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Abstract Many classi ers achieve high levels of accuracy but have limited applicabilit y in
real world situations becausethey do not lead to a greater understanding or insight into the
way features in uence the classi cation. In areassuch as health informatics a classi er that
clearly identi es the in uences on classi cation can be usedto direct researd and formulate
interventions. This researd investigatesthe practical applications of Automated Weighted
Sum, (AWSum), a classier that provides accuracy comparable to other techniques whist
providing insight into the data. This is achieved by calculating a weight for eac feature value
that represerts its in uence on the classvalue. The merits of this approach in classi cation
and insight are evaluated on a Cystic Fibrosis and Diab etes datasets with positive results.
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1 Intro duction

Probably the most widely quoted de nition of data mining is that of Frawley et
al.l¥; the non-trivial extraction of implicit, previously unknown and potentially useful
information from data Others have also given various de nitions. Fayyad® describes
data mining as the rst step in extracting information that is understandable and
informativ e from large volumes of raw data, while Kohavil'*l referred to the output
of data mining as “insight' which he de ned as\identifying patterns and trends that
are comprehensible,sothat action can be taken basedon the insight.".

All thesede nitions imply that data mining should have goals beyond accurate
classi cation and that data mining techniquesshould provide insight or knowledgeto
the userbeyond a simple classi cation. It hasbeenfurther arguedby Pazzani?!! that
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the knowledge produced by data mining techniquesought to be understandable and
comprehensibleto the userwhich as Clark®! has point out in relation to the medical
eld is not always the case.

Kohavi*¥ contendsthat the vast majorit y of researt in data mining hascertered
on the developmern of predictive accuracyand that this is in part dueto the fact that
accuracy can be quantied whereasinsight and knowledge, is harder to quartify.
Insight is though necessaryin many domains becausethe usersmay not be accepting
of predictions coming from a sourcethey don't fully understand or becauselegally
they be must explain and justify predictions. This is the casein the medical profession
as described by Wyatt 39

Following Kohavi's de nition, we refer to the discovery of knowledge that is
comprehensibleand of interest in a practical scenarioasinsight. The level of interest
in a practical scenariois a subjective measurethat alters accordingto the user and
thusis dicult to quartify absolutely. Our approadc to this hasbeento use subject
area experts to assesshe usefulnessof AWSum as a tool to both con rm domain
knowledge and uncover new and interesting knowledge.

This researd investigatesthe practical applications of Automated Weighted Sum
AW Sum, using Cystic Fibrosis?l and Diabeted* datasets. AWSum seeksto provide
knowledgediscovery in combination with predictive accuracy The knowledgediscov-
ery componert of AWSum derives from its use of assaiations, as would be seenin
asscaiation rules, to derive a weight for ead feature value that represens its scaled
in uence on the classi cation. Figure 1 demonstratesthe intuition behind this ap-
proach. The processof calculating an in uence weight for an assaiation applies
equally to those assaiations with multiple antecedens. For example an in uence
weight can be calculated for the in uence of high blood pressureon a heart attack as
canthe in uence weight for high blood pressureand high cholesterol on heart attack.
This ability to analysethe in uence of multiple factors and reduceit to a single weight
has implications in practical settings where the consideration of multiple factors is
required. The di cult y medical practitioners have in consideringmultiple factors was
noted by Johnson et al.l*? along with the conclusionthat decision support system
can improve diagnosis.
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Figure 1. Combining asscciations to form in uence weights

2 Background

The goals of extracting insight and classi cation are diverse, meaning that an
algorithm can be very e ectiv e at one and not the other. For example ass@iation
rules lend themselesto insight asthey inform the userof frequert item setsbut they
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are not though predictive unlessmodi ed for the purposél’:1®. Neural Networks?4!
on the other hand can be good at prediction but provide the user with little under-
standing of the processor in uences on classi cation. AWSum seeksto addressboth
goals.

AWSum's approach to classifying an example can be seenas a weighted sum
approach or a combination of evidence. In a weighted sum approach a weight is
allocated to ead feature value and these weights are added together for an example
and comparedto a threshold in order to classify the example. This is the method
adopted by AWSum although instead of the usual approach of manually assigning
the weights and thresholds using domain expertise they are automatically generated
from historical data. This could alsobe seenasa combination of evidencein that the
intuition behind AWSum is that ead feature value or combination of feature values
hasa measurablein uence on classi cation and that thesein uences can be combined
to indicate the classfeature.

