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Abstract. This paper presents a novel way of applying sawaigation tech-
nigues to provide feedback to students in an igit tutoring system in the
field of legal argumentation. Using this systemgdsints study transcripts of US
Supreme Court oral argument and annotate them layimgea graphical repre-
sentation of argument flow as the Justices posethgticals in order to chal-
lenge tests offered by attorneys. The proposectisyss capable of detecting
three types of weaknesses in arguments; when &, dberesents the student
with a self-explanation prompt. This kind of feedbaeems more appropriate
than the “strong corrective feedback” typicallyesefd by model-tracing or con-
straint-based tutors. Structural and context wesde® in arguments are han-
dled by graph grammars, and the critical problerdaiécting and dealing with
content weaknesses in student contributions (ite, quality of their brief
statements of tests and hypotheticals found in tthascript) is addressed
through a collaborative filtering approach in whitindents are asked to evalu-
ate peer solutions to tasks they have done theps€eRhis avoids the critical
problem of natural language processing in legalmwntation. Our group-
oriented collaborative evaluation technique is mameseveral respects. First,
the atomic unit is very fine grained (i.e., sma#iqges of arguments hyperlinked
to textual transcripts), thereby minimizing intgrtions caused by reviewing
peer documents while working on the same task. r@gashile the system does
filter student answers for quality, the tool is rtmarily designed to show
“good” or “matching” answers to users (as mostaiwdrative filtering systems
do). Instead, it uses the quality estimations ampat for the intelligent tutor-
ing system, which engages learners in self expilamatctivities.

1 Introduction

The field of law is an established and interestipglication area for Al (e.g. [1, 2]).
Argument is central to the practice of law, anddifiere training in the skills of argu-
ment and advocacy are essential parts of it. Despé variety of law-related educa-



tional systems (e.g. [3]), there are still only feducational technology systems spe-
cifically designed for assisting students in thestouction of legal arguments. Excep-
tions include the intelligent tutoring systems CATD and ArguMed [4]. Partially,
the small number of computer-based learning enwiemnts for legal argumentation
can be explained by that fact that legal argumimtas a kind of natural language
discourse that focuses on interpreting the meamirggeneral legal concepts in light of
specific facts. The involved texts are rather wedtired and involve a wide range of
(legal and world) knowledge. Thus, they are notlilgaaccessible for an ITS without
applying natural language processing (NLP) teclesquhese, however, would be
very error-prone in the interpretive field of legabumentation. Current NLP technol-
ogy is not able to automatically determine the nrgaiof specific statements in the
context of the overall argument. In addition, legajumentation is an ill-structured
domain; for most tasks there is no unambiguousfinee “correct” solution which
could be used as a basis for an ITS. Thus, evbihif techniques could be applied
and resulted in an automatic categorization of ments along specific dimensions of
an argumentation model, this would still not adeelyafacilitate the assessment of
student solutions.

This is where social navigation principles come iplay in our approach: we make
use of peer students working on the same taskledrstudents rank peer solutions as
an integrated part of their own learning activBy. active and passive evaluations, the
system is able to build a heuristic measuremeh®fquality of a student’s answers,
and is able to react to poor argument descriptigtisout having to parse the content
of the student’s answers. Our application of theugroriented collaborative evalua-
tion technique is novel in several respects. Fitgt,atomic unit of evaluation is very
fine-grained (i.e., small pieces of arguments hiypleed to textual transcripts). This
minimizes interruptions caused by reviewing pedutgms while working on the
same task. Second, while the system does filtelestuanswers for quality, the tool is
not primarily designed to show “good” or “matchingfswers to users (as most col-
laborative filtering systems do). Instead, it utes quality estimations as an input for
the intelligent tutoring system. Specifically, péscin student answers which are of
low quality (as measured by the system heuristica result of the collaborative filter-
ing process) are used as self explanation prorepigaging learners to re-think the
presumably weak parts of their work.

In the following sections of this paper, we firgtsdribe the underlying task of ana-
lyzing and graphically annotating transcripts of 88preme Court oral arguments.
The collaborative filtering approach, which is bégm, the argument graphs created
by the students, is presented subsequently.

