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Abstract. Experiments described here demonstrate a role that intiatedegal con-

cepts play in predicting the decisions of new cases. Thergrpats compare vari-
ations of each of an Issue-Based Prediction algorithm (&#) a CATO prediction

algorithm in which the use of legal concepts are ablated iioua ways. The results
confirm those legal philosophical theories that assertithetmediate concepts in le-
gal principles perform a guiding or extending role in decglhew cases.

1 Introduction

{1

Legal philosophers have observed that intermediate legatepts like “owner”, “citizen”,
“territory”, “trade secret”, “breach of confidence” and etk appear to serve as “vehicles of
inference” between statements of legal grounds, on the and,land legal consequences,
on the other. (Lindahl 2003, p. 185). According to the Scaadian realist, Alf Ross, that
was their only role (Ross 1957). In his famous example, herdesta (fictional) South Seas
island society with certain rules concernifig-t, as in:

(1) If a person has eaten of the chief’s food h&igd.
(2) If a person has killed a totem animal hdistd. . . .
(2) If a person ig0-t0 he shall be subjected to a ceremony of purification.

According to Ross, an assertion that someontiil, can be verified by proving the
existence of one of the factual antecedents of the ruledwding t0-tG or whether the purifi-
cation norm is applicable as a result. This is true, Ross gbdeeven though the wotd-th
is devoid of meaning, pure superstition and nonsense. thdae could omit using the term
altogether! “It is plain that quite apart from whaii“t0’ stands for, or even whether it stands
for anything at all, these two pronouncements, when conthim@ccordance with the usual
rules of logic, will amount to the same thing as the followprgnouncement:

(3) If a person has eaten of the chief’s food he shall be stégjgo a ceremony of purifi-

cation.” (Ross 1957, p. 814).

Similarly, Ross argued that legal concepts like * ‘ownershgbaim,” and other words,
when used in legal language, have the same function as the “tiotl”; they are words
without meaning, without any semantic reference, and sepugrpose only as a technique of
presentation.” (Ross 1957, p. 814). That s, they serve alsiaelg®f inference while affording
an economy of expression. For instance, there are manyFaétsm which one may infer
ownership O:

(I) F1 implies O, F2 implies O,.. . ,Fp implies O,

*We are grateful to Vincent Aleven for sharing his code for@d O and HYPO-based prediction methods.
This allowed us to reproduce his experiments and to genexataples for this paper.
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and many consequences Ci that follow from a conclusion of st O:

(1) © implies C1, O implies C2,..., O implies Cn.

Ross argued, “ ‘O’ (ownership) merely stands for the systentannection that F1 as
well as F2, F3.. Fp entail the totality of legal consequences C1, C2, CXn. As a tech-
nique of presentation this is expressed then by stating ensamies of rules the facts that
‘create ownership’ and in another series the legal consespsethat ‘ownership’ entails.”
(Ross 1957, p. 820). Given this function, however, since libgiqal) inferences are transi-
tive, it does not matter what O stands for or whether it stdadanything at all. One could
dispense with O altogether, but it is convenient not to doigergthe nx p individual legal
rules it abbreviates or “presents” with n + p rules (Linda®03, p. 193; Wedberg 1951).

2 Intermediate Concepts as Guiding Decision of New Cases

Some legal philosophers have criticized Ross’s theory ftingato account for the role that
intermediate legal concepts play in guiding decisions @f oeproblematic cases. Recently,
Lindahl has focused on the significant role that such comscelaly in legal justification and
argumentation. While conceding that some legal terms sexrvelzcles of inference, others
satisfying general structural schemes like (I) and (Il)\a&bare also accompanied by nor-
mative justifications. That is, they are “operative cormhi§” or “operative grounds” of jural
relations (i.e., in the Hohfeldian sense such as havinguhetd pay (Lindahl, 2003, p. 190).
See also (McCarty, 2002)). So, for instance, Lindahl sayssider two empirical facts from
which X’s duty to pay Y may be inferred:

F1 “X'saysto Y ‘| promise to pay you Z dollars’, thereby makividgpelieve that X has a duty
to pay him Z dollars.”
F2 “X enters a bus run by Y without paying the stipulated farg dollars.”

