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What makes a discovered difference insightful?
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Abstract informative) approaches (Rubinstein & Hastie, 1997). In dis-

o ) ~criminative approaches, the algorithms attempt to find differ-
gﬁﬁgytooégeﬂf'ﬁﬁﬂ?ﬁ? gfvﬁ) ;ligg%?éga?grglguégc?t%ﬂ%sézg t?ﬁ'é ences that can be directly used to classify the instances of
goal of this analysis is tg gaininsight and new knowledge about the groups. In'characterl_stlc approaches, t_he_algorlthms at-
their core activities. Acommon query is comparing several dif- teémpt to find differences in the class descriptions, some of
ferent categories (e.g., customers who default on loans versus which may also be highly predictive but are not necessarily
those that don't) to discover previously unknown differences so. We investigate if human domain experts have a prefer-

between them. Current mining algorithms can produce rules ; F At
which differentiate the groups with high accuracy, but often ence for either strategy. Second, there are many objective

human domain experts find these results neither insightful nor Measures of rule quality and typically mining algorithms seek
useful. In this paper, we take a step toward understanding how rules that optimize these measures. For example, with if-
humans interpret discovered rules by presenting a case study: then rules of the forni — (C (antecedent implies conse-

we compare the responses of admissions officers (domain ex- quent), many algorithms attempt to maximize the confidence

erts) on the output of two data mining algorithms which at- s L L
'Pemp% to find outpwhy admitted studer?tlaa%se to enroll or which is the conditional probability of the consequent be-

not enroll at UC Irvine. We analyze the responses and iden- ing true given the anteceden?(C'|A)). The assumption is
tify several factors that affect what makes the discovered rules that rules that score highly on the objective measure are use-
insightful. ful to domain experts. The problem is that while there are
many objectives measures of pattern quality, such as support
Introduction (Agrawal, Imielinski, & Swami, 1993), confidence (Agrawal
o ] o o . etal., 1993), lift (also known as interest) (Brin, Motwani, Ull-
Data collection is a daily activity of many organizations in man, & Tsur, 1997), conviction (Brin et al., 1997) and many
business, science, education, and medicine. Large databas@giers, none of the measures truly correlate with what human
are routinely collected and with the advent of computers tQjomain experts find interesting, useful, or acceptable. The
process the information, these organizations want to analyzggjity is that most mined results are not useful at all. For
the data to gain insight and knowledge about the underl_ylngxamme, Major and Mangano (1995) analyzed rules from a
process behind the data. The data usually represents infoiyricane database and reduced 161 rules to 10 “genuinely
mation on their core business, and an important task is Unpteresting” rules. In a more extreme, but common case, Brin
derstanding the differences between various client groupsy a1, found over 20000 rules on a census database from which
For example, bank loan officers may be interested in analyzney |earned that “five year olds don’t work, unemployed resi-
ing historical loan data to understand the differences betweegeants don’t earn income from work, men don't give birth” and
people who are good and poor credit risks. Admissions ofyther uninteresting facts. Thus we investigate the relationship

ficers at UC Irvine (UCI) are interested in analyzing admis-petween human subjective measures of rule usefulness to ob-
sions data to understand the factors which influence an adm'feaive measures of rule quality.

ted student’s choice to enroll at UCI. It is important that the
discovered differences both be true and accurate descriptionsWe answer our research questions, “Is a discriminative or
of the data as well as being acceptable anderstandable by characteristic approach more useful for describing group dif-
the end users. ferences?” and “How do subjective and objective measures
A common technique for discovering group differencesof rule interest relate to each other?” by reporting on an
from data is to apply a data mining algorithm to automati-analysis of discovered rules by human domain experts. We
cally find rules from the data. For example, after analyzinganalyzed UCI admissions data to understand the groups of
loan data we might find that people with graduate degreestudents that decide to enroll or not enroll at UCI given an
are good loan risks (i.e. grad-degreelow-risk). There have offer of admission. After discovering rules with two differ-
been many studies which investigate the accuracy of rules thaint algorithms, we then showed the rules to human domain
describe category differences, but very few which investigatexperts and asked them to rate the rules according itheir
how humans interpret the results. sightfulnessi.e. did the rule expand their knowledge about
In this paper, we focus on two issues relating to the interthe admission process? After obtaining experts results, we
pretation of discovered rules by human domain experts: Firsthen analyzed the responses to compare and contrast discrim-
algorithms for automatically finding group differences can beinative and characteristic approaches as well as objective and
categorized broadly into discriminative and characteristic (oisubjective measures of rule quality.



