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Abstract—Action rules describe possible transitions of ob- a mapping linking meta-actions with changes of attributes
jects from one state to another with respect to a distinguished values used in the decision system. For examp|e' one would
attribute. Early research on action rule discovery usually ke to find a way to improve his or her salary from a

required the extraction of classification rules before construct- | . t high-i Anoth le in busi
ing any action rule. Newest algorithms discover action rules ow-income 10 a high-iIncome. Another example In business

directly from a decision system. We employ a pruning step in area is when an owner would like to improve his or her
action rule generation, through the use of meta-actions. They company’s profits by going from a high-cost, low-income
are nodes of higher-level knowledge, linked with atomic action  pusiness to a low-cost, high-income business. Action rules
terms, which show changes triggered within classification o) ys what changes within flexible attributes are needed to

attributes. In this paper, we propose improved measures for . s .
support and confidence of action rules, as well as we introduce achieve that goal. Ontology [3], if it is available, shoulelh

a new measure - the notion ofitility of action rules. We perform S to identify a meta-action which trigger these changes. We
an experiment in medical domain using Mammographic Mass allow users to specify certain tresholds associate witioact
dataset, where action rules suggest possible ways to re-classify rule mining. In particular, the minimum values feupport,
breast tumors from malignant to benign severity class. Results confidence, and a new measure calledility. The action
show increased support and confidence for the new proposed . . .
measures compared to the standard measures. rules,_whlch do not mee§ the minimum treshold requwemems
are discarded. The action rules algorithm can be applied
in any domain including medical, financial, industrial, and
transportaion. In this study, we perform an experiment in
medical domain using a Mammographic Mass Dataset. The
extracted action rules suggest ways to re-classify breast
An action rule is a rule extracted from a decision systemtumors from malignant to benign severity class.
that describes a possible transition of objects from orte sta
to another with respect to a distinguished attribute called 1. RELATED WORK

a decision attribute [19]. We assume that attributes used , . . . :
. : . = - Action rules have been introduced in [19] and investigated
to describe objects in a decision system are partmonegu

into stable and flexible. Values of flexible attributes can be rther in [21], [18], [13], [22], [20], [5], and [12]. Pap¢®]

changed. This change can be influenced and controlled bwas probably the f|_rs_t attemp t towards fprmally mtrod_uc_mg
e problem of mining action rules without pre-existing

users. Action rules mining initially was based on comparnngeassification rules. Authors explicitly formulated it as a

profiles of two groups of targeted objects - those that are . i ! i
desirable and those that are undesirable [19]. An actian rulsearch problem in a support-confidence-cost framework. The

was defined as a tenfikw) A (@ — 8)] = (& — 1), where proposed. gllgorlthm has 'some similarity with Apriori [1].
. ) . " L Their definition of an action rule allows changes on stable
w is a conjunction of fixed condition features shared by both

roups, ( 3) represents proposed changes in values 0gttributes. Changing the value of an attribute, eitherlstab
ﬁexitﬁe, fia?tjres aFr)m(qS . wp) ig a desiredgeffect of the or flexible, is linked with a cost [22]. In order to rule out

. ) . L faction rules with undesired changes on attributes, authors
action. The discovered knowledge provides an insight of, _ . :
designated very high cost to such changes. However, that

how values of some attributes need to be changed so the . . . .
) . ; : way, the cost of action rules discovery is getting unneces-
undesirable objects can be shifted to a desirable group. How_ -/ " . )
: . ; : : . arily increased. Also, they did not take into account the
to identify an action which triggers the desired changes o

) . S ) orrelations between attribute values which are naturally
flex_|ble att_rlbute_s and wh!c_h IS not de_scrlbe_d_ by values 01Lﬁnked with the cost of rules used either to accept or reject
attributes listed in the decision system is a difficult peshl

In this paper, such actions are calletkta-actions There a rule.

is a link between meta-actions and the changes they trigger Algorithm ARED, presented in [10], is based on Pawkak
within the values of flexible attributes in the decision syst  model of an information systen§ [11]. The goal was to
Such link can be provided either by an ontology [3] or by identify certain relationships between granules defined by