The normative justification underlying the F1 inference‘i®esponsibility for inducing
legitimate expectations of a claim to get payment.” For Rg, itTaking advantage of service,
given only under the condition of payment.” According to dlahl, it is a mistake to subsume
both justifications under an intermediate legal concep fijgromising to pay” as in “F1
implies ‘promises to pay’; F2 implies ‘promises to pay’; dPnises to pay’ implies has duty to
pay.” Beside serving as a vehicle of inference, “promisesid [ an operative condition; the
kinds of empirical factual conditions it subsumes shouldbmogeneous from a normative
or principled viewpoint. The principles underlying F1 and, fhowever, are different. F1
involves inducing expectations. F2 does not. This leadsfortunate results when judges
start to speak of “implied” or “constructive” promises.

According to Lindahl, it matters therefore which intermegdilegal concepts one chooses
to serve as vehicles of inference. Collecting together uariegal rules that embody the same
principle not only facilitates generating transparent andmatively coherent explanations
but the “justificatory rationale of legal norms, in its tupmpvides guidelines for the handling
of new and problematic cases, in argumestsnalogiaande contrariQ” (Lindahl 2003, p.
199). Similarly, Michael S. Moore has criticized Ross’s vialeng somewhat similar lines.
“If legal principles were abbreviatory of a mass of legalesiin the way Ross’s analysis
suggests, then [they].. cannot serve the creative or extending function.” He als@s)o
“The same holds for reductive analyses in science: being tbberive a theory from an
experimental law eliminates the power of the theory to gateenew predictions and laws.”
(Moore 1997, pp. 885-6).
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Figure1: IBP’s Domain Model

3 Using Prediction to Investigate | nter mediate L egal Concepts

Some Al and Law researchers have had to grapple with the mgarfiintermediate legal
concepts in a very applied sense. They have developed tpasifor representing such con-
cepts and integrating them into their case-based modekgaf reasoning. Taxmanll com-
bined a template-like description of a legal concept, téxaicome, and a set of possible
mappings from one description into others (McCaetyridharan 1989). HYPO represented
case facts involving trade secret misappropriation clamierms of Dimensions. It did not
represent the claim’s elements, in part because a subgemuenhis free to reinterpret a prior
court’s holding on an issue as having been affected by o#utorfs in the case not strictly re-
lated to that issue (Ashley 1990, pp. 238-241). CABARET irdégpt logical reasoning with
rules and dimension-guided comparisons of cases congetingnrules’ terms into one le-
gal reasoning process (RisslafidSkalak 1991). GREBE represented in semantic networks
judges’ explanations of why legal concepts, open-textpredicates extracted from statutory
rules regarding workman’s compensation law, applied tddhts of a case (Branting 1991).
CATO'’s Factor Hierarchy provided legal reasons why tradeetdactors mattered in terms
of intermediate legal concepts, abstract factors baseth@mclaim’s issues (Aleven 1997).
Some complications in reasoning with factors within aneasmabstract factors, such as pos-
sible tradeoffs across issues, were discussed in (Benchrd&99). A formal dialogue game
framework has been presented that integrated cases,dactdlogical reasoning with rules
whose conclusions involved intermediate tax law concep(Prakkent: Sartor 1997).

We have investigated empirically the contribution intedma¢ée legal concepts make to
guiding, that is, predicting decisions of new cases. Oaliyndeveloped for argumentation,
the HYPO/CATO framework has been adapted to make predictiassd on argumentation
concepts (Aleven 2003). The Issue-Based Prediction (IB®yidign (Brininghaus Ashley
2003) combines a logical representation of issues with@based reasoning (CBR) compo-
nent for predicting and explaining case outcomes. Ablatixgeriments with these programs
yield insights on the predictive contribution of legal cepts. An algorithm that takes legal
concepts into account can be compared to a variant in whislkttowledge has been turned
off (i.e., ablated) with measurable results. In this way oan begin to investigate empirically
the role of intermediate legal concepts in guiding how td deil new or problematic cases,
the heart of Lindahl’'s and Moore’s critiques.