AWSum di ers from most classi ers in the level of interaction the user can have
with the classi cation process.Most classi ers run start to nish without preserting
the userwith any opportunity to validate or in uence the measuresusedto classify
AWSum usesa two step approach to classi cation; rstly the in uence weights are
calculated and then they are usedto classify The expert is able to validate the
in uence weights at the intermediate step giving them a role and providing them
with an understanding of the medanismsbeing usedto classify.

3 The Algorithm

The algorithm consistsof 2 steps;the rst involvesthe calculation of in uence
weights for eadh feature value and the secondinvolvesthe determination of optimal
threshold valuesfor the classi cation of new examples.

3.1 Inuenc e weights

The rst phaseof the AWSum approacd lays the foundation for classi cation
by calculating in uence weights for eact feature value. Calculating the conditional
probability of the outcome given the feature value givesthe level of assaiation be-
tweenthe feature value and an outcome. To calculate an in uence weight the level of
assciation in relation to ead classvalue, for a given feature value, is combined into
a single gure.

The algorithm is described below using binary classi cation for simplicity. A
feature value'sin uence weight, W represeirts its in uence on ead classvalue and so
it needsto simultaneously represen the feature value's assaiation with both values
of the binary class. To achieve this the conditional probabilities assaiated with one
classvalue are consideredto be positive and conditional probabilities assaiated with
the other, negative. This leadsto a range for the in uence weight of -1 to +1, where
a certainty of one classvalue producesa weight of -1 and a certainty of the other
classvalue a weight of 1. By summing the two conditional probabilities we arrive at a
singlein uence weight that represerts the feature value'sin uence on oneclassvalue
relative to the other. Equation 1.1 demonstratesthis calculation and Fig.2 shows an
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examplewhere Pr (O1jFv) = 0:2, or -0.2 when mapped and Pr (O,jFv) = 0:8.
W = Pr(O1jFVv) + Pr(OzjF V) (1.2)

where W = the feature value combination in uence weight
O; = the rst outcomein a binary outcome

O, = the secondoutcomein a binary outcome

Fv = the feature value in the combination

PHOAFv)=0.8 Pr(O\Fv)=0.2 W=—0.2+0.8=0.6
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Figure 2. Combining conditional probabilities to form an in uence weight for a binary class example

3.2 Classication

Classi cation of an exampleis achieved by combining the in uences weights for
ead of the example'sfeature valuesinto a single score. By summing and averaging
in uence weights we are able to arrive at a scaledscorethat represerts a combination
of the evidencethat the example belongsto one classand not to another. Equation
1.2 depicts this. Performing the combination by summing and averaging assumes
ead feature value's in uence is equally comparable. Although this is a relatively
naive approad, it is quite robust asdescribed later in this section. It alsoleavesopen
the possibility of using other functions for the combining of in uence weights, much
the sameasdi erent kernel functions can be usedin support vector machines.

W, (1.2)

where e = the in uence weight of the i™ example
n = the number of features
W, =is the m" in uence weight

The in uence scoreof an exampleis comparedto threshold valuesthat divide
the in uence rangeinto as many segmeis as there are classvalues. For instance, a
single threshold value is required for a binary classi cation problem sothat examples
with an in uence scoreabove the threshold are classi ed asone classvalue, and those
with a scorebelow the threshold are classi ed asthe other classvalue. Each threshold
value is calculated from the training set by ordering the examplesby their in uence
weight and deploying a seard algorithm basedon minimising the number of incorrect
classi cations. The exampleswith total in uence scoresthat fall to the left of the
threshold in Figure 3 are classi ed as classoutcome A. This howewer includes two
examplesthat belongto classB in the training set and so these two examplesare
misclassi ed but the number of misclassi cations has beenminimised. Two examples
to the right of the threshold are misclassi ed as classB when they are A's. In cases
where there are equal numbers of correctly and incorrectly classi ed examplesthe
threshold is placed at the mid-point under the assumption that misclassi cation of
classA and B is of equal cost. New examplescan be classi ed by comparing the
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example's in uence scoreto the thresholds. The example belongsto the classin
which its in uence scorefalls.

threshold
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] OO €0 O OO0 ® OO 0 O 0660 0600 06 0 |
O classA @ classB |

Figure 3. Classication minimisation on training example to form a threshold

An advantage provided by this optimisation approach is that a cost function
is easily incorporated into the threshold calculation. This can be done by simply
choosing to place the threshold at the point in the training data where there is no
misclassi cation of a chosenclass.