Keywords-action rules; support; confidence; utility; mam-
mography
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Table |

the indiscernibility relation on its objects. Some of these INFORMATION SYSTEM S
relationships uniquely define action rules ®r Paper [14]
presents a strategy for discovering action rules directynf : ajllb|c d
the decision system. Action rules are built from atomic s || o Zi o 21
expressions following a strategy similar ERID [2]. z3 || az || bo || c2 || da
Paper [24] introduced the notion eftion as a domain- i: Z; Z; 2 21
independent way to model the domain knowledge. Given a zo || a1 || b1 || c2 || d2
data set about actionable features and an utility measure, a g Zi Zi gf j;

pattern is actionable if it summarizes a population thattean
acted upon towards a more promising population observed

with a higher utility. Algorithms for mining actionable f gets of right side of action rule. The confidence is

patterns (changes within flexible attributes) take intoaot  -ompyted as the support of left side of action rule divided by

only numerical attributes. The distinguished (decisioR) a he cardinality of set of objects supporting decision bitté
tribute is called utility. Each actior!; triggers changes of f |eft side, multiplied with the same for right side of aatio

attribute values described by terms|]], [b 1], and e (don't 16 Same difinitions are used in more recent works such
know)]. They are represented as an influence matrix built,g Hajja et. al. in [8] and [7].

by an expert. While previous approaches used only features
- mined directly from the decision system, authors in [24] However, these formulas are too complex for computation.
define actions as its foreign concepts. Influence matrix showAlso, they are too restrictive, meaning we may obtain few
the link between actions and changes of attribute values ar@ction rules of the desired support and confidence for the
the same shows correlations between some attributest i.e.particular decision attribute of interest. In additione th
[a ], then b 1]. Domain experts may not know whether any formulas are either incorrect or undefined in the case of
correlations exist between classification attributes arel t action rules extracted directly from the database withairt p
decision attribute. Therefore, such correlations arecglpi  Of association (classification) rules, or extracted based o
not taken into consideration. Although, it is possible fordecision schema.
correlations to be discovered from the decision system
a_nd presenteq in the f(_)rm O.f action rules. _Authors in [241and confidence of action rules, as well as we introduce a
did not take into consideration stable attributes and theif oo o the notion oftility of action rules. We
classification atiributes are only numerical. experiment with Mammographic Mass Dataset, extracting
Ras and Gupta [16] were the first to mention the measureaction rules which suggest ways to re-classify breast temor
of support and confidence of action rules mining. Althoughfrom benign to malignant severity class.
they did not specify a formal definition of support and
confidence. They said the confidenkecan be calculated
based on the objects, which support properties of the pair In this section we introduce the notion of an information
of two classification rules, from which the action rule is system and meta-actions and give examples.
composed.

' In this paper, we propose improved measures for support

I11. BACKGROUND

By an information system [11] we mean a tripte =
Ras and Tsay [17] were the first to attempt to specify(X, A, V), where:
a definition of support and confidence for what they call 1) X is a nonempty, finite set of objects
extended action rules, or system DEAR. The defintion they 2) A is a nonempty, finite set of attributes, i.e.
proposed is based on the classical confidence mesaure for =, . ;7 ., v/ s a function for anya € A, whereV,
association rules. Authors took the confidence for the first is called the domain of;
association rule, and multipled it by the confidence of the 3) V=U{V,: ac A}
second association rule, used in the formation of the action ' . . .
s : : For example, Table I. shows an information systg&mith
rule. In their paper action rules are composed of a pair of .
.. . .. . . a set of ObJeCtSX = {iCl,iL'Q,ZL’g,£E4,Z5,LL'6,£L'7,ZL’8}, set of
two association rules, having a decision attribute on tipletri . !
: ) ttributesA = {a,b,c,d}, and a set of their valueg =
side. For support of the action rule they took the support of’i
- Fp H H {a17a27b17b27b37clac27d17d2)d3}'
the first association rule, or the left side of the action .rule , : . .
Paper [21] uses the same support and confidence measuresAn |nformat_|on systems = (X’A’V.) IS ca_lle_d a_deC|-
sion system, if one of the attributes i is distinguished
Later works, such as Tzacheva and Ras [23] employnd called the decision. The remaining attributesdirare
a more advanced formula for definition of support andclassification attributes. Additionally, we assume thiat=
confidence of action rules. The support takes the minimumis;UAr;U{d}, where attributes ims; are calledstableand
of cardinality of sets of left side of action rule or cardibal in Ag; flexible Attribute d is the decision attribute. “Date of



birth” is an example of a stable attribute. “Interest ratef’ f 2) If t1,t, are action sets, then -, is a candidate action
each customer account is an example of a flexible attribute. set.
3) If t is a candidate action set and for any two atomic
action sets(a,a; — as), (b,b1 — by) contained int
we havea # b, thent is an action set.
By the domain of an action seétdenoted byDom(t), we
dnean the set of all attribute names listed ir-or instance,

