
assessing student engagement, 3) evaluating tutor interventions, 4) providing 
immediate feedback, 5) scaffolding comprehension of text, 6) improving student 
engagement, and 7) scaffolding student learning.  Some of these goals have direct 
analogy for task-oriented tutoring; for example, “scaffolding comprehension of text” 
becomes “scaffolding the student’s problem-solving effort.”  Table 2 presents our set of 
tutorial goals, which began with analogues to the above goals and then evolved 
iteratively through collaborative tagging by two annotators.  Specifically, an initial set 
of goals was informed by qualitative inspection of the corpus, and then goals were 
added or merged until both annotators felt that all tutorial questions in the “training” 
sample of approximately 400 questions were well-represented.  After finalizing the 
tutorial goal tags, the first annotator tagged all of the remaining questions, for a total of 
714 utterances.  A second annotator tagged a subset of tutoring sessions, totaling 118 
questions, that were not part of the training set.  The resulting unweighted Kappa 
agreement statistic was 0.85, indicating high reliability of the tutor goal annotation 
scheme [22]. 

3.2. Level 2:  Question Type  

The second level of annotation was performed after tutor goal tagging had been 
completed and disagreements between annotators had been resolved collaboratively.  In 
the second phase, each question was classified according to its type.  The question type 
classification scheme relies heavily on the question taxonomy proposed by Nielsen et 
al. [11], which itself was informed by Graesser et al. [10].  The process of formulating 
the current set of question types was analogous to the formulation of the tutorial goal 
set.  We began with the union of question types from [11] and [10], and through 
collaborative tagging of a training set of approximately 450 questions, this set was 
refined until both annotators felt all training questions were adequately classified.  
Table 2 illustrates the resulting question classification scheme.  The first annotator 
tagged the entire question corpus, while a second annotator applied the question 
classification scheme to 117 questions that were not part of training.  The resulting 
unweighted Kappa statistic of 0.84 indicates high reliability of the classification 
scheme.   

4. Discussion and Open Issues 

Understanding question types is an important step toward the robust automatic 
generation of high-quality questions.  This paper has presented a two-level 
classification scheme for tutorial questions that occurred as unskilled human tutors 
worked with novice computer science students who were designing and implementing 
the solution to an introductory computer programming problem.   In the study presented  



Table 2.  Tutorial Goals (Level 1) and Co-occurring Question Sub-Types (Level 2) 

Tutorial Goal Freq 
(ntotal = 
714) 

Details Question Sub-Types3 

Plan 164 Establish a problem-solving 
plan.  Ascertain what the 
student wants, prefers, or 
intends to do.  

Definition, Free Creation, Feature 
or Concept Completion, Free 
Option, Goal, Judgment, 
Justification, Planning, 
Procedural, Status 

Ascertain 
Student’s 
Knowledge 

282 Find out whether the student 
knows a specific factual or 
procedural concept.   

Causal Antecedent, Calculate, 
Causal Consequence, Definition, 
Enablement, Feature/Concept 
Completion, Free Option, 
Improvement, Justification, 
Knowledge, Procedural, 
Quantification, Status 

Hint 127 Scaffold the student’s 
problem-solving effort. 

Hint, Causal Consequence 

Repair 
Communication 

34 Disambiguate or correct a 
previous utterance in the 
dialogue. 

Clarification, Feature/Concept 
Completion 

Confirm 
Understanding 

73 Confirm the student’s 
understanding of a previous 
utterance in the dialogue or of 
a previously-scaffolded 
problem-solving step. 

Assess, Backchannel, Causal 
Antecedent, Confirmation, Status 

Engage Student 14 Elicit an utterance from the 
student, either at the 
beginning of the tutoring 
session or after a prolonged 
period of student silence. 

Feature/Concept Completion, 
Goal, Status 

Remind/Focus 20 Focus the student’s attention 
on a previous utterance or 
problem-solving step for 
instructional purposes. 