In the remainder of this paper, we first highlight the differ- Thus we can always convert from one to the other. Although
ences between discriminative and characteristic approachdise forms can be made equivalent, the difference is that the
and describe the mining algorithms used. We then describg that optimizes/maximizes Equation 1 is not necessarily the
the knowledge discovery task: analyzing admissions data teame as th& that is best for Equation 2.
improve the recruitment process at UCI. We examine domain We now describe two algorithms representative of the ap-
experts responses and compare them to quantitative measu@®aches. C5 (Quinlan, 1993) which is a discriminative ap-
of rule quality. We conclude by discussing related work andproach and STUCCO (Bay & PazzathB99) which is a char-
examining possible directions for future work. acteristic approach.

Background: Discovering Category Differences A Discriminative Approach: C5
Mining algorithms for finding category or grou differencesA discriminative approach to distinguishing two or more
gag ) gory or group groups fromeach other is to use a rule learner or decision

can be classified as discriminative or characteristic. Discrim PG :

o ; ' : tree to learn a classification strategy. In this paper, we use the
mataye miners attempt to'flnd @fferences that are useful forprogram C5 which is an updated version of C4.5 (Quinlan,
predictive classification with a high degree of accuracy. Char1993) It is a workhorse of the Machine Learnind commu-
acteristic miners attempt to find significant differences in thenit and is a qold standard to which many new al grithms are
class descriptions. This can result in rules that are highly preéo?/npared 9 y 9
dictive as with discriminative mining, but predictiveness is ) . . '

not a requirement of the mined rules. Discriminative miners f%zlavr’ia:blt;vsos%egﬁ%ﬁgfé 3235%’ 1C|Z ?rgﬁ?rgitie? ;'23 ssgttshat
look for one key set of features that distinguish the categorieg d

X O . . s many examples in the database are covered by rules as
\évgtnvﬁje%?]a{ﬁgg%%ggers look for all important differences possible. C5 performs greedy heuristic search to develop a

For example, a discriminative difference would be that Stu_deC|S|on tree. Starting at the root of the tree, C5 selects an

dents who do not enroll at UCI are much more likely to havea}tj[rlbqte-value test to partition the featureasp. Each par-

a GPA greater than 4 and live more than 100 miles from UCI“F'C-)n 1S represented by a child node and is then recurswel_y
. . divided with more tests. The tests are chosen to create child

than students who do enroll. Ninety eight percent of thes%

students (GPA greater than 4 and distance from UCI greater

than 100 miles) reject UCI's admission offer and do not en-

roll. Knowing that a student has these characteristics aII0W§ure It does this by following the path from the root to every
us to classify them with high accuracy. leaf and constructing one rule for each path. The rules con-

A characteristic difference would be that 39.8% of studentstain every term that appears in nodes along the path. C5 then
that enroll at UCI are English native speakers compared wit : X
47.9% of students who do not enroll. Clearly this di1‘ferenceteeSts each term that appears in a rule and removes terms that

affects many students, but knowing that a student is an Eanfer no predictive benefit

glish native speaker does not give us much information abouys Characteristic Approach: STUCCO

whether the student will enroll or not. It contains information Here we briefly review the STUCCO algorithm for mining

that is not useful for prediction, but nevertheless may be im¢ast sets. The reader is directed to (Bay & PazA®49,

portant to an analyst attempting to understand the two 9roupg999h) for a more detailed description.