By meta-actions associated withwe mean higher level
concepts medeling certain generalizations of action®-intr
duced in [24]. Meta-actions, when executed, can trigger
changes in values of some flexible attributesSinlescribed
by influence matrix [24]. To give an example, let us assum
that classification attributes i describe teaching evalua- 2SSUMe that(a, as), (b,b1 — b2)}, {(a, az), (b,b2 = b1)}
tions at some school and the decision attribute represenfd® two collections of atomic action sets associated with
their overall score.Explain difficult concepts effectively Meta-actionsMA;, MA,. It means that both/ A, M A,
Speaks English fluenthyStimulate student interest in the can mflgence attributes, b but attrlputea in both cases has
course Provide sufficient feedbacire examples of classifi- O "emain stable. The corresponding action sets (@) -
cation attributes. Then, examples of meta-actions assacia (b b1 = ba), (a, az) - (b b2 — b1).
with S will be: Change the content of the CourS{éhange Consider several meta-actions, denofefd, Ms,...M,,.
the textbook of the cours&ost all material on the Web  aAn action can influence the values of classification attebut
Clearly, any of these three meta-actions will not influencein 4. We assume here that—{d} = A;UAU...UA,,. The

the attributeSpeaks English fluentynd the same its values influence of these meta-actions on classification attribirte
will remain unchanged. It should be mentioned here thatq is specified by the influence matrig®; ;}, 1 < i < n,

an expert knowledge concerning meta-actions involves only < j < .

classification attributes. Now, if some of these attributes

are correlated with the decision attribute, then the change BY anaction rulewe mean any expression= [t; = ],

of their values will cascade to the decision through thewheret, andi, are action sets. Additionally, we assume

correlation. The goal of action rule discovery is to identif thatDom(t2) U Dom(t1) € A and Dom(tz) N Dom(t:) =
possibly all such correlations. (. The domain of action rule is defined asDom(t;) U

Dom(ts).
In earlier works [19][21][18][13][20], action rules are

constructed from classification rules. This means that vee us NOw, we give an example of action rules assuming that
pre-existing classification rules or generate them usingea r the information systent' is represented by Table la, c,
discovery algorithm, such asERS[6] or ERID [2], then, ¢ are flexible attributes antlis stable. Expressiong:, as),
construct action rules either from certain pairs of thesesru  (0,02), (¢,c1 = ¢2), (d,dy — d3) are examples of atomic
or from a single classification rule. For instance, algonith action sets. Expressioft,c; — c¢2) means that the value
ARAS [20] generates sets of terms (built from values ofOf attributec is changed fron; to c,. Expression(a, az)
attributes) around classification rules and constructmmct Means that the value, of attributea remains unchanged.
rules directly from them. In [15] authors presented a sgrate  EXpressionr = [[(a,az) - (¢,c1 — 2)] = (d,di — db)]

for extracting action rules directly from a decision systemiS an example of an action rule. The rule says that if value

and without using pre-existing classification rules. ay remains unchanged and valaewill change frome; to
co, then it is expected that the valuewill change from

In the next section, we recall the notion of action sets,j, to 4,. The domainDom(r) of action ruler is equal to
action rules [15], and the notion of an influence matrix (see(, ¢, 4}.

[24]) associated with a set of meta-actions. The valuegdtor

in an influence matrix are action sets. V. CANDIDATE ACTION RULES DISCOVERY

IV. ACTION RULES AND META-ACTIONS In this section we show the process of discovering candi-
Let S = (X, A, V) is an information system, whefié =  date action rules.
U{_Va : a € A}. First, we recall the notion of an atomic  Agsyme thatL([Y,Z]) = Y and R([Y,Z]) = Z. The
action set [14]. algorithm ARD [14] for constructing candidate action rules

as), wherea is an attribute andi,as € V,. If a; = ap,  the strategy for assigning marks to atomic action terms and

thena is called stable om;. Instead of(a,a; — a;), we  Show how terms of length greater than one are built. Only
often write (a, a;) for any a; € V. positive marks yield candidate action rules. Action terrfis o
lengthk are built from unmarked action terms of length 1
By Action Set414] we mean a smallest collection of sets and unmarked atomic action terms of length one. Marking
such that: strategy for terms of any length is the same as for action
1) If ¢ is an atomic action set, thenis an action set. terms of length one.