2 Annotating US Supreme Court Transcripts to Visalize
Argument as Hypothesis Testing

In US Supreme Court oral arguments, contendingrais each formulate a hypothe-
sis about how the problem at hand should be decidédrespect to a set of issues.
They may propose a test and identify key pointheffacts at hand on which the issue



should turn. The Justices test those hypothesepasing hypothetical scenarios.
These scenarios are designed to challenge thelweges’ consistency with past deci-
sions and with the purposes and principles undeglyine relevant legal rules. These
oral arguments provide interesting material folalegducators. They are concentrated
examples of many conceptual and reasoning tasksotwar in Socratic law school
classrooms. As discussed in [2], the oral argumifiotgtrate important processes of
concept formation and testing in the legal doméamsuch, studying the transcripts of
these arguments can be an educationally valuatitefoa law students. However, this
task is quite difficult for beginning law studertsie to the complexity of the argu-
ment. As discussed above, the construction of gfligent tutoring system based on
the textual information is also difficult.

One idea to overcome these problems is to augrhenteixtual documents with
structured graphical representations that expressatgument structure explicitly,
thereby providing data usable by an underlyinglligent support system. The use of
graphical representations for legal argumentationot a hew approach. Carr [5] has
used Toulmin schemas for collaborative legal arquat®n, and the Araucaria sys-
tem [6] makes use of premise/conclusion visual @t structures. ArguMed [4]
provides intelligent feedback through an argumémtdiassistant” that analyzes struc-
tural relations between contributions in diagra@sit of the three, only Carr con-
ducted an empirical evaluation. Yet, he does npbnteon a significant learning gain
caused by his system. In summary, though a lotrofjsing general approaches for
graphically supporting argumentation exist, currbigrature does not show much
evidence for the educational effectiveness in traaln of legal argumentation.

Fig. 1 Graphical argument model example

In contrast to the systems referred to before, @e®@mmend a special-purpose ar-
gument representation geared toward a particulad kif argumentation process in



which a normative rule (or “test”) is proposed,teéels and “debugged,” primarily by
means of hypotheticals. Similar to the approactptathin Araucaria, we allow the
student to explicitly relate tests and hypothetidalthe transcript of the oral argument
using simple markup techniques. This design enasfiedents to substantiate their
solutions using the authentic material. There ipidoal evidence to believe that
students indeed make use of such markup functfahe isystem makes it easy to do
so [7].

Figure 1 shows the result of one use of the sygtemm exploratory study. The left
side of the figure contains the transcript of thal @rgument in a case called Lynch
vs. Donnelly, 465 U.S. 668 (1983). At the bottorf, lthere is a palette with the ele-
ments (tests, hypotheticals, current fact situatiand relations (test modification,
distinction of hypothetical, hypothetical leadingtest change, general relation) that
the user can apply to construct a graphical reptaten of the argumentation in the
transcript. The workspace on the right side offtpere contains the argument repre-
sentation. The diagram records five hypotheticaksapresented by the Justices and
also contains the attorney’s responses to theseathwjicals, in which he distinguished
them from the facts of the case or formulated restst

Our approach gives feedback to the students abeirt argument representation,
including all aspects of the diagram — structuird to the transcript, and content of
the diagram elements. As argued however, ruleshadnie guaranteed to detect errors
in the student’'s argument graphs are virtually iggilole, as there are no “ideal solu-
tions” in the ill-structured domain of legal argumetion. As such, more heuristic
methods are needed for determinimy whatto give feedback, and fdrow to give
feedback in the absence of a clear-cut domain méaelthe latter, our approach uses
self explanation prompts as is described in motaildi@ [8]. In this paper, we focus
on the former question: even if a precise notiorembrs cannot be exactly defined,
the student’s conception of the argument may hee@&knesse@n the sense of indica-
tors for potential problems) that can be classified into several gyféne most chal-
lenging part of this approach — the detection ohkmesses in the textual parts of the
diagrams — uses peers’ activities with the systerastimate quality based on a col-
laborative evaluation approach. In order to endétikeapproach, some basic argument
graph pre-checks are required in order to guarastege minimal relations between
the graph and specific important parts of the wdps These checks are briefly de-
scribed in the next section.