IBP (Bruninghaust Ashley 2003) uses CATO’s Factor model as its case repregantat
A case is represented by a set of Factors, abstract factipatteat strengthen a plaintiff’s
claim or a defendant’s response, called pro-p or pro-d sactespectively. (We use sub-
scriptT andd, as well as (p) and (d) to indicate which side is favored by etdtg IBP’s
knowledge about the intermediate legal concepts is cagpiara logical structure called the
Domain Model, Fig. 1. The cases all involve claims for traderst misappropriation, and
the intermediate concepts are the elements of, or issussdrély, the claim. These issues
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Determine favored party for each issue:
. « If Evidence favors same side, return that side ; Output:
Input: L : - : ) . Combine ¢
. « Else, Scientific, evidential reasoning with cases: . Predicted
Current, Identify A analysis
. — If there are cases with issue-related Factors outcome
fact issues ; from
Lo - Theory-Testing . and
situation h issues .
. Explain-Away explanation
— Else, Broaden-Query
Figure 2: Overview of IBP
prediction for MASON LEWIS (F1 F8 F21) (F1 F18 F21)
. R NATIONAL-INSTRUMENT (F1 F18 F
Factors favoring plaintiff: (F21 F15 F6) VALCO-CINCINNATI (F1 F6 F15 F21 F10 F12)

Factors favoring defendant: (F16 F1)

Issue raised in this case is SECURITY-MEASURES 1
Relevant factors in case: F6(P) PLAINTIFF.

Cases won by defendant:
ECOLOGIX (F1 F19 F21 F23)
Trying to explain away exceptions won by DEFENDANT

Issue raised in this case is CONFIDENTIAL-RELATIONSHIP ECOLOGIX can be explained away because of

Relevant factors in case: F1(D) F21(P) . the unshared ko-factor(s) (F23 F19).

l:i2;¥1§g2F1ng has no clear outcome, try to explain away Therefore, PLAINTIFF is favored.

Cases won by plaintiff: 2 [ ]
BOEING (F1 F4 F6 F10 F12 F14 F21) -
BRYCE (F1 F4 F6 F18 F21) outcome of the issue-based analysis:
DEN-TAL-EZ (F1 F4 F6 F21 F26) For issue CONFIDENTIAL-RELATIONSHIP, PLAINTIFF is favored.
DIGITAL-DEVELOPMENT (F1 F6 F8 F15 F18 F21) For issue SECURITY-MEASURES, PLAINTIFF is favored.
FOREST-LABORATORIES (F1 F6 F15 F21) For issue INFO-VALUABLE, PLAINTIFF is favored. 4
GOLDBERG (F1 F10 F21 F27) . . . .
LASER (F1 F6 F10 F12 F21) => Predicted outcome for MASON is PLAINTIFF, which is correct.

Figure 3: IBP’s Output for Mason

have been identified in the Restatement of Torts First, Set.andl in the closely related
Uniform Trade Secret Act (UTSA). In order to win a claim foadle secrets misappropri-
ation, the plaintiff has to show that the information was adé& secret (Info-Trade-Secret
in Fig. 1) and that the defendant misappropriated the inédion (Info-Misappropriated in
Fig. 1). IBP’s domain model follows the UTSA and the Restatenterbe a trade secret, the
information has to have value for plaintiff’s business ¢faluable) and the plaintiff has to
take measures to keep it secret (Maintain-Secrecy). TheddoModel also represents that
a defendant can misappropriate the trade secret by usiagnation (Info-Used) conveyed
in confidence (Confidential-Relationship), or by using imgiomeans (Improper-Means) to
gain access to the information. IBP’s Domain Model does ngickdly connect the issues
with case facts, represented by Factors. Rather, each issuleeltween 5 and 7 associated
Factors favoring both sides. Case-based comparisons th#relogical inferences determine
whether plaintiff or defendant is favored on the issue.

In IBP, prediction is guided by its knowledge of legal issuéten IBP predicts the
outcome of a new case, it combines case-based and modeldgas®ning (Fig. 2). It uses
the Domain Model to identify the issues related to the cass fét then determines for each
of these issues, which side is favored. In this step, IBP ap@BR if necessary (Bninghaus
& Ashley 2003). The algorithm makes its final prediction by bamng the analysis of the
issues following the logical structure in the Domain Model.

Each of the cases in our collection is represented as a lifteofactors that, after a
careful reading of the opinion, were deemed to apply in teesfaf the case. With respect to
both IBP and CATO-Arg, it should be noted that the case reptasen does not include a
representation of the particular issues the judge idedtifighe opinion, only the applicable
Factors. Thus, when either algorithm asserts that an isswdevant in the case, it is a result
of an inference drawn from IBP’s Domain Model or CATO'’s Factaoetdrchy, respectively.