AWSum is suited to nominal feature valuesand classoutcomesalthough it is not
necessarythat they are ordinal. Continuous numeric features require discretisation
before usein AWSum. While there is a potential for developing a distinct method
of discretisation in AWSum the researt to date has used Fayyad and Irani's MDL
method!"].

3.3 Considering the in uenc e of combinations of feature values

The combination of in uence weights for single feature valuesinto a total in u-
encescorefor an example and using this to classify is intuitiv ely based howewer, it
is plausible that feature values may not individually be strong in uences on a class
outcome but when they occur together the combination is a strong in uence. For
example both drug A and drug B may individually be in uential toward low blood
pressurebut taken together lead to an adversereaction that results in exceedingly
high blood pressure.

The in uence weights for eat feature value combination canbe calculatedin the
sameway as they were for the single feature values as seenin equation 1.3. These
combinations of feature valuescan cortribute to an increasein accuracyand provide
insight. Analysts can identify feature valuesthat have interesting interactions. This
is achieved by comparing the in uence weights of the individual component feature
values of the combination to the in uence weight of the combination. If they are
di erent this indicates a level of interaction betweenthe feature values. This is useful,
for example,in identifying things such as adversedrug reactions.

W = Pr (OljFV]_; FVZ) + Pr (OszVl; FVZ) (13)

where W = the feature value combination in uence weight
O; = the rst outcomein a binary outcome

O, = the secondoutcomein a binary outcome

Fv, = the rst feature value in the combination

Fv, = the secondfeature value in the combination

3.4 N-ary classi cation

In order to represert 3 or more classvalueson a linear scaleassumptionsneed
to be made. The classvaluesneedto be consideredas ordinal. For exampleif the 3
classoutcomesare light, medium and heavy and we have 5 light examples,0 medium
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examplesand 5 heary exampleswe have conditional probabilities of Pr(lightjF,) =
0:5, Pr(mediumjF,) = 0:0 and Pr(heawyjF,) = 0:5. The feature value, F, would be
assigneda weight of 0 using AWSum which placesit in the middle of the in uence
scale. In terms of conditional probability this is inconsistert asthere are no medium
examples, but in terms of in uence on the outcome it is intuitiv e becausewe can
reasonably say that the in uence of 5 heary examplesand 5 light examplesis the
sameas 10 medium examples.

This approach can be demonstratedto classifywell evenin casessuch asthe Iris
dataset where the outcomesare not ordinal but the visualisation may be misleading
in that a value at the middle of the scalecould appear there either becausethere is a
high probabilit y of that outcomeor becauseclassvaluesat the extremeshavethe same
probability. The approach was also comparable in accuracy on the Cystic Fibrosis
datasetthat has3 ordinal classvalues. Equation 1.4 demonstratesthe mapping values
to be applied to ead conditional probability when calculating a feature value weight
for problems with two or more classvalues.

The equation has the e ect of segmeting the -1 to 1 scaleinto as many equal
intervals as there are classvalues. In a 4 class problem the mapping values would
be -1, -0.33,0.33, 1. This approach assumesa continuum exists betweenthe classes
along the -1 to 1 scalein much the sameway that the sigmoid function in linear
regressionassumesa cortinuous function exists between binary outcomes when in
fact the outcomesare discrete.

Mi=z= —— (i 1 1 14

= 5 (1.4)
where ¢ = the number of classvaluesand i is the mapping value for the i"" class
value.

3.5 Model selestion

An in uence weight for eat feature value and all combinations of feature values
that existin the problem domain are calculated. In order to selectwhich combinations
of feature valuesto include in the classi cation model a comparison of the in uence
of the feature value combination and its parents is undertaken. By this we mean
that a feature value combination corntaining two feature valuescan be comparedwith
the feature value weight of eact of the componerts that make it up. In doing sothe
di erence betweenthe in uence weight of the parent and child can be calculated as
seenin equation 1.5. If the in uence canbe attributed to a parert, or if the weight of
the combination is not signi cantly di erent to the in uence calculated for combining
the two single feature in uence weights using AWSum's averaging method described
in equation 1.2 then there is no needto include the child in the classi cation model.
The level of signi cance used to identify useful combinations of feature values can
be established for classi cation by testing for improvemen in classi cation on the
training setor in the caseof identifying interesting combinations it can be arbitrarily
set by the domain expert.