Formally, we can describe the two approaches as follows: sTcco is a complete mining algorithm that searches
Let X be the set of attributes and values with which we de-, contrast sets, conjunctions of attribute-value pairs, that
scribe the differencesX can be a single attribute value pair ave supstantially different probabilities across several dis-
such asX = {nativelanguage = English} or it can be a con-  iptions or groups. The goal is to find contrast sets where
junction, e.9.X = {GPA > 4 A UCldistance > 100 miles}.  thq yalue of Equation 2 is greater than a threskiold
Let y be the class or category. Then discriminative ap-" sTyYCCO takes a two stage approach to mining. In the first
proaches attempt to find such that the following equation giage STUCCO searches for all possible contrast sets that

odes which tend to be mainly of one class.
After finding the tree, C5 can then convert it to rules and re-
move unnecessary terms imposed by the top down tree struc-

. 1S atte! cC _

is maximized. meet the criteria. In the second stage, STUCCO summarizes
the mined results to present only a small set of rules.

|P(y = c1]X) = Py = c2| X)) 1) STUCCO organizes the search for contrast sets using

set-enumeration trees (Rymon, 1992) to ensure that every
node is visited only once or not at all if it can be pruned.
Figure 1 shows an example set-enumeration tree for four
[P(X]y = 1) = P(X]y = e2)] (2)  attribute-value pairs. STUCCO searches this tree using
is maximized. Note that we can relate these two equation?read_th'ﬁrs" search; it starts with the most general terms
with Bayes Rule: irst, i.e. those contrast sets with a single attribute-value
pair such assex =female or UCISchool = Engineering.
P(X|y)P(y) These sets are the easiest to understand and will have
PylX) = W (3)  the largest support. It then progresses to more compli-
cated sets that involve conjunctions of terms, for example,
"~ 1The exact form of th ion that is maximized can varySex = female A UClISchool = Engineering.
somewehaet f?cc)tmothis %eﬁ‘ineitigﬂ??)tuct) aItI Sitsgrimi?lative approache)g During search, STUCCO scans the database to count the
concentrate on finding large differencesiiiy| X). support of all nodes foeach goup. It examines the counts

Characteristic approaches attempt to fiiguch that



{1 score formed from GPA and SAT scores, statement of intent

/’\ to enroll, etc. We joined the data with a zipcode database and

w 2 @B 4 added fields for the distance to UCI and to other UC schools.
’\\ [\ ‘ Numeric variables, such as SAT scores and distances were
manually converted into nominal variables at thresholds that
{1,2} (1,3} {14} {23} {24 {34}

are meaningful for the admissions office.
‘ We ran STUCCO and C5 on the data to obtain contrast
{1,2,3} {1.2,4} {134} {2,3,4} sets. For STUCCO we used the following parameter settings:
‘ d = 1% and globalx = 1. For C5 we used the default pa-
rameter settings except we set the misclassification costs to
balance the different group sizes (typically only 30% of ad-
mitted students will enroll). This waseoessary as without
Tost balancing C5 would fail to find any rules distinguishing
{1,2,3,4. the two groups and would resort to a default strategy of al-
ways predicting that the students would not enroll (the more
common class).
to determine which nodes meet the criteria and which nodes Both C5 and STUCCO produce results in their own partic-
should be pruned. STUCCO also explicitly controls theular format. To make interpretation easier and to eliminate
search error to limit false discoveries by keeping careful trackany bias from the presentation format, we converted the re-
of the number of statistical tests made to verify Equation 2sults into an equivalent set of English sentences describing
and adjusting thev level for individual tests to control the the differences using an identical sentence structure for both
overall Type | error rate. C5 and STUCCO. We translated the numeric results associ-
In the second stage, STUCCO summarizes the minedted with the outputs of STUCCO and C5 inteld andgain
results by showing the user the most general contrast se¥éhich are meaningful quantities for the admissions officers.
first, those involving a single term, and then only show-Yield is the percentage of students that enroll; gain is the dif-
ing more Compﬁcated Conjunctions if they are Surprisingferenceln'the number ofstudgntsthatwould enrollifthe y|E|d
based on the previously shown sets. For example, waas identical to the average yield. The results can be ordered
might start by showing the contrast seiex = female, by gain to highlight the differences that have the Iarg'est ef-
UCISchool = Engineering, and GPA > 4, sTucco fect. Rule 1 shows a sample result converted 'automatlcally to
would then move on to Showing more Compncated EngllSh text. The full Set'Of results are too b|g to be shown
sets such assex = female A UCISchool = Engineering N this paper, but Appendix A presents a small subset and all
or UCISchool = Engineering A GPA > 4, and finally examples used in this paper are actual findings.
sex = female A UCISchool = Engineering A GPA > 4. The )
conjunctions are only shown if their frequencies could not Rule 1. Students who are Korean and have a Selection
be predicted from the subsets using a log-linear model ndex Number between 6000 and 6500 are more likely
(Everitt, 1992). This hierarchical approach eliminates many 0 enroll with a 30% higher yield than average. This
uninteresting results and can reduce the number of mined fépresents a gain of 66 students.
results by more than an order of magnitude leaving a small
set of rules for a user to view.

{1,2,3,4}

Figure 1: Example search tree for four attribute-values pair

We expressed yield relative to the average. In this example,
the yield was 30% higher than average yield (25.6%) which
: o is the percentage of all students who accepted UCI'’s offer.
Analysis of UCI Admissions Data Thus the yield for this category is 55.6% = 30% + 25.6%. The
At UCI, the admissions office collects data on all under-gain of 66 students is a measure of #ffect sizeof the rule,
graduate applicants. The second author serves on a carine. how many students does it affect? In general, we believe
puswide committee whose goal is to analyze this data to iderthe effect size is a domain independent factor that contibutes
tify changes that could be made to admissions policies thabo how insightful a rule is. For example, in a loan default
would improve the quality, quantity, and diversity of studentsproblem the effect size would indicate how many additional
that enroll at UCI. Currently the admissions officers typically loans that default can be attributed to customers that meet the
analyze the data by manipulating spreadsheets and thus thegnditions of the discovered rule.
can only form simple summaries and do not perform detailed The discriminative and characteristic approaches resulted
multivariate analyses that would be provided by a data miningn two very different rules sets describing the differences be-
algorithm. tween students who enroll and do not enroll. Table 1 shows
Here, we report on an analysis of the 1999-2000 enrollthe size (as measured by the number of terms in the con-
ment data to identify differences between students who chogenction) and number of rules mined by C5 and STUCCO.
to enroll and those who did not for all students accepted alt shows the results for all of the mined rules and the best
UCI. There were a total of 13344 students given admissior80 as measured by gain (we used only the best 30 rules for
offers, of which 387%ccepted and enrolled at UCI a8d73  our experiment in the next section). Examining the table we
who did not. For each student, the data contains informatiosee that C5 returned far more results than STUCCO and that
on variables such as ethnicity, UCI School (e.g. Arts, Engi-the individual sets tended to be larger and more complicated.
neering, etc.), sex, home location, first language, GPA, SAWhile more complex results are undesirable, by itself, it is not
scores, Selection Index Number (SIN) which is a compositean indication that one method is better than another. Table 2



summarizes the average gain (magnitude only) of the results Experimental Evaluation

and in Figure 2 we plot the discovered rules according to theif, thg experiment, we showed the results from data mining

yield difference (with respect to the average yield) and gainyg agmissions officers at UCI and asked them to rate the rules
We summarize the differences as follows: according to the insight they provide.

To give an example of an insightful rule, consider Rule 2.
Admissions officers at UCI have been uncertain of the effect
that the proximity to UCI and other UC campuses plays in
student’s college choice. Students who live at home with their
« Compared with STUCCO, C5 produced rules with higherParents substantially reduce the cost of higher education. It

yield differences but smaller effect sizes. was well known that students who live close to UCI are more

likely to accept offers, bulittle was understood about how
¢ C5 produces many rules that are clearly uninteresting bethis interacts with other variables. Rule 2 provides insight
cause their effect size is very small. For example, on thénto this: it suggests that UCI competes fairly well for stu-
full set of returned rules the median effect size was only 5dents with UCLA, UCSD and UC Riverside.
for C5. In contrast, STUCCO's median was 132.

¢ C5 tends to produce longer rules than STUCCO. The av
erage number of terms in a C5 rule was 3 whereas fo
STUCCO the average is 1.7.

Rule 2. Students who live within 30 miles of UCI and
live within 30 miles of another UC school are more

likely to enroll with a 10% higher yield than average.
Table 1: Summary of Results for C5 and STUCCO (S). This represents a gain of 329 students.

All Best 30

Size| ¢c5 s|cs S As another example of what an admissions officer would

1] 25 42| 6 17 find insightful, consider Rule 3. It suggests that UCI does

2] 46 24|16 11 an extremely poor job of recruiting bright students who have

3 62 10 6 2 ; e ;

2l 35 1| 2 not yet declared a major. This is probably because recruiters

5| 21 1 treated non-declared majors as confused students who needed

6 5 help rather than as bright students who wanted to explore their
fotal [ 194 78| 30 30 options. Due to this discovery, UCI is changing the way it

approaches recruiting undeclared students, particularly those
with high GPAs.

. . Rule 3.Students who have a GPA greater than 4, and are
Table 2:  Summary of Effect Size Results for C5 and undeclared majors are less likely to enroll with a 15%

STUCCO (S). Values were calculated based on magnitude |oer yield than average. This represents a loss of 123

only. students.
All Best 30
C5 S| C5 S Subjects. The subjects were 4 faculty and staff at the Uni-
median| 5 132] 125 273 versity of California, Irvine who are actively involved in the
mean 33 12785 1;2 fgg admissions process and expressed an interest in viewing the
max | 495 683| 495 883 results of a computer analysis of admissions data to find fac-

tors relating to student recruitment. The subjects did not re-
ceive any compensation.

600 Stimuli. The stimuli consisted of two sets of statements

corresponding to the outputs of C5 and STUCCO. Each

200l * STUCCEO set consisted of 30 rules, 15 describing students with in-
L creased yield and 15 describing students with decreased yield.

200( o R ] Appendix A shows the 15 increasing yield statements for

STUCCO. Within the group of increasing or decreasing yield
statements the rules were sorted by gain (largest first). The
yield and gain values were rounded to the nearest integer. The

ot Vmspmy e e A e

Gain

-200r . x %%

S subjects were not aware of the algorithm that generated each
400l « ] set of rules.
ool ) Procedures. Each subject was shown the two sets of rules
and were asked to “consider the statements in the context
809 = : ‘ . = ) of being an admissions officer whose goal is to improve the
=4 — 4

Vield Diffoence ) quality, quantity, and diversity of students that enroll.” We
then asked the subjects to rate each statement on its insight-
Figure 2: Comparing discriminative and characteristic rulefUIness using a scale from -3 to +3, with -3 corresponding
sets. to not insightful and +3 corresponding to insightful. After
viewing both sets of statements, the subjects were asked to
indicate which set they preferred overall.



Results & Discussion. Table 3 shows the mean ratings of 8
the experts for both STUCCO and C5. It is clear from the
values that the experts are using different scales and that the 2r B . L N
rules were not equally insightful to all. Experts 1, 2, and 4
rated STUCCO higher than C5. Using a groupest, the 1t L {ﬁg
differences were significant for E2 and E4 at the 0.001 level. "
The difference in ratings were not significant for Experts 1
and 3.

Expert 1 indicated no preference for STUCCO or C5, but I
the remainder all stated that they preferred the rules which " +
were learned by STUCCO.

Expert 4
(=)
++
n
*r
n

Table 3: Mean Ratings for C5 and STUCCO 35 > 1 0 1 2 3

Expert 2

Expert
E1l E2 E3 E4
0.7 -01 157 1.23
043 -0.87 187 0.23
0.69 348 -1.38 4.87

STUCCO Figure 3: Expert 2 versus Expert4.
C5

t(58)

We pooled the STUCCO and C5 ratings feach expert
and then calculated the correlation of the experts ratings with

the objective measures of rule quality: yield difference, gain , e .
(effect size), and rule size (number of conjuncts). For ournsightfulness is an extremely difficult notion to capture, and

calculations we used the magnitude of the yield differencdis work has only begun to investigate this concept. Blake
and gain. The results are shown in Table 4. For yield dif-2nd Pazzani2000) have taken an orthogonal approach to un-
ference and rule size there were no significant correlationderstanding when a rule is insightful. They examined how
with insightfulness. For gain, we found a significant relationackground knowledge encoded in an electronic knowledge
for Experts 1 and 2. With atest of a correlation coefficient Pase could be used to remove uninteresting rules from a set.
(Ho: p = 0), the results are significant at the 0.01 level or!n contrast this work examines how the discovery strategy
better. This suggests that the effect size is a factor in detefdiscriminative or gharacterlstlc) affects the |nS|ght_of rules
mining how insightful domain experts find the discovered dif-found and how insightfulness correlates with objective mea-
ferences. Since STUCCO finds many rules with large effecBUres of rule quality.
sizes, experts seem to prefer the STUCCO rules. Clearly, before a rule can be insightful to a person, it must
be understood and considered valid. In the past, researchers
have considered understandable as synonymous with “short”
Table 4: Correlation of Ratings to Objective Rule Measuresand thus designed mining algorithms with a strong bias to-