4 Prediction Algorithms

The experiments described below involve comparing two sepsediction algorithms. The
first set involves the issue-based prediction in the IBP #lyorand two variations, IBP-No-
Issues and IBP-Model. The second set involves the case-paséidtion in CATO-Arg and
a non-issue variation, HYPO-Arg.

In order to illustrate IBP, we apply it thMason v. Jack Daniel Distilleryin this case, the
plaintiff, a restaurant owner, had developed a mixed dririle drink was a popular item at
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his restaurant. In order to keep the recipe exclusive, thm{if shared the recipe only with
his bartenders. He also instructed them to mix the drinkideitef customers’ view. As a
result, one could not order the drink in any other restaumargn though skilled bartenders
probably would have been able to duplicate it. When the defetyé sales representative
for Jack Daniel, visited plaintiff's restaurant, he tastbd drink. Plaintiff told defendant
that the recipe was a secret and then disclosed it to deferflamtiff sued for trade secret
misappropriation after he learned that the Distillery nedeki his drink nationwide. The court
decided that the defendant was liable for trade secret misppation, but only awarded
plaintiff symbolic damages of one dollar. In our case repnégtion, Mason has pro-p Factors
F6,, Security-Measures; F15Unique-Product and F21Knew-Info-Confidential, and pro-
d Factors F}, Disclosure-In-Negotiations; and Fs 6nfo-Reverse-Engineerable.

When Mason'’s Factors are given as input to IBP, it first usesata&n Model to identify
the relevant issues, Security-Measures, Confidential-lRekdtip, and Info-Valuable. These
issues have a strong impact on the rest of IBP’s procedurgyrdgrgam analyzes each issue
in turn and focuses on the issue-related Factors, ratheittieeentire set of Factors.

IBP has several techniques for analyzing issues. If the isdaéed Factors favor the
same side, this side is returned Miason the only Factor related to Maintain-Secrecy is F6
Security-Measures (Fig. 3, Nr. 1). Thus, IBP concludes tlahiiff is favored for the issue.

If there are issue-related Factors for both sides, like &id F21 for Confidential-
Relationship ilMason(Fig. 3, Nr. 2), IBP uses a kind of evidential scientific reaagrwith
cases to resolve the conflict. In its function Theory-Tegtihe program tries to find cases
where these conflicting issue-related Factors apply.

If all precedents were won by the same side, there is goo@measbelieve that in the
current problem, this side is favored on the issue. The mdphypothesis is that the con-
flicting issue-related factors should be resolved in fafdhe same side in the problem as,
apparently, in the precedents. When there are examples lrdurderexamples among the
cases, the hypothesis is taken as confirmed.

Theory-Testing may retrieve cases favoring both sidesvi&ison Theory-Testing for
Confidential-Relationship retrieves 10 cases won by plaiatifl 1 caseEcologix won by
defendant (Fig. 3, Nr. 3). Here, IBP does not take a vote andleda that the same side is
favored on the issue that prevailed in the majority of caResher, it formulates a hypothesis
that the majority side should be favored (here the plajndiffd tests the hypothesis against
the retrieved cases. When it finegologix it tries to salvage the hypothesis by explaining
away the counterexample. The applicable FactofSdaologixindicate that the plaintiff did
not keep the information secret, Factor f180-Security-Measures. F18@pplies neither in
Masonnor in the cases that support the hypothesis. It is a very mmmiFactor; (almost)
all cases where it applies were won by defendant. In IBP, IFadilce F19 that strongly
dominate case outcomes are called Knockout, or KO-Faciasare used to explain away
exceptions likeEcologixin Theory-Testing. If all exceptions can be explained awB{?
concludes that its hypothesis was confirmed, otherwisestaais. InMason Theory-Testing
is successful in confirming hypotheses regarding issues @arifal-Relationship and Info-
Valuable (not shown). When IBP has analyzed all issues, it auslihe analysis for its final
prediction (Fig. 3, Nr. 4).