Assume thatS = (X, AU {d},V) is a decision system

and A\;, A\; denote minimum support and confidence, re-

spectively. Eachlu € A uniquely defines the sef's(a) =
{Ns(t,) : t, is an atomic action term built from elements
in V,}. By t; we mean an atomic action term built from
elements inV;.

Marking strategy for atomic action terms
For each Ns(t,) € Cs(a) do

if L(Ng(ty)) =0 or R(Ns(ts)) =0 or L(Ns(t,-tq)) =
) or R(Ns(ta -tq)) =0, then t, is marked negative

if L(Ng(t,)) = R(Ns(t,)) then t, stays unmarked
if card(L(Ngs(tq-tq)) < A1 then ¢, is marked negative

if card(L(Ng(tq -tq)) > A\ andconf(t, — tq) < Ao
then t, stays unmarked

if card(L(Ns(tq -ta)) > A1 andconf(t, — ta) > Ao
then ¢, is marked positive and the action rulét, — ¢4] is
printed.

Now, to clarify ARD (Action Rules Discovery) strategy

Irule ry = [t7 = ti2] hasconf = 1/2 > g, sup =2 >
M/

Ns(tg) = [{Z(Il,l‘4,$8}, {l‘2,1‘3,$5,$6,$7}] Not Marked

Irule r; = [ts = ti2] hasconf = [2/3] - [1/5] < Aq,
sup =2 > A/

Ns(to) = [{w2, 3,5, 26, 27}, {21, 74, 23 }] Marked
lcard(Yo N Z3) =0/

Ns(tio0) Hx1, x4, 28}, {21, 24, 28}]
lcard(Yo N Z3) =0/

Ns(tll) = [{$2,$37$5,$6,$7}7{1‘2,333,335,.’1}675C7}] Not
Marked &7 = Y5/

Marked

We build action terms of length two from unmarked action
terms of length one.
NS(tl . t5) = [{.’L‘l,$6}, {(L’l,.’E(;}] Not Marked Yl = YQ/

NS(tl . tg) = [{1’1,%4}, {ZL’Q,CEﬁ}] Marked "+”
frule 4 = [[t1 - tg] = t12] hasconf = 1/2 > Ay, sup =
2> M/

NS(tl 'tll) = [{1‘2, IG}, {l‘g,IﬁH Not Marked Yl = YQ/
Ns(t5 'ts) = [{1‘1, .738}, {Z‘G, 337}] Marked "-"

for constructing candidate action rules, we go back to our /rule ry = [[t5 - ts] = t12] hasconf = 1/2 > Ay, sup =

example withS defined by Table I. and wittdg; = {b},

1</\1/

A ={a,c,d}. We are interested in candidate action rules  N¢(¢5-¢,,) = [{zg, 27}, {wg, z7}] Not Marked ¥; = Ya/

which may reclassify objects from the decision cldssto
dy. Also, we assume that; =2, Ao = 1/4.

All atomic action terms forS are listed below:
For Decision Attribute inS:

Ns(ti2) = [{z1, 22, 23, T4, T5, 27}, {26 }]

For Classification Attributes ir$":

t1 = (b, b1 — bl), to = (b, bg — bg), t3 = (b,bg — bg),
ty = (a,a1 — as),

ts = (a,a1 — a1), t¢ = (a,a2 — a2), t7 = (a,a2 —
ai), tg = (¢, c1 = ¢2),

to = (c,ca = ¢1), tio = (¢, ¢c1 = ¢1), t11 = (¢,c2 = ¢2),
tia = (d, d1 — dg)

Following the first loop ofARD algorithm we get:

Ns(t1) = [{z1, 22, 24, 26}, {21, 22, 24, z6 }] Not Marked
Y1 =Ysl
Ns(t2)

Marked

[{1'3, X7, fﬁg}, {1’3, X7, ng}]
lcard(Yo N Zy) = 0/

(
Ng(t3) = [{x5}, {x5}] Marked "= lcard(Yy N Z) = 0/
(

(
NS t ) = [{I171‘6,I7,I8}7{IQ,$3,I4,CE5}] Marked "-"
leard(Yo N Zy) = 0/

N,s(t5) = [{331,.136,.737,568}, {371737671'7;338” Not Marked
Y1 =Y5/

Ns(te) = [{x2, x3, x4, x5}, {x2, 23, 24, x5 }] Marked
lcard(Yo N Z3) = 0/

Ns(t7) = [{z2, x3, 24, 25}, {21, x6, 27, 23 }] Marked "+”

N

Ns(ts - ti1)
lcard(Yy) =0/

Finally (there are only 3 classification attributes $f),
we build action terms of length three from unmarked action
terms of length one and length two.