3 Basic Argument Graph Checks

The task of annotating the transcript with argundgiagrams leaves a lot of freedom
to the student. This is consistent with the opesidghe task and the ill-defined na-
ture of the domain: in our pilot studies, studdrdse created a number of appropriate
and qualitatively good visual representations glarents — however, these diagrams
were far from being identical in structure muclsléstextual content. Our collabora-
tive filtering approach relies on two preconditioif$) the system must be able to



determine which part of the transcript a piecehef diagram is related to, and (2) the
most important parts of the transcript, contairting essential parts of the oral argu-
ment, must be represented in the diagram.

While condition 1 is guaranteed through the medrarof a student’s highlighting
transcript parts and constructing hyperlinks fréma tliagram to these, the second one
is encouraged by means of feedback messages kpddfnation prompts that invite
students to re-read these passages). Our systeknbaledge about the central pas-
sages in the text and encourages students to detlieae parts if no diagram element
refers to them. This system-side knowledge is coaiga to a “lightweight expert
solution”, as it encodes certain properties of adysolution. This may often be possi-
ble even in ill-defined domains — e.g., if theraisentral test formulation in the tran-
script, this should somehow be reflected in thg@dim. Detecting argument features
much beyond this (towards a “full expert solutiomhich specifies in more detail a
correct solution) is not possible in our target dom due to the variety of possible
good diagrams for a specific text.

We use a graph-grammar-based engine to detect wkeictral parts of the tran-
script are represented in the argument graph, faaadlyiirrelevant text passages have
been marked up. XML files of the following styleecaused to parameterize the graph
grammar library — these files can easily be changextder to use the tool with other
transcripts that have different “central passagbsthe example, the location of one
important test and four hypotheticals are specifiecaddition to one irrelevant part.
These passages (counted in text characters) aterddafively large in order to ac-
commodate the fact that it is often not possiblprwvide a very precise definition of
where, for instance, a test has been formulatdbks Buch as that shown in figure 2
can easily be created with our tool by simply magkup the essential passages and
saving to a special format. As described in moraitla [8], we are using the graph
grammar not only to check the relations betweendiagram and the transcript, but
also in order to detect structural problems in geag-or instance, isolated elements
trigger weakness detections (since typically statgmin the oral argument are not
isolated). Uncommon relations between element fyies“a test that is distinguished
from the facts” (which would not make legal sengajjcate weaknesses that are then
used to generate self explanation prompts.

<?xml version="1.0" encoding="S0-8859-1"?>

<Locations>
<Test begin="7452" end="8262"></Test>
<Hypo begin="9860" end="10863"></Hypo>
<Hypo begin="14454" end="15381"></Hypo>
<Hypo begin="16118" end="16235"></Hypo>
<Hypo begin="22407" end="23098"></Hypo>
<Irrelevant begin="1" end="760"></Irrelevant>

</Locations>

Fig. 2 XML file for specifying central parts of a trangar



4 Using Collaborative Evaluation Techniques to HEanate Content
Weaknesses

The system feedback based on graph grammar wealtetestions is intended to help

students create good argument structures thaekted to the transcript in a reason-
able way. In addition, the tutoring system expljc&éncourages students to consider
the most important parts of the transcript andudelreferences to them (i.e., diagram
elements that paraphrase this passage) in thejrasiies.

Yet, students may have difficulties in understagdmg., the essence of a proposed
test, as evidenced by a poor paraphrase in thesgonding test node they add to the
graph. Obviously, this type of weakness is hardeddtect than the structural weak-
ness outlined above, since it involves interpretadf legal argument in textual form.
For instance, in figure 1, one of the test versitiesstudents noted is

“IF government supports religious symbology, or suc h symbology is
seen as supported by the government to the public A ND that symbology
has no secular purpose, in light of its use and fac tual context THEN

violates the First Amendment”

It is hard to tell for a human if this is an adegusummary of the test as formulated
by the attorney during the argument or not. Foompmuter program it is certainly not
easier. The structure offered through the graphitnithks to the transcript, together
with peers working on the same task either indiglijuor in small groups (which is
not an unrealistic assumption in educational séesjacan help here, since it enables
a quality heuristic for single argument componéatgh as the test description shown
above) based on collaborative filtering [9].