If the fact situation is too specific, there may not be preogsithat share the whole set of
conflicting issue-related Factors to test a hypothesis agaaltlere, IBP applies a technique
called broadening a query. That function determines if €ass be found to test a more
general hypothesis from which the more specific but untéstaypothesis would follova
fortiori. An example of broadening can be found in the output of an IBffatran called
IBP-No-Issues fo6cientologydiscussed next.
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For these experiments, we set up an ablated version of IBEdd&IP-No-Issues, that did
not include knowledge about issues. Instead of IBP’s hibreat Domain Model (Fig. 1),
IBP-No-Issues knows only one “issue,” whether plaintiff gltowin the claim of trade secret
misappropriation, an “issue” that relates to all Factorgai from a minor technical mod-
ification for broadening a query, all functions in IBP-Notss are identical to IBP, and it
uses the same cases. Tdaentologycase in Fig. 5 illustrates how IBP-No-Issues works. Its
initial query for Theory-Testing retrieves no cases. Itisaulened to retrieve precedents for
a weaker hypothesis by dropping Factors. The hypothesimatsptaintiff is favored despite
the pro-d Factors even when pro-p Factors are dropped. Téakev hypothesis cannot be
confirmed, however; the program finds only cases won by dafgnd\ similar attempt to
broaden the query for defendant fails, and the program iaigsta

In a second variation of IBP, called IBP-Model, access to tisesavas disabled, only the
Domain Model is used for predicting outcomes. IBP-Model duatseason with precedents,
thus it does not carry out Theory-Testing, Explain-Away &ndaden-Query. For each issue
in a new problem, IBP-Model tests whether the issue-relataxdofs favor the same side. If
so, it infers that this side is favored for the issue; otheent abstains for the issue.

The HYPO/CATO-based algorithms take a different approaghediction. Given a prob-
lem, HYPO-Arg determines whether all of the most persuasages to cite in an argument
(i.e., the best untrumped cases or BUCs) had the same outtiosee.it predicts that out-
come; otherwise it abstains. BUCs are the most relevant easiée can cite without fear of
the opponent’s responding with a more relevant (i.e., tiag)pcounterexample. Here, rele-
vance is measured by the inclusiveness of the set of factoase shares with the problem
(Ashley 1990).

The CATO-Arg algorithm improves upon HYPO-Arg by incorpangt issues. Using a
more refined relevance criterion that takes Factors andsgsitio account, it focuses on only
cases not significantly distinguishable from the problehmatTs, it focuses only on relevant
cases whose distinctions from the problem can be downplagddhot emphasized. Given
this reduced set of cases, it applies the BUC criterion totfiedbest cases on which to base
its prediction. CATO can downplay distinctions, unsharedtéis that underlie reasons for
deciding cases differently, by trying to find alternativéionales to explain the conclusion
favored by the distinction. It can also emphasize distordiby pointing out alternative ratio-
nales that would support the opposite conclusion. Thesenaltive rationales correspond to
alternate paths from a distinguishing factor to an issussiiactor Hierarchy (Aleven 2003),
whose top-level issues are intermediate legal concepedllmasthe Restatement provision.

5 Experimentsand Discussion

As noted above, we ran experiments comparing the prediaticaracy of the different al-
gorithms. We used a database of 186 trade secret misapgroprcases of which 106 were
won by plaintiff, the rest by defendant. All algorithms weested in a leave-one-out cross-
validation. For details on the experiment setup sediiBrghaus&: Ashley 2003). Fig. 4
summarizes the results. The best performance in our expetiwas achieved by IBP’s issue-
based prediction. IBP correctly predicted the outcome of d&&s, made 14 mistakes and
abstained once, which corresponds to an accuracy of 91.8904FNr. 1). The observed
differences with the other algorithms were statisticaliyngicant (Briininghaus& Ashley
2003).