0, {x2, 3, x5, x6,27}] Marked

Only, the termt; - t5 - tg can be built. It is an extension
of t5 - tg which is already marked as negative. So, the
algorithm ARD stops and two candidate action rules are
constructed][(b,b; — b1) - (¢,c1 = ¢2)] = (d,d1 — d2)],
[(a,az = a1) = (d,d1 — dg)]. Following the notation used
in previous papers on action rules mining (see [10], [20],
[19], [13]), the first of the above two candidate action rules
will be presented af(b, b1)-(¢c,c1 — ¢2)] = (d,d1 — da)].

VI. ACTION RULES DISCOVERY

Influence matrix associated with and a set of meta-
actions is used to identify which candidate action rules
extracted by the algorithrd RD, presented in the previous
section, are valid with respect to meta-actions and hidden
correlations between classification attributes and thesitec
attribute.

Assume thatS = (X, AU {d},V) is a decision system,
A—{d} = A UAU...UA,,, {M;y, My, ..., M, } are meta-
actions associated with, {E; ; : 1 <i<mn,1 <j <m}
is the influence matrix, and = [(Ap 1y, a1 — af)) -
(Apias a2 = aga) < o (A 0r = aga)] =
(d,d; — d;) is a candidate action rule extracted frosh



Table Il Table Il

INFLUENCE MATRIX FOR S INFORMATION SYSTEM S1

. a b c . a b [ d

My by cy — C1 xr1 al b1 c1 dq

Mo a2 — ai ba T2 as b1 c2 di1

M3 a1 — a2 c2 — C1 T3 as bo c2 di

]\/[4 b1 c]l — C2 T4 a b1 C1 d1

Ms Cc1 — C2 x5 a2 b3 () di

Mg || a1 — a2 c1 — c2 z6 || a1 b1 || e da

T7 ai ba c2 dy

zg || a1 || b2 || a1 ds
Also, we assume here thalt; ;(M;) = E; ;. Value E; ; is yr |l ax || bu ez ) (do, 1/2)
' i,5] ¢ 2,7 2¥] Y4 as b1 c2 (d2, 1/2)

either an atomic action set &{ULL (not defined). By meta-
actions based decision system, we mean a triple consisting

with S, meta-actions associated wij and the influence and the corresponding influence matrix associated With

matrix linking them. Now, if any new action rules are extracted, th&nwill be

We say thatr is valid in S with respect to meta-action updated again and the process will continue till the fix point
M;, if the following condition holds: is reached (information system is not changed).

if (3p < k)[Ap,p(M;) is defined], then VIl. SUPPORT CONFIDENCE, AND UTILITY OF ACTION

(vp < k) if Ay (M;) is  defined, then RULES
(Apip)> aip) = afjp) = (App)s Eip)] Standard interpretationVs of action sets inS =

(X, A, V) is defined as follow:

We say thatr is valid in S with respect to meta-actions 1) If (a,a1 — a2) is an atomic action set, then
{My, Ms, ..., My, }, if there isi, 1 < ¢ < n, such thatr is Ns((a,a1 —w a2)) =[{r € X :a(x) =a1},{r € X :
valid in S with respect to meta-actiof;. a(z) = as}].

2) If t; = (a,al — CLQ) -t and Ns(t) = [Yl,YQ], then

To give an example, assume thatis a decision system No(t) = Vi n{z € X : a(x) — a1}, Ya {z € X :

represented by Table |. ardV/;, My, M3, My, M5, Mg} is

the set of meta-actions assigned fowith an influence a(w) = az}].
matrix shown in Table II. Clearly, each empty slot in Table | et us define[yy, Ys] N [Z1, Z5] as [Yi N Z1,Ys N Zo]
II. corresponds tdNULL value. and assume thaVs(t1) = [Y1, Ya] and Ng(t2) = [Z1, Zs].

In the.example presented in previous section, two candiThen, Ng(t; - t5) = Ng(t1) N Ns(t2)
date action rules have been constructed: ) )
rl = [[(b,b1) - (c,c1 — ¢2)] = (d,dy — d»)] and If ¢t is an action rule andNg(t) = {¥1,Ya},
r2 = [(a,a2 = a1) = (d,d1 — da)). then the support oft in S is defined assup(t) =
min{card(Y1), card(Ys)}.