Assess, Feature/Concept 
Completion, Focus, Hint, 
Procedural 

 
here, the tutors’ goals were annotated by researchers in a post hoc manner.  The 
informativeness of this tagging might be enhanced by future work in which the tutors 
themselves indicate the goal of each question either post hoc or, perhaps preferably, in 
real time.  Ascertaining the tutors’ local goal for each question, along with the state 
information that motivated that goal, would provide valuable insight for future 
automatic tutorial question generation systems. 

As illustrated in Table 3, several question types from existing taxonomies did not 
occur in the current corpus.  This phenomenon is likely due to the skill level of the 
tutors; they often utilized very broad question types,  such as Confirmation,  which rely 
heavily on the student’s ability to self-assess [19].  The difference in types of questions 
asked by experts and novices is an important distinction (e.g., [14, 23]), but because no 
conclusive  differences in effectiveness have been established among question types,   it  

                                                             
3 These sets of question sub-types were not formulated a priori; rather, this column displays all 
question types that occurred in combination with each tutor goal after the question annotation 
was complete.  



Table 3.  Question Types (Level 2) 
 

Source 

Question Type Examples 

Freq. 
(ntotal = 
714) 

Grae-
sser  
et al. 

Niel-
sen 

et al. New 

Assessment Do you think we’re done? 6   ● 
Backchannel Right? 6   ● 
Calculation What is 13 % 10? 11  ●  
Causal Anteced. Why are we getting that error? 2 ● ●  
Causal Conseq. What if the digit is 10? 8 ● ●  
Clarification What do you mean? 31   ● 
Composition Not present in the current corpus. 0  ●  
Comparison Not present in the current corpus. 0 ● ●  
Confirmation Does that make sense? 60   ● 
Feature/Concept 
Completion 

What do we want to put in digits[0]? 109 ● ●  

Definition What does that mean? 2 ● ●  
Disjunctive Subsumed by other tags in current corpus. 0 ●   
Enablement How are the digits represented as bar codes? 2 ● ●  
Example Not present in the current corpus. 0 ● ●  
Expectation Not present in the current corpus. 0 ●   
Focus See where the array is declared? 11   ● 
Free Creation What shall we call it? 1  ●  
Free Option Should the array be in this method or should it 

be declared up with the other private variables? 
6 
  ●  

Goal Orientation Did you intend to declare a variable there? 20 ● ●  
Hint We didn’t declare it; should we do it now? 128   ● 
Improvement Can you see what we could do to fix that? 9  ●  
Interpretation  Not present in the current corpus. 0 ● ●  
Judgment Would you prefer to use math or strings? 17 ● ●  
Justification Why are we getting that error? 3  ●  
Knowledge Have you ever learned about arrays? 93   ● 
Procedural How do we get the ith element? 127 ● ●  
Quantification How many times will this loop repeat? 3 ● ●  
Status Do you have any questions? 17   ● 
Verification Subsumed by other tags in current corpus. 0 ●   

 
is important for question taxonomies, especially at the formative stages of research in 
automatic question generation, to be comprehensive.  Proceeding from that foundation, 
investigating the effectiveness of question types given such features as the tutor’s 
immediate goal and knowledge of the student and the problem-solving state will be an 
important direction for future work.  Finally, it is important to note that in the question 
classification project presented here, questions were tagged in their original dialogue 



context.  The annotators felt it was often important to consider the surrounding context 
(usually the previous two or three utterances) for both tutorial goal annotation and 
question type tagging.  A rigorous study of the importance of context for question 
classification could shed light on how much context is necessary for a question 
generation system to make sound decisions.   

5. Conclusion 

Question classification schemes have been the topic of research for several decades, 
and increased interest in the task of automated question generation raises new issues 
that highlight the importance of empirically-grounded question taxonomies.  We have 
proposed a hierarchical question classification scheme designed to capture the 
phenomena that occur during human-human task-oriented tutoring.  In the first level of 
the proposed taxonomy, questions are classified according to the tutor’s goal, an 
approach inspired by previous work using tutorial goal annotation to inform the natural 
language generation of tutoring systems.  The second level of the scheme captures the 
realized question type using an augmented version of existing question taxonomies.  
Both levels of question classification were applied with very high inter-rater reliability.  
This classification scheme represents a first step toward a comprehensive question 
taxonomy for task-oriented tutoring.   
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