In our variant of the collaborative filtering methcstudents are asked to rate sam-
ples of other’'s work. For selected important parfighe transcript (a subset of the
ones the student is prompted to look at if he dadsconsider them in his diagram),
after a student has created a corresponding elamtre graph, he is presented with a
small number of alternative answers (given by peansl asked to select all those he
considersf good quality

Based on the evaluations a student makes, a @sistic of the quality of the stu-
dent’s own answer can be calculated. One may asthaheecognizing good answers
is an indication of having understood the argun@arhponent, which in turn is a
prerequisite for having created a good quality kbation oneself. We call this first
heuristic measure thease rating If a student had n answers to choose from, aad th
ones he evaluated positively had a quality meagyre.., g (0 for very bad, 1 for
very good, see below for the calculation of quatitgasures for peer answers), while
those he evaluated negatively had quality meastes..., ¢, then the base rating b
is calculated as

l k n
b== q+ @-q)

n iy i=k+l



Fig. 3 Example rating dialog

Figure 3 shows an example. Three answers are biaflar evaluation by the student.
Let us assume quality ratings of 1, 0.8, and Qe3, (iwo good ones and two bad ones)
for the peer answers. If now the student seleetditht two, then the base rating for
the student’s answer is b = 0.33*(1+0.8+0.7) = 0.83

The base rating of an answer is immediately aviglafier the student has done his
evaluations. It measures in how far a student eaognize good answers and thus
serves as a heuristic of his own answer’'s qualityt, does not rate the answer the
student has actually typed in. Following the catliative filtering idea, this can be
measured by the positive and negative evaluatibasd student’s answer receives.
We call this theevaluation ratinge. If j students evaluated a specific answer and p
students with own ratings, g..., g, (on this answer) have given positive evaluations
(by selecting this answer as being “of good quglityhile the other j-p students gave
negative evaluations, then e is calculated as:

1 p

i=1

Here, the evaluations given by peers with highalityuratings receive a higher
weight. If we continue our example and assume thage other students had the
chance to evaluate the test description, and ortkeofi (with own rating 0.4 on this
argument segment) gave a positive evaluation, aliseiteee others (with own ratings
0.2, 0.8 and 0.7) did not consider the descriptiambeing of high quality, then the
evaluation rating is e = 0.4/ (0.4 + 0.8 + 0.7.2)& 0.19. This rather low score re-
sults from the mostly negative evaluations by teerp.

Finally, an overallquality rating q of a student answer can be calculated as the
weighted average of the base and evaluation ratihgs reasonable to make the im-
pact of the of the evaluation rating on the ovecalblity rating dependent on the
amount of evaluations; if a student answer wasestithp evaluation by p peers, and ¢



is the number of answers that was presented tsttiteent for evaluation himself, g
can be calculated as:

q= C pb+P e
p+c p+c

The design of the formula ensures a normalizatiog im [0,1] and takes into ac-
count the importance of peer’s opinions (with lapgehe base rating gets less impor-
tant) while at the same time eliminating the cdlttsproblem through the inclusion of
the base rating. In our example, we have p=4 ar] ard thus an average q = 3/7 *
0.83 + 4/7 * 0.19 = 0.46. This medium rating tak&® account both the high base
rating and the low evaluation rating. Since thel@atfon rating is based on statements
of four peer students only, it determines only &%7%) of the overall score, the
remaining 43% come from the base rating. The dafimiof the quality rating formula
gradually fades out the impact of the base ratimgeaa larger number of peer evalua-
tions are available. While this approach works ffoe most of the students in the
group, the first and last students who work onecHjz part of the transcript (and thus
are the first and last to comment on it and subsetlyevaluate other answers) need
special attention. For tHast students that annotate a specific passage oéxtepeer
answers are of course not available yet. Here, see aystem provided answers of
known quality (some bad, some good) in order td dét the cold start problem.
Specifically, we are using material from previotgdées [10] that was graded by legal
writing experts. These expert grades ensure a gotal quality heuristic in the sys-
tem. This is of critical importance in our approatfithe system has a poor heuristic
of the first answers initially shown to studentseiraluation dialogs, this increases the
number of needed evaluations in order to stabifiwe quality of the overall quality
heuristic. For relatively small user groups in eatianal settings, the time available to
the system might then not be sufficient to prodgoed quality ratings. The answers
of the last students that work on a specific part of the tgit not be evaluated by
peers. Therefore, the quality rating of their answie equal to the base rating of their
answers, which again stresses the importance déttes (cf. next section).

If the quality measure for a student’s answer ieWwen certain minimal threshold,
this indicates a content weakness for the corredipgnanswer, and the system pre-
sents the student with a self explanation promat #sks him to review and reflect
upon the corresponding part of the transcript. TWay, system feedback can be adap-
tive with respect to the student’s argument graphlzased on the evaluations given in
the system, and natural language parsing of thgratia contents is avoided.

Our approach is similar to the reciprocal reviewtegn of SWoRD [11], but differs
in three respects. First, no textual reviews arpiired and only quick yes/no deci-
sions are employed within the evaluation questit¥isile qualitative comments might
be helpful for learners in order to help them imygrdheir answer (as done in peer
review systems such as SWoRD), our approach isedeawards not distracting the
learner from his main activity and includes theleaton of peer answers as a “side
activity”. Another difference to SWoRD and othensdical peer review systems is
that that a rating has immediate implications fue system heuristic about both the
rated text and also theater’'s own text. For the rated text, the evaluation feiads



the evaluation rating part of the quality heuristiand for the rater’s text, the evalua-
tion constitutes the base rating. Finally, a ddfere to SWoRD is that the object of
rating is of finer granularity — while SWoRD usesder samples of student writing,
our approach is based on very small annotatiors gfecific part of a learning re-
source (i.e., the argument transcript). This prbbd&ielps integrating student’s own
learning activity with the evaluation activity, sethe thematic proximity of student’s
own work and the statements to be evaluated i$ylilkebe very close. Compared to
other recommender systems, which essentially reljlange user group sizes, our
system is designed also to work with fewer numiigm®ugh the inclusion of the base
ratings). The following self explanation promptaa example of ITS feedback that
could be generated if the quality rating of a festnulation given by a student is be-
low a specific intervention threshold (a suitablemier for such a borderline is still to
be determined in pilot tests).

“Evaluations given by your peer learners indicate t hat possibly your
test formulation XYZ does not adequately describe t he meaning of what
the attorney proposed in the argument section you r efer to with your
diagram element. Please re-think this section of th e argument and try

to find a better formulation for the test.”

Since we need only a rough heuristic of the qualftgtudent’s answers in order to
decide whether to present such prompts or notss peecise but quickly available
approximation of quality seems the better option.

5 Conclusion and Outlook

The approach as presented in this paper is designgapport first-year law students
in learning legal argumentation skills. The ITSdise generate this feedback is based
on two formalisms, which enable a check of studemgwers for different types of
weaknesses: a graph grammar formalism and a codtibe filtering technique.

The latter uses evaluations of peer solution coraptson a micro level (i.e., sin-
gle argument elements) as a resource to build Btyjheauristic of a student’s answers
which is based on both active evaluation acts ¢telg good / poor answers) and
passive evaluations (being evaluated positivelyegatively by peers). This consti-
tutes a novel use of collaborative filtering tecjugs and offers an alternative to the
use of natural language processing techniques,hwiviculd be error-prone in the
interpretive field of legal argumentation.

Based on first pilot studies we conducted, whicteasially confirmed the suitabil-
ity of the ontological categories and the graphiegresentation format, a currently
ongoing second series of pilot studies tests thauation interface and some ITS
feedback in form of self explanation prompts. Fead#bbased on the collaborative
filtering is currently being implemented (it canro® pilot tested in studies with single
users since it requires at least small groups).a¥¢eplanning to test this part of the
system functionality in some further pilot studiEsrrther research will then try to find
empirical evidence for the effectiveness of thespreed tutoring approach, both com-
pared to control groups that make use of the dragmol without feedback, and also



to groups that work traditionally with text resoesc Also, we seek research results in
how far the claimed correlation between the baegand the evaluation rating (i.e.,
the relation between “recognizing good answers” gmaviding a good answer”)
actually holds in practice. As emphasized in thevimus section, this correlation is of
particular importance for the last students inaaréng group.
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