Clearlyr1 is valid in S with respect talM, and M5. Also,
1o is valid in S with respect tad;, My, Ms because there ~ Now, letr = [t; = ¢,] is an action rule, wher&/s(t,) =
is no overlap between the domain of action rujeand the  [Y1,Y2], Ns(t2) = [Z1, Z2]. Support and confidence of
set of attributes influenced by any of these meta-actionsdre defined as follow:
Howevgr, we can not say tharz is valid.i.n S'Wi'[h respect sup(r) = min{card(Yy N Z1), card(Ys N Zo)}
to M, sinceb, is not listed in the classification part of.

card(Y1NZ card(YoNZ
COTLf(T) = [ car(d(lgl)])] : [ caﬁd(zng)]

Assume assume that = (X, AU {d},V) is a decision
system with meta-actionsM, Ms, ..., M, } associated with The definition of a confidence should be interpreted as
S. Any candidate action rule extracted frasrwhich is valid ~ an optimistic confidence. It requires thatrd(Y;) # 0 and
in a meta-actions based decision system is called actien rulcard(Yz) # 0. Otherwise, the confidence of action rule is
So, the process of action rules discovery is simplified toundefined.

simple checking the validity of candidate action rules. Coming back to the example f given in Table I., we

Since the ruler; is valid and applicable ta; and x4, can find a number of action rules associated withLet
then it will generate two new tupleg; as the result of its us taker = [[(b,b1) - (c,c1 — ¢2)] = (d,d1 — d2)] as an
application tox; andy, as the result of its application to example of action rule. Then,

:gcil.e'rr]hselrgvsﬁltlng Table 1ll. is of type\ (see [2]) and it is Ns((b,b1)) = {1, 0, 24, 6}, {21, 72, 74, 76 )],

New candidate action rules can be extracted frém Ns((c,e1 = ¢2)) = [{z1, 24, ws}, {22, 23, w5, 6, 27},

using algorithmERID [2], and next verified by meta-actions  Ng((d,d; — ds)) = [{x1, %2, T3, 4, T5, 27}, {T6}],



Ns((b,b1) - (e,c1 = ¢2)) = [{z1, x4}, {22, 26 }]. In other words, thesupport of the action rule gives the
number of objects, which are already in the desired state
sup(r) =1andconf(r)=1-1=1/2. or class, and already have the properties or the attribute

Essentially, the support takes the minimum of cardinalityvalues to which we are suggesting to change the rest of

of sets of left side of action rule or cardinality of sets of the qualifying objects. In this sense, the higher the suppor

right side of action rule. The confidence is computed as the> the stronger the action rule suggestion is.
support of left side of action rule divided by the cardinalit  conf(r) = [%@Qj?)]

of set of objects supporting decision attribute of left side
multiplied with the same for right side of action rule. Works
such as Tzacheva and Ras [23], as well as Hajja et. al.

[8] and [7] use these definitions.

The con fidence is the support of the action rule, divided
ipy number of objects in seY; i.e. objects which have
attribute values on the right side of action rule for all
attributes, except the decision.

However, these formulas are too complex for computation. \We believe the proposed new formulas for support and
Also, they are too restrictive, meaning we may obtain fewconfidence more accuratly represent the support and confi-
action rules of the desired support and confidence for the pagience of aciton rules. Also, they are less computationally
ticular decision attribute of interest. In addition, therfwulas expensive, and less restrictive, which would yield action
are undefined in the case of action rules extracted directlyules of higher confidence.

from the database without pair of association (classiicati  Along with the support and the confidence of action rules,
rules, or extracted based on a decision schema, where Igffe propose computing a new measure which we call - the
side may be any attribute value. action ruleutility. We define the utility as:

For example, .the action ruhtfall has both the left s.ide of util(r) = card(Yy N Zy)
each atomic action term specified, as well as the right side. o . i _
While in rule 72 the left side is not specified, because it Theutility gives us the objects, which have th&ential

can be any value. It says thateeds to bechanged to value 0 be acted upon, and changed into the desired class or the
a, no matter what the current value ofis. Same for the desired state of the decision attribute. The higher théyytil

decision attributel - if the actions specified by the action the more useful or usable the action rule is.
rule are undertaken, then the value of the decision at&ibut gjnce we utilize the above metioned sétsand Z;, we

is expected to change @, (the desired value), no matter .qyide a definition for them in the case of rules of the type

what the current value is. of r, above, where the left side is not specified, because it
r1 = [[(a,a1 — az) A (b, by — by)] = (d,dy — db)] can be any value. In the case of
r2 = [[(a, = az) A (b,— by)] = (d, — dy)]. r2 = [[(a, = az) A (b, = b2)] = (d, = d2)].