The ability to identify combinations of feature valuesthat interact strongly can
identify possibleareasof interest for researters.

Wait t = W, We,jr, (1.5)
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To selecta model the combinations of feature values are ordered according to
the magnitude of the in uence weight di erence. The rst N combinations, where N
rangesfrom 1 to the number of possiblecombinations, are addedand N incremerted
until the classi cation is maximised on the training set.

3.6 Salability

A single passof the datasetis su cien t to count the occurrencesof ead feature
value and combination of feature values as they occur with ead classvalue. The
counts can then be usedto calculate any required in uences weights. The number
of counts is constart regardlessof the number of records and given the counts are
performed e cien tly, scalability is not compromised. Two courts are required to cal-
culate ead in uence weight and sothe number of in uence weights to be calculated
e ects the scalability of the algorithm. Equation 1.6 indicates the number of in u-
enceweights calculated. It indicates that the number of in uence weights is related
combinatorially to the number of features and exponertially to the averagenumber
of feature values per feature.

When dealing with real world datasets such as CF and diabetesthe number of
in uence weight is vastly reducedwhen comparedto the potential number of combi-
nations becausemany combinations do not exist in the data. We can alsoreducethe
number of in uence weights by setting a con dence and support for them in the same
fashion as assaiation rule mining. A further technique for reducing the number of
in uence weights is not to include those combinations that are outside an arbitrarily
set threshold for di erence to their constituent componerts in uence weights.

S=C(m;r) nf (1.6)

wherem = the number of features

n = the averagenumber of feature valuesin ead feature

r = the number of constituent feature valuesin ead combination eg singles pairs
triples etc

4 Exp erimen ts

Four datasetswere sourcedfrom the UCI Repository!®! for the comparative eval-
uation of the AWSum approach. In addition, the Cystic Fibrosis dataset?, with 17
categoricalfeatures, 6 cortin uousfeatures, 3 classes212 instances,and many missing
values,and the Diabetesdataset withe 28 features, 2 classes1930instancesand miss-
ing valueswere used. Ten fold stratied crossvalidation was usedin all experimerts.
Table 1 illustrates the classi cation accuracy by other techniques using the Wekal?®!
suite alongsideresults from AWSum. AWSum Singlerefersto the results using single
feature feature valuesindependertly, without consideringany interaction betweenfea-
ture values. AWSum Triples shows the classi cation accuraciesachieved by including
the in uence weights for combinations of feature valuesup to a combination of three
feature values. Table 1 illustrates that AWSum performs comparably on all datasets.

5 Application to the Cystic Fibrosis Data

AWSum's ability to convey meaningful insights to the userhasbeentested using
Cystic Fibrosis data supplied by the ACFDR?,
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Table 1 Classi er comparison using single feature value in uence weights only

Data AWSum AWSum NBC TAN C4.5 SVM Logistic
Single Triple
Heart 83.14 89.90 84.48 81.51 78.87 84.16 84.48
Iris 94.00 94.00 94.00 94.00 96.00 96.67 93.33
Mush 95.77 99.37 95.83 99.82 100 100 100
Vote 86.00 97.48 90.11 94.25 96.32 96.09 94.94
CF 48.40 64.24 60.38 59.91 60.85 55.66 60.84
DM 89.79 91.24 85.08 90.31 84.56 91.61 91.61
Avg 82.85 89.37 84.98 86.63 86.10 87.37 87.53

In order to be usefulin real world situations the insights presernied needto corvey
meaningto the userand be easyto interpret. This was evaluated by giving a domain
expert the output from AWSum for the CF data and analyzing their interpretation
of the information. The secondcriteria measuredwas the accuracy of the insight.
AWSum's measureof in uence for single feature valuesand combinations of feature
values was preseried to a CF expert for commerts on the appropriateness of the
in uence measure.Preliminary results are encouraging.

5.1 Easeof interpretation

The expert was preserted with diagramsin the form seenin Fig.4. There were:
21 single feature values, 25 combinations of 2 feature valuesand 16 combinations of
3 feature values preseried. For the single feature values the expert interpreted the
gure astelling him that if a patient had the feature value concernedthis would lead
to alevel of sewerity of CF asindicated by the in uence weight. For the combinations
of feature values the expert interpreted the combination in uence weight as being
the level of sewerity that could be expected when these factors occurred together in a
patient. The expert was able to determine that this was potentially dierent to the
way that the constituent feature valuesmay act when occurring independenly.

