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Abstra ct. Many questionsthe intelligence community hasto addressare related
to text classi cation problems, more precisely to the problem of designing classi-
“ers that assigna new documert to a few relevant categories(topics) from many
hundreds of prede ned topics.

The speedand accuracy of the designedclassi ersare alsoimportant. Moreover,
it is necessanyto preser the assignmeis madeby the classi er in a form corveniert
for expert interpretation.

A method for optimizing parametersusedby support vector machinesin text clas-
si cation applications is described. It is well known that in the caseof overlapping
classestