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Abstract: We present an intelligent tutoring system thatlea natural deduction to
undergraduates. Our system was implemented oremt-cerver framework. An expert
problem solver in the system provides basic insional help, such as suggesting the use of
a rule in the next step of solving a problem amticiating the inference drawn by applying
the rule. Students learning with our tutoring sgstean vary the degree of help they receive
(from low to high and vice versa). Empirical evdlaa showed that the system enhanced
the problem-solving performance of participantsimgirthe learning phase, and these
performance gains were carried over to the posptesse.
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1. Introduction

In this article, we present an intelligent tutorsygtem that teaches natural deduction (ND)
to undergraduates. An ND system is a proof calaanluwaich logical reasoning is expressed
by inference rules that are closely related to nahtways of reasoning (Barwise, 2003).
Users of our tutoring system learn inference rales strategies for applying the rules, such
as strategies for inferring the proposition -Q #£from the premise P => Q. ND is used in
many universities’ curricula for teaching the basiaf logical thinking and formal
reasoning. Figure 1 shows an example problem.

P—>Q Premise
-Q Premise
P Premise
P->Q Reiteration
Q Conditional Elimi.
-Q Reiteration
-P Negation Intro.
-Q - -P Conditional Intro.

Figure 1: An example proof of contraposition fror#PQ to -Q => -P.
Traditionally, ND has been taught using paper agmtp. The instructor explains the

functions of the inference rules and presents el@pmpblems to students, and the students
learn the inference rules as they solve the proklétowever, problem solving in ND is
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relatively complex, because it involves selectingiregle appropriate rule from various
candidate rules, applying the rule to the appro@paopositions, and drawing the inference
that results from the rule’s application. Studesften face serious difficulties because they
cannot determine the correct rules to use. Theyst@ylearning because they have no idea
about how to proceed. They need the instructolis, et in a traditional classroom setting,
which may have more than 100 students, individut@ring is sometimes impossible.

We use an intelligent tutoring system in this settiThe system provides basic
instructional help, such as suggesting a possitke for the next step when solving a
problem and indicating the inference that resultsnf the application of that rule. To
provide this help, the system is equipped with nézdl knowledge and inference
mechanisms. The system has been designed as aeteqmblem solver, and it acts like an
ND expert.

The system performs as a complete problem solvemaklD expert, but it has
neither knowledge about nor strategies for theruicsbns. The system is able to solve
problems, and it tells students what to do nexthenbasis of its own attempt to solve the
problem. However, the system does not know hovetp students learn effectively, that is,
it does not know when, how, or to what degree audth offer help. Hint presentation is an
essential factor in intelligent tutoring systemoédinger & Aleven,2007). In our system,
users are responsible for the instructional managémAlthough our system has no
management functions for controlling the degrebeap students receive, students learning
with our tutoring system can vary the degree op ety receive (from low to high and vice
versa). Our research question is whether the systerade of direct instruction, that is,
simply telling students what to do next, is effeetcompared to the traditional paper and
pencil method for teaching relatively complex tasksh as performing ND.

2. The Tutoring System

Our tutoring system consists of an expert probleiwes and tutor terminals. The system
does not have a database containing a set of Nblgmns and their solutions. Rather, the
expert problem solver solves each problem on deniaisdlesigned as a production system
and consists of a working memory whose layout issient with the structure of ND
problems and production rules corresponding toitierence rules and strategies for
solving ND problems.

Our system was implemented on a client-server fraome Miwa and his colleagues
developed a web-based production system architectalted “DoCoPro” that enabled the
system design (Miwa et al., in press). The expesblem solver is implemented on the
server and performs the complex ND inferences.n€li@mputers for the tutor terminals
that are connected to the server perform simplerfete processing. User learning
processes are saved as log data on the serveg t&tlient-server framework, our system
can operate in any educational environment, wharews types of computers, e. g., high
spec, poorly performing, and those on differentesymf operating systems are used.

Students working at tutor terminals can contrelldvels of help that they receive. The
LOSs (levels of support) can be controlled withpext to both rule selection and rule
application.

LOSs for rule selectian

* Level 3: The system presents applicable candidéds¢s and strategies and indicates the
propositions to which those should be applied.

* Level 2: The system presents applicable candidd¢eence rules and strategies.

* Level 1: The system only presents a set of infexeales and strategies (no assistance).
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LOSs for rule applicatian

* Level 2: The system generates a proposition thatimfarred automatically.

* Level 1: The system presents partial informatioautlan inferred proposition. Users
provide the terms for the complete proposition thab be inferred.

Figure 2 shows an example screenshot of the tgi@ystem. The system provides
users with lists of inference rules and stratedi®sce, the user selects one of the rules or
strategies from the lists, then the system autaaiftiruns the rule. The system presents
the complete inference result or a template in Wwitke result is partially blanked. The
system supports students by offering help aboutulegeand strategy selection.
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Figure 2: An example screenshot.

3. Evaluation

We verified that the system can successfully sal/85 problems that are contained in a
representative textbook (Todayama, 2000) thates @iesr ND education in Japan.

Our system is currently being used for teachingitNDniversity classes run by the first
author. A class of 29 undergraduates in fall seen€2010) and 49 undergraduates in spring
semester (2011) learned ND using our system, ssitdlysacquiring the necessary skills
for constructing ND proofs.

We designed and conducted an experiment to eeatuat system’s usefulness. The
purposes of the experiment were to verify whetkarrding with our tutoring system is an
improvement over learning in the traditional pajpe&d pencil manner. A total of 49
participants participated in the experiment. Okthe83 were assigned to the experimental
group and the other 16 to a control group.

In the initial phase of the experiment, the paptgits in both groups learned the basics
of ND with handout materials and an instructiorideo. Next, in the 80-min learning phase,
the participants in the experimental group learN&l by solving six example problems
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with our tutoring system. At the same time, theipgpants in the control group learned ND
by solving the same six problems using handout madde without the support of our

tutoring system; the handout materials contain detapnformation about how to solve the
problems. After the learning phase, the participantboth groups solved two post-test
problems printed on the test sheets. One was gnpeablem that requires a first-order
subproof and the other was a difficult problem ttegjuires a second-order subproof.

We analyzed the post-test scores in order to angurdirst research question. In the
learning phase, the participants in the experiniegtaup solved an average of 5.21
example problems, but the participants in the @mgfroup solved only an average of 2.69
problems. The statistical analysis shows that tifflerdnce between the two groups is
significant €(47) = 5.71,p < 0.01), which means that the tutoring system essfclly
enhanced the participants’ problem-solving perforoes during the learning phase. A
crucial question is whether the performance gais varied over to the post-test scores,
where the tutoring system’s assistance was noladolai

Figure 3 shows the result of the post-test. Théssital analysis shows that the
average score for solving the easy problem wasehigithe experimental group than in the
control group(47) = 2.59p < 0.05), but the average score for solving thiadilt problem
was not {(47) = 1.42, n.s.). This result shows an enhanagtbpnance of those who
learned with our tutoring system, but only for sofythe easy problem.
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Figure 3: Average score of the post-test for thgeexental and control groups.

4. Discussion and conclusions

Our research question concerned the usefulnesarditoring system. Our results show
that the participants in the control group solvetyydess than half of the problems within
the learning phase. This means that they faceduseimpasses during this phase. In
contrast, the participants in the experimental greolved almost all the problems, which
means that the system successfully eliminated riigasses. Although many preceding
studies have indicated that learners behave imallpin seeking help (Wood & Wood,
1999; Aleven & Koedinger, 2000), our overall resultmplies that the participants
adaptively managed the LOSs while using our tutpsiystem.

The advantage of learning with the tutoring systeas carried over only to solving
the easy problem in the post-test; the enhancedrpeance did not reach a statistically
significant level for the difficult problem. Thisay indicate a limitation of the system’s
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direct mode of instruction, such as simply indicgtthe next step to be performed. An
important part of our future research will involaddressing this limitation.

Other tutoring systems exist for teaching ND. Osea isystem called “Fitch” that
provides students with templates for reasoning artdmatically performs the reasoning
(Barwise, 2003). However, this system does not ideownformation about which rule
should be applied for each phase of the reasofiagve mentioned above, instructional
assistance in rule selection is more important iftroductory students than in rule
application, and so this is a critical limitation.

Croy et al. (2007) developed an intelligent tutgrisystem for teaching how to
construct propositional proofs. To identify the tbassistance for a specific stage of
reasoning, they drew on previously acquired lo@ dat students’ reasoning processes and
used a Markov Decision Model to infer the next stegreasoning. In this way, they
implemented a “Hint Factory” and were able to sssbdly improve introductory students’
learning in deductive logic courses. When our sygpeovides help, it sometimes narrows
the possible rules or strategies to a few candidather than a single one, because of the
limitations of its inference abilities. Compareddor tutor, Croy et al.’s tutor appears to
always provide one best candidate rule for the sty in reasoning. However, our system
can handle new problems that have not been solvesdvance. Croy’'s system must
accumulate training data for the Markov Model, awtumulating such data is time
consuming, even though the researchers have tdeghorten the preliminary trials
(Stamper, 2010). We have begun to expand our systdearning through problem posing,
in which students generate their own problems astithe validity of the original problems
by having our tutoring system solve those problems.
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