Most of the recent algorithms for actino rule extraction Y1 =[(Vz € X :a,—az)N(Vx € X : b, —bo)N...N(Vx €
take objects directly from the database, instead of usiitg paX : 7, =n2)]
of two classification rules. Therefore, most recent algoni T .
end up producing rules of the type of, where attribute Z1= (Vo € X d, ~dy))
values on the left side may not be specified. In that case, Clearly, in the set&; and Z; are included only objects
some of the sets in the forumals for computing support anavith flexible attributes specified by the action rule.
confidence given above, are not defined. In particular, the
setY; which takes number of objects supporting the values
of the left side of the rule. Also, the sef; which takes
the number of objects support the left value of the decision We conduct an experiment using a Mammographic Mass

VIIl. EXPERIMENT WITH MAMMOGRAPHIC MASS
DATASET

attribute. Dataset, donated by Prof. Dr. Rdiger Schulz-Wendtland
To resolve this issue, we propose the following formulasfrom the Institute of Radiology at the University Erlangen-
for support and confidence of action rules: Nuremberg, Germany [4]. This dataset is used to predict the

severity (benign or malignant) of a mammographic mass
lesion from BI-RADS attributes and the patient's age. It
We recall tha the setZ; gives us the objects, which contains a BI-RADS assessment, the patient’s age and three
have property the desired value of the decision attribute (0BI-RADS attributes together with the ground truth (the
the right side of the decision attribute in the action rule).severity field) for 516 benign and 445 malignant masses
While the sefY; gives us the number of objects, which have that have been identified on full field digital mammograms
attribute values on the right side of action rule for all athe collected at the University Erlangen-Nuremberg. The ddtas
attributes. contains 961 instances, and has 6 attributes (1 goal field, 1

sup(r) = card(Yo N Zs)



Table IV Table VI
ACTION RULES EXTRACTED FROMMAMMOGRAPHIC MASS DATASET AVERAGE INCREASE INSUPPORT INCONFIDENCE OFACTION RULES
USING NEW FORMULAS COMPARED TO OLD FORMULAS

. Action Rule

rl (Marg,3 — 1) = (Sev,1 — 0) . OldSup || OldConf || NewSup || NewConf Util

r2 (Marg,3 — 1) - (Shape, 4 — 2) = (Sev,1 — 0) Sum || 65,796 || 50,238 || 106,890 || 57,845 | 63,932

r3 || (BI — RADS,4 — 4) - (Shape, 4 — 2) = (Sev,1 — 0) Avg || 94.81 72.39 159.54 86.33 95.42

r4 (BI — RADS,5 —+ 4) - (Dens,3 — 3) = (Sev,1 — 0)

r5 (Shape, 4 — 2) - (Dens,3 — 3) = (Sev,1 — 0)

r6 (Shape,4 — 1) - (BI — RADS,5 — 4) = (Sev,1 — 0)

17 || (Marg,3 — 4) - (BI — RADS,5 — 4) = (Sev,1 — 0) measure for the rule2 is 59. The standard (Old) Confidence

r8 (Dens,3 — 3) - (Shape, 4 — 2) = (Sev,1 = 0) for this rule is 71%. The proposed (New) Support for this

r9 (Marg,5 — 1) - (Shape, 4 — 1) = (Sev,1 — 0) . . . .

r10 (Dens,3 — 3) - (Marg,3 — 1) = (Sev, 1 — 0) rule is 131. The proposed (New) Confidence for this rule is

90%. As we can see the proposed new measures allow for

Table V increased Support and Confidence. In addition the proposed

SUPPORT CONFIDENCE, AND UTILITY OF ACTION RULES measure of Utility, which is equal to 59, means that there

are 59 objects that have thetential to be acted upon, and

OSup || OConf || NSup || NConf || Util

& 73 55.7 316 724 73 changed into the desired class or the desired state of the
r2 59 71 131 90.3 59 decision attribute. The higher the utility, the more useful

r3 68 50.2 156 90.1 68 ; ;

r 974 68 341 766 | 274 usable the act]on rule is. .

r5 284 || 63.11 128 80 284 After the action rules are generated using both sets of Sup-
f? 236 82-471 167 90.8 || 236 port and Confidence formulas (Old and New), we analyze

r 55 50. 61 53.5 55 : ) .