Influence Weights

l l

female & CA & FVCP<95.85 |
CA & FVCP<95.85 |
female & FV(P<95185

female & CA
FYCP<95(85
CA |

[Femde

-1 0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 l

Figure 4. Inuence weights for feature values and combinations of feature values

This indicates that the information preseried is being interpreted correctly by
our expert. It needsto be noted that the expert wasalways keento interpret causality.
For instance, he noted in uence weights such as presene of yeast infection candida
albicans (CA) and breath volume (FV CP< 95.85) where he consideredthat the as-
sociation was not causal. This is to be expectedin a eld where interverntions and
diagnosisare the focus.
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5.2 Accuracy of insights

When an insight is being assessedt falls into one of seeral categories: Correct
and expected, Correct and unexpected or incorrect. Insights that are correct and ex-
pected, help verify the insight processand con rm domain knowledge. Thosethat are
unexpected need further explanation. It could be that they are incorrect, although
as the weights are basedon conditional probabilities this would need further inves-
tigation and may imply that the data is unrepresenativ e of the population. The
unexpected in uence weights may also re ect new domain knowledge and uncover
assaiations that may or may not be causal.

It isdicult in a eld sud asthis to quantify exactly the level of agreemer
betweenthe in uence weight and the experts domain knowledge. For this experiment
the expert was simply asked to commert on the appropriatenessof the in uence
weights preseried. Of the 62 in uence weights the expert deemed60 or 96.8 percert
to be appropriate. It can be said that thesein uence weights were both correct and
expected, although they do give the additional advantage of scaling and quartifying
the in uences, which the expert found informativ e and helpful.

The two in uence weights that were unexpected to the expert involve the pres-
ence of Candida Albicans (CA). They were, CA and a breath volume indicator
FVCP<95.85and Female,CA and FVCP< 95.85. Individually CA and FVCP<95.85
are not strong indicators of sewere CF having in uence weights of 0.23 and 0.05 re-
spectively. The expert concurred with theseweights. When they occur together the
in uence weight jumps to 0.59. This increasesagainto 0.73for femaleswith CA and
FVCP<95.85. This can be seengraphically in Fig.4. In was not in the experts ex-
periencethat CA had a clinical link with the sewerity of CF. His suggestionwas that
perhapssewere CF causedCA, although this explanation doesn't fully cover what is
seenin the data, as CA seemsto compound the CF sewerity when assaiated with
FVCP<95.85. The explanation for the increasefor femalesmay be that femalesmore
often have CA. This data hasproveninteresting enoughto the expert that further en-
quiries are being made of experts in the CA areato try and determine an explanation
for the obsenation. There has also been microbiological researd identi ed 8 that
suggestsa possiblecausallink between CA and the sewrity of CF. While no causal
link has been establishedat this stage and may well not be the insight provided by
AWSum has proved interesting to our expert and prompted him to consult other re-
lated experts. This indicates that AWSum can reveal insights that are complex and
of interest in real world researd.

6 Application to the Diab etes Dataset

AWSum's ability to convey meaningful information on the in uences a ecting
outcomesto the user has been tested using diabetes data. This data was collected
from patients visiting a screeningclinic run by Charles Sturt University[ and consists
of 1930records, 77 features, and a classwith 2 valuesthat represen a diagnosis of
no diabetesand Type 2 diabetes.

The in uence weights were preseried in two di erent formats. The rst, asseen
in Figs.5 and 6 shows the absolute in uence of the feature valueswithout regard to
the prior probability of the outcome. By this we meanthat a weight of O for a feature
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value indicates that 50% of the times the feature value occurred the personhad "no
diabetes' and 50% of the time the personhad “type2 diabetes'.