A number of two-way comparisons between methods illustnate adding knowledge
about intermediate legal issues improves prediction.e&alkcalgorithms in our experiment
use the same Factor representation, results can be congmaoss algorithms.
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100%

Nr. | Algorithm Correct Abstain = Errors Accuracy 0%
1/IBP 169 1 14 91.8%
2 CATO 143 22 19 77.7% %
3/IBP-No-Issues | 144 30 10 78.3% 4%
4 HYPO 125 50 9 67.9% 20%
5/ IBP-model 132 38 14 7T1.7% 0%
6 Baseline 106 0 78  57.6% 1 2 3 4 5 6

Figure 4: Experiment Results

a. IBP v. IBP-No-Issues: As discussed above, IBP-No-Issues does not have knowledge
of the issues, whereas IBP makes inferences about casesitssidgmain Model. In our
experiments, IBP’s performance is significantly better tHalR-No-Issues’ (Fig. 4, Nrs. 1
and 3): accuracy is 91.8% compared to 78.3%. Because IBP rb#tas frequently, it also
has a much better coverage of the data set. This coveragescamntiee cost of few extra
errors; IBP has 4 more errors than IBP-No-Issues, but it mae tompensates for this by
the much higher rate of correct predictions (169 vs. 144)hBo¢thods rely on the same set
of cases, and use the same functions for reasoning with;dhsesnly difference is IBP’s
Domain Model. Thus, we conclude that adding knowledge aindetmediate legal concepts
leads to more accurate predictions.

prediction for SCIENTOLOGY
Factors favoring plaintiff: (F12 F6 F4)
Factors favoring defendant: (F20 F10)

Issue raised in this case is INFO-TRADE-SECRET
Relevant factors in case: 1
F20(D) F4(P) F6(P) F12(P) F10(D)

Theory testing retrieved no cases, broadening query.

Query can be broadened for the plaintiff:

Dropping factor: F12
Theory testing with Factors
(F6 F4 F10 F20) gets the following cases:
(MBL DEFENDANT F4 F5 F6 F10 F13 F20)
(CMI DEFENDANT F4 F6 F10 F16 F17 F20 F27)
In broadened query, DEFENDANT is favored.

Dropping factor: F6
Theory testing with Factors
(F12 F4 F10 F20) retrieves no cases.

[..]

Trying to broaden by dropping two Pro-P-factors

Dropping F6 F4
Theory testing with Factors (F12 F10 F20) retrieves no cases.

Broadening query for PLAINTIFF retrieves cases
won by DEFENDANT, so the algorithm abstains.

Query can be broadened for defendant

2

propping factor: F10
Theory testing with Factors (F20 F12 F6 F4) retrieves no cases

Dropping factor: F20
Theory testing with Factors (F10 F12 F6 F4)
gets the following cases:
(TRANDES PLAINTIFF F1 F4 F6 F10 F12)
(FMC PLAINTIFF F4 F6 F7 F10 F11 F12)
(BOEING PLAINTIFF F1 F4 F6 F10 F12 F14 F21)
In broadened query, PLAINTIFF is favored.

Broadening query for DEFENDANT only retrieves cases
won by PLAINTIFF, so the algorithm abstains.

Trying to broaden for defendant: NIL
Trying to broaden for plaintiff: NIL 3

outcome of the issue-based analysis:
For issue INFO-TRADE-SECRET, NIL is favored.

=> Predicted outcome for SCIENTOLOGY is ABSTAIN

Figure 5: IBP-No-Issues’ Output foBcientology

The Scientologycase shows how IBP’s knowledge about intermediate issuesdsc
Theory-Testing on issue-related Factors, rather than pnoduoictive attempts to find cases
that share all Factors, as in IBP-No-Issues. IBP’s procedsinthis case (not shown) is
straight forward. It identifies four issues. For three ofthé¢he related Factors favor one side
only. For the fourth issue, Security-Measures, Theontiigss used. The issue analyses are
combined into a correct prediction for defendant. Fig. SashtBP-No-Issues’ output. This
time, Theory-Testing does not find any cases with all of thetdta (Fig. 5, Nr. 1). IBP-No-
Issues tries to broaden the query, which is not successifipihg pro-p Factors retrieves
cases won by defendant (Fig. 5, Nr. 2), and dropping pro-doFacetrieves cases won by
plaintiff (Fig. 5, Nr. 3). The more general hypotheses cahb®confirmed. In sum, knowl-
edge of intermediate legal concepts in IBP helps formulaabde hypotheses.

b. CATO-Arg v. Hypo-Arg: As discussed in Section 4, CATO-Arg employs additional
knowledge about intermediate and higher-level issuesantetisecret law represented in the
Factor Hierarchy. This knowledge allows CATO-Arg to perfooetter and make more cor-
rect predictions; its accuracy is 77.7%, compared to 67.8etllypo-Arg. CATO-Arg also
has much better coverage. However, this performance irepment comes at the cost of
more errors, about twice as many as Hypo-Arg. Although tpsears to put CATO-Arg at a
disadvantage, that is not necessarily so. By abstainingémty, Hypo-Arg can limit its pre-
dictions to the easier-to-predict cases, thereby avoidiistakes for cases with harder factual
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conflicts. This may be a reasonable strategy in an experjrhatit is not very acceptable in
practice. Thus, CATO-Arg’s better coverage and accuracyeigh the higher error rate.

The Chicago-Lockcase illustrates how CATO-Arg’s additional knowledge aldéattors
and issues allows it to base its predictions on more relesasgs, those with no significant
distinctions and leads to better accuracy and coverage/€Al2003). Hypo-Arg finds four
cases that satisfy its relevance criteria, two won by dedahdnd two by plaintiffK&G and
Techniconand therefore abstains. By contrast, CATO-Arg uses its kedge of intermediate
legal issues to conclude that neitierchnicomor K&G are relevant precedents. Both have
significant distinctions that make them much stronger fairpiff thanChicago LockIn both
cases, there was evidence that defendant knew the infematis confidential (F23 and
that defendant used materials that were explicitly marleecoafidential (F14). CATO-Arg
bases its correct prediction on the two remaining BUC casemut significant distinctions,
Secure-ServiceandFloteg both won by defendant.

c. IBP v. CATO-Arg: Perhaps the most interesting comparison is between IBP and
CATO-Arg. The algorithms have a lot in common. Both use CBR teqines related to
HYPO’s claim lattices (Ashley 1990). Both have a represémtadf intermediate legal is-
sues in trade secret law, IBP’s Domain Model and CATO's Facteradchy. The algorithms,
however, use this knowledge and the CBR techniques in diffevaps.

Our experiments show that IBP’s techniques are more sueddgsprediction. IBP has
higher accuracy, 91.3% vs. 77.7%. At the same time, IBP hasrbetverage and fewer
errors. We think that IBP is more accurate because of how & ils&knowledge about is-
sues. In order to illustrate this hypothesis, consideiMiasoncase. By breaking up the case
into issues, IBP can focus on subsets of conflicting Factons;twfacilitates finding rele-
vant precedents. As Fig. 3 shows, the cases retrieved byry-iesting are related to the
respective issues. CATO-Arg, on the other hand, has a conepliamy strategy that consid-
ers the case overall in a gestalt-like way. CATO's relevamiter@a can consolidate evidence
from across issues, which may sometimes lead to reasonagpimants but cause problems
for prediction. For instance, in thdasonexample, CATO-Arg retrieves seven pro-plaintiff
BUCs, but let us suppose, it also retrieves a hypothetica cason by defendant with the
following factors: F}, F4,, F16;, F18., F19, and F2%. CATO-Arg does not find any sig-
nificant distinctions for case, even thouglt has two strong pro-d Factors, K18nd F27%.
These distinctions, CATO-Arg finds, can be downplayed withftilowing cross-issue argu-
ment: InMasonandec, since the shared Factorss/ind F16 show that the information could
have been discovered by proper means, plaintiff is not &egmitly worse off inc thanMason
even though it publicly disclosed the information (FRFrom a normative viewpoint this is
a reasonable argument and, given the overwhelming suppaptdintiff’s position, quite an
ingenious one for defendant to make. From the viewpoint gbigoal prediction, however,
it causes CATO-Arg to abstain from making a predictionNtason

d. IBP v. IBP-Mod€l: In the previous comparisons, we argued that the Domain Model
makes IBP more accurate, because it guides the process dafgrekirediction by focusing
on the relevant issues in a case. This leads to the questiethermthe Domain Model by
itself leads to high prediction accuracy. IBP-Model tookyothle intermediate legal concepts
into account; it did not use precedents for making predistidts performance, however,
was significantly worse than IBP’s, with an accuracy of 71.F.(4, Nrs. 1 and 5). IBP-
Model abstains for 38 cases, includiftasonandScientologyln all these cases, the Factors
related to an issue favor both sides, which can not be resalsag IBP's Domain Model
alone. Interestingly, IBP’s prediction is correct for alsea where IBP-Model abstains. This
indicates that using knowledge about issues helps focusagebased methods, in particular
framing hypotheses in Theory-Testing on the relevant Fadtoa case.
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6 Conclusions