8 || 284 || 6311 | 128 80 984 the same action rules against the Support and Confidence
ro 93 72.9 163 88.6 93 results from each formula and create a summary spreadsheet
rio || 65 56 247 87.9 65 to cross-reference the results. We discovered that usimg th

proposed New Support and Confidence formulas on average
led to a +64 increase in Support and +14 in Confidence
non-predictive, 4 predictive attributes). We designaté-'B |evels per action rule, as shown in Table VI. This increase,
RADS’, "Shape’, 'Margin’, and 'Density’ as the flexible coupled with the proposed Utility formula which shows the
attributes, assuming that we have control over changing thgctions with the highest influence to change the decision
values of these lesion properties. We designate 'Age’ agttribute, allows action rules to more efficiently and psety
the stable attribute because we are unable to change tkgggest ways to re-classify tumors from class: Malignant to
age of a patient. And finally, we designate 'Severity’ asclass: Benign.
our decision (class) attribute. This attribute layout \alo
the action rules we extracted to suggest changes in flexible IX. CONCLUSION
attributes, in order to re-classify a mammographic mass
lesion from class: malignant to class: benign. We extracte?
. . S
709 action rules from the Mammographic Mass Datase }), where M, are meta-actions associated wish and
while running the dataset through both the standard (Old o ) . . A
) 5 ¢t < n,j < m} is the influence matrix linking
and the proposed (New) Formulas for calculating Suppor

) : em. Meta-actions jointly with the influence matrix aredise
and Confidence. We use a Sup_p(_)rt and Conﬁdenc_e thres“‘)}‘i a postprocessing tool in action rules discovery. Inflaenc
of 45/50 respectively when mining for these action rules.

Selected action rules extracted are shown in Table IV. Th matrix shows the correlations among classification atteidu
i ' riggered off by meta-actions. If the candidate actiongsul
respective Old Support (OSup), New Support (NSup), Old. 99 y i i i u

i i ... are not on par with them, then they are not classified as
Conﬂdence (OC(_)nf), New Confidence (NConf), and Utility action rules. However, if the influence matrix does not show
(Util) are shown in Table V.

. . ] all the interactions between classification attributesntstill
Let us consider the second ruté in Table IV some of the resulting action rules may fail when tested on
r2: (Marg,3 — 1) - (Shape, 4 — 2) = (Sev,1 — 0) real data.

We employ a meta-action based decision system which
as a triple(S,{M; : i < n},{E; : i < n,j <

it means that if the Margin is changed from 3 to 1, and the We have introduced improved measures for support and
Shape is changed from 4 to 2, then the Severity of the tumoconfidence of action rules. Theipport of the action rule

is expected to change from 1 to 0, where 1 is Malignant andjives the number of objects, which are already in the desired
0 is Benign. The suggested desired changes can be triggersthte or class, and already have the properties or theuaérib
by Meta-Actions described in Section 4. A possible Meta-values to which we are suggesting to change the rest of the
Action for example could be: 'doctor prescribes specificqualifying objects. In this sense, the higher the support is
medication’, or 'doctor performs a specific medical proce-the stronger the action rule suggestion is. Ehefidence is
dure’. In Table V., we can see that the standard (Old) Suppotthe support of the action rule, divided by number of objects



in setY; i.e. objects which have attribute values on the right [8] A. Hajja, A. Wieczorkowska, Z.W. Ras, R. Gubrynow-

side of action rule for all attributes, except the decision.

We have proposed a new measure for action rules which

we call - the action ruleutility. The utility gives us the
objects, which have theotential to be acted upon, and

changed into the desired class or the desired state of thég]

decision attribute. The higher the utility, the more useful
usable the action rule is.

1
We conducted an experiment in medical domain with[

0]

a Mammographic Mass Dataset. We extracted 700 action
rules from this dataset, which suggest ways to re-classify
breast tumors from malignant to benight severity class.

We discovered that using the proposed New Support anf

Confidence formulas on average led to a +64 increase in

Support and +14 in Confidence levels per action rule.

(12]

We believe the proposed new formulas for support and
confidence more accuratly represent the support and confi-
dence of aciton rules. Also, they are less computationally

expensive, and less restrictive, which yields action raies

(13]

higher confidence. This increase in confidence, coupled with

the proposedutility formula, allows for the discovery of

action rules, which more efficiently and precisely define[14]

ways to re-classify objects the the desired state. Thexgefor

we provide stronger and more accurate suggestions for the

user of how to accomplish their desired goal.
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