Figure 5. Inuence weights for feature values

Figure 6. Inuence weights-pairs of feature values

The secondpreseration of the data shows the in uence weight relative to the
prevalenceof type 2 diabetesin the population as seenin Figs.7 and 8. In this case
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Figure 7. Inuence weights relativ e to prior probabilit y of Diab etes in the sample

Figure 8. Inuence pairs relativ e to prior probabilit y of Diab etes in the sample

the probability of “type 2 diabetes'is 0.26 and the probability of "no diabetes'is 0.74.
When we calculate a weight for this as we do for the featuresvaluesit is -0.48 and
therefore in uence weights lessthan -0.48 increasethe in uence toward “no diabetes'
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relative to the sample population and those greater than -0.48 increasethe in uence
toward “type 2 diabetes' relative to the sample population. The threshold generated
by AWSum for separating the two classvalues could be usedin place of the prior
probability asit will approximate it. In this caseit is -0.44.

6.1 Easeof interpretation

The expert was preseried with diagrams as described above. There were: 195
single feature values and 89 combinations of 2 feature values. For the single feature
valuesthe expert interpreted the gure astelling him that if a patient had the feature
value concernedthis would leadto alikelihood of diabetesasindicated by the in uence
weight. For the combinations of feature valuesthe expert interpreted the combination
in uence weight asbeingthe likelihood of diabetesthat could be expectedwhenthese
factors occurred together in a patient. The expert was able to determine that this
was potentially di erent to the way that the constituent feature valuesmay act when
occurring independertly .

The form of presenation of data that proved most acceptableto the expert was
asshown in Figs.7and 8 that presen in uence weights relativeto the prior probability
of type 2 diabetes. An exampleof this is in the expert's interpretation of VA in Fig.6
asindicating an in uence toward “no diabetes' when they believed it wasan in uence
toward “type 2 diabetes'. This anomaly occurs becausethe likelihood of having type
2 diabetesdue to this VA reading is lessthan 50% and therefore the in uence weight
is negative but at the sametime the likelihood of type 2 diabetesgiven VA is greater
than that of type 2 diabetesin the population and soit is a relativ e positive in uence
toward type 2 diabetes. This would seemto indicate that in practical medical researt
the intuitiv e approadh is to view factors as having a positive or negative in uence on
the likelihood of diseasefrom a baseline of the probability of the diseaseto begin
with. This is not surprising in a eld that is trying to identify causationand possible
intervertions.

The expert's domain knowledge largely concurred with the in uence weights
preseried. An exception was a high reading for \w aist measuremeti’ which the
in uence weight indicated wasan indicator of not having diabetesbut the expert felt
was a clear indication of having diabetes. This di erence was later identi ed to have
beencausedin the collection of the data by mixing measuremem units of inchesand
certimeters. This is not the sort of anomaly most classi ers would identify and is a
useful trait of the AWSum classi er.

Of the pairs of feature values preseried the expert again largely concurred with
the weights preserted but interest was shawn in those pairs containing an indication
of an absenceof re ex in the kneesand ankles and a glucosereading that was high
but below the diagnostic threshold for diabetes. Absencesof re ex and high sugar
levels when occurring together indicated a strong in uence toward diabeteswhereas
their individual e ects were relatively weak.. The signi cance of a feature pairing
like this is that both re ex and sugar level are easyto measurein the eld and if
their combined in uence were con rmed it would give clinicians an easyto obtain
indication of a strong likelihood of diabetes.

The expert also noted that the genderand Cardio Vascular Disease(CVD) risk
was interesting as it re ected common patho-physiological medchanismsin that the
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female gender usually has lessprevalence of diabetesand is protected against heart
diseaseuntil menopaus&?. The increasedCVD risk, which is in the high category,
indicates somecommonality between heart diseaseand diabetes progression.

This analysisby the expert was encouragingand while noting that further anal-
ysis is warranted it indicated that AWSum was capable of both con rming domain
knowledge as well as identifying in uences on the outcome that were of interest to
the expert.

7 Discussion

An new approad such asAWSum raisesmany questionsand the following section
seeksto addresssomeof these.

7.1 Causation

During our experimentation we noted that our subject area experts were focused
on causality, as could be expectedin a eld such as medical researt. Given that
AWSum establishesin uence weights basedon asscaiation it is valid to question its
usefulnessin a eld focusedon causality. Researti conducted by Wyatt 2% into the
reasonsthat medical practitioners failed to take up prognostic algorithms was that
they felt uncomfortable being dictated to by computerisedmodelsasto causeor diag-
nosis. Wyatt concludedthat in order for prognostic modelsto be more acceptablein
the eld they ought seekinput from the practitioner and allow their domain knowledge
to be integrated into the model. For this reasonwe believe that AWSum's approach
of suggestingan assaiation and leaving it to the practitioner to establish causeis
suitable. It should also be noted that in the medical eld the any hypothesis needs
to be exhaustively tested and so a causalmodel would not be su cien tly acceptable
to the professionewven if available.

7.2 Feature valuesversesfeatures

AWSum focuseson the importance of feature values and combinations of fea-
ture valuesrather than on features when selectinga model. This is diers from the
approach of most classi ers.

Probabilistic approachessud as augmerted Bayestend to selecta network by
using a metric to nd the best candidate over the spaceof possible networks. one
of the combinations of feature values identied as interest by our expert in CF is
Female,CA and FVCP<95.85. This combination parent features do not appear as
having an important assaiation in the TAN network and sowould go unnoticed.

Treebasedclassi ers such asc4.5useinformation gain to rank the importance of
features, and again the tree produced doesnot identify important combination. C4.5
usesinformation gain to selectthe feature that best splits the data with regardto all
values of the feature and so also represens a focus at feature value level

Mathematically basedapproachesthat look to produce a function that describes
the relationship of the featuresto the classvalue suc aslogistic regressionor neural
networks are also functioning at a feature level by weighting the feature or character-
istics of the feature. Statistical methods sud as principal componerts analysis look
to reducethe feature spaceby reducing the number of features.

It is AWSum's concertration at the feature value level and its focus on combina-



212 International Journal of Software and Informatics, Vol.2, No.2, Decenber 2008

tions of feature valuesthat are in uential to classi cation that enablesit to provide
the analyst with insight into the data.

7.3 ldentifying important assaiations

AWSum's usesof a measureof the di erence betweenthe in uence weight of a
combination of feature valuesto the individual constituent valuesin uence weights to
provide a pointer to feature valuesthat interact in an interesting way. Equation 1.7
demonstratesthis concept. This providesa method of measuringinterest or important
feature valuesthat is not basedon either an improvemern in ability to classify nor on
coverage. This allows the detection of interesting interactions that would not be seen
in other techniques.

in uenc e weightof A\ B vsin uenc e weight of A and in uenc e weight of B

7.4 Can a qualitative approach to assessingknowledge acquisition be justi e d?

Data mining has traditionally beenbasedon proofs and measurablequartities.
Kohavil* hasidenti ed the dicult y in measuringthe amount or usefulnessof infor-
mation in a quartitativ e way as a major reasonfor the area of knowledge acquisition
being overlooked in researt. At the sametime Wyatt 3% points to the importance of
extracting understandable and usefully knowledge to the acceptanceof data mining
in practical applications.

While accepting that more experimentation needsto be undertaken to fully es-
tablish AWSum's knowledgeacquisition capabilities it hasshowvn promisein the elds
it hasa currently beentested on. This, we beliewve, is encouragingenoughto continue
developmert of the approach whilst developing methodologiesfor assessingnowledge
discovery.

We contend that as data mining has stepped outside what might traditionally
be considered acceptable to mathematics and statistics so data mining may need
move to formulating qualitativ e methodologiesfor the measuremehn of things sud as
knowledge.

8 Conclusion

The application of AWSum to our chosenmedical datasets has demonstrated a
level usefulnessfor the approach simply by virtue of it having uncovered somenew
and interesting knowledgefor our fellow researdersin the medical eld. It alsoraises
someinteresting questionsand issues. Whilst we were able to measureclassi cation
accuracyand comparethis to other algorithms asis common practice in this eld our
measuremen of the level insight or knowledge elicited has proven more di cult. A
gualitativ e approach to measuring results is not usual in this eld and leaves open
the question of the what methodology should be usedin any suc assessmes.

As an example what is new knowledgeto a user of an algorithm with average
knowledgeof the subject areamay just be a con rmation of domain knowledgeto an
expert in the area. Our researt haslead experts in the Cystic Fibrosis to investigate
further a link identied by AWSum that was previously unknown to them but that
may have be suggestedas valid in some emerging microbiological researd. This
being so has new knowledge beendiscovered or has our discovery simply pointed our
experts to knowledgethat they were unaware of. Theseargumerts may seema little
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philosophical but they do point to the di cult y in measuringknowledge.

We will direct e orts in future researd not only to both the practical aspects of
discovering knowledgein practical applications but alsoto establishingan acceptable
methodology for assessinghe level and quality of insight and knowledgegained from
data mining techniques.
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