To summarize, our experiments support the following casiolss about the role of knowl-
edge of intermediate legal concepts for prediction:

1. Using knowledge about issues to focus hypothesis-testith precedents on the issue-
related conflicts leads to better prediction. (IBP vs. IBP{s&ues)

2. Using knowledge about issues to improve case comparesmts|to better prediction.
(CATO-Arg vs. Hypo-Arg)

3. Using knowledge about issues to focus hypothesis-tggtith precedents on the issue-
related conflicts rather than to improve case comparisatsléabetter prediction. (IBP
vs. CATO-Arg)

4. Knowledge about issues does not by itself lead to a stroedigiive model; its role in
guiding hypothesis-testing with precedents is importdBf vs. IBP-Model)

It is, perhaps, no mystery why the integration of intermediagal concepts improves
predictive accuracy. In deciding trade secret misappatipn cases, judges are aware of the
legal concepts in the Restatement and UTSA provisions. Whéerépresentations of the
cases used to test the prediction algorithms do not inchidemation about which concepts
were most at issue according to the judge’s opinion or howlictswere resolved, IBP’s
Domain Model (and CATO’s Factor Hierarchy) make it possildedconstruct reasonable
rationales relating factors to intermediate concepts toaues. In Al terms, the background
knowledge about the intermediate legal concepts provigeYight” conceptual guidance for
formulating hypotheses about which party should be favdrdthout this knowledge-based
guidance, the hypotheses are not as successful for padicften they are not specific
enough nor do they correspond to the likely significance aadnimg of the Factors. Given
the difficulties of representing judge’s rationales cono®y why intermediate legal concepts
apply in a case as attempted in GREBE, it is interesting thdt aacurate predictions can be
obtained even without representing the rationales.

The empirical evidence thus appears to be consistent wittldhil’s and Moore’s argu-
ments in reaction to RossHKI-tl example: intermediate legal concepts play an importast rol
in guiding and predicting the outcomes of new cases.

Of course, it may be objected that Lindahl and Moore were lspgaabout normative
guidance in deciding new cases, not merely facilitatinggoempirical predictions. Running
experiments to isolate normative guidance provided bymmégliate concepts in legal princi-
ples must await new developments. Currently nakAlLaw representation relates intermedi-
ate legal concepts directly to abstract legal principlB®. &and CATO represent the meanings
of intermediate legal concepts only through (1) the exptalations between legal issues and
Factors represented in IBP’s Domain Model or CATO's Factor&fighy, and (2) the database
of cases whose facts are represented by Factors and whasieieare interpretable in terms
of issues using these hierarchical models. SIROCCO demtesstiaw cases operationalize
the meanings of abstract normative principles (AsliteyicLaren 2001). Sartor and Bench-
Capon’s recent formalizations of legal argument as theongtraction involve using cases
and values to derive preferences among rules expressauris té Factors (Bench-Capdn
Sartor 2001). They do not appear to deal explicitly with intediate legal concepts, but see
(Greenwoodet al.2003). Once such normative representations are availasiearchers will
still need to do more work in reading, representing and ingldatabases of larger numbers
of real-world legal cases incorporating the normative @spntations.

In the meantime, the experimental results in this papernyrifat the guiding or extending
function that Lindahl and Moore see for intermediate legalaepts reflects not only a norma-
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tive component but a cognitive one, as well. For one thingdahl was concerned about het-
erogeneous normative justifications; we observed crosstostances where a case’s strength
in one issue may compensate for or interfere with the prsdiatfluence of weakness in an-
other issue. For another, the observation that intermediégial concepts provide the right
conceptual guidance for framing predictive hypothesesdbdgainst actual cases should be
important for certain theories of analogical legal reasgnAs explicated in (Ashley 2002),
Sunstein’s and Brewer’s theories of relevance in legal ajesdfocus on the defining role of
lower-level legal principles abduced in the process of canmg cases, and which may be
informed by or related to more abstract normative prinapRarenthetically, these accounts
seem to tie in well with Lindahl’s focus on operative conalii in legal principles as guiding
reasoningex analogia Conceptually guiding the framing of predictive hypothepks/s an
important role in that process of abduction and testing.
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