Related Work

Expert wards rules that are short and accunateer this assumption
El E2 E3 E4 (Karalic, 1996; Craven, 1996). While this makes intuitive
Yield glfr_. 8%382 -8.22% 8.5223 -8.(1353 sense, there have been no studies which gquantitatively con-
ain . _ . _ ' . . A
Rule Size| -02449 -0.2224 00787 -0.2620 firm this. There have been two studies which indicate that

perceived validity of the mined rules affects the credibility

We believe there are other factors that influence the ratingand willingness to use mined resultsaz2ani, Mani, and
of insight given to a rule. In particular, some rules are alreadysShankle (1997) examined the effect of monotonicity relation-
well known to the admissions officers. In addition, some ad-ships on rule acceptance in di@sing potential Alzheimer
mission officers have a particular focus (e.g., minority stu-patients. They found that regardless of rakeuracy neu-
dents) and would be more interested in rules of that type. Weologists were unwilling to use rules which violated the in-
tabulated the inter-correlation of the experts in Table 5 usingent of the diagnostic test.aPzani and Bay1999) looked at
the pooled C5 and STUCCO responses. The results are sufe effect of incorrect signs on the credibility of regression
prisingly in that the correlation between experts is very low.equations and likewise found that equations where the sign
Figure 3 plots the ratings of E2 and E4, the experts with thexf a variable differed from subjects expectations were rated
highest correlation. This suggests that insight is very subjecpoorly. An interesting result of their study was that longer re-
tive and there are important individual differences, possiblygression equations were more credible than shorter equations.

relating to the prior knowledge of the task.

Table 5: Correlation of Ratings Between Experts

Silberschatz and Tuzhilin (1996) suggested that interest-
ingness is a subjective quality that depends on the individual.
However, they did not test this theory quantitatively with hu-
man subjects. Our results with inter-expert agreement support

Expert their theory.
E2 E3 E4
E1| 02748 0.1028 -0.132
E2 0.1894 0.2778 _
E3 -0.1613 2A small amount of randofjitter has been added to the points.



Conclusions and Future Work 11. Students who scored between 500 and 600 on their SAT Verbal

We asked the following two questions in our paper: “Is a ?Leisr?ggfels"éﬂ%'sg’g%?rrlocl)'f‘ggg ;u‘éé"n?;gher yleld than average.

discriminative or characteristic approach more useful for dg>  stydents who have a GPA between 2.75 and 3.5 and have a Se-

scribing group differences?” and “How do subjective and ob-  |ection Index Number between 6000 and 6500 are more likely to

jective measures of rule interest relate to each other?” enroll with a 16% higher yield than average. This represents a
We answered these questions by conducting a study of ad- 9&in of 186 students. _

missions officers and their responses to the outputs of the d4ta Ess(gggents who have a Selection Index Number between 5000 and
S - AP are more likely to enroll with a 19% higher yield than aver-

mining algorlthmg QS and STUCCO. Our main findings aré  age. This represents a gain of 173 students.

that (1) characteristic differences are more useful to domain. Students who live within 30 miles of another UC school are more

experts than purely discriminative differences. (2) Many ob- likely to enroll with a 2% higher yield than average. This repre-

jective measures of rule quality correlate poorly with expert sents a gain of 166 students.

opinions on what is insightful, but there is some evidence thk- nsiggr?rggowgr?dhgc\)/g gnciﬁérbse%e&gtﬁ-;?ea%% %5” l?er;d %Cgrnerg "be-
effect size is important. (3) Rule insightfulness is highly sub- with a 18% higher yield than average. This represen)t/s a gain of

jective as even experts examining the rules for the same task 165 students.
do not correlate well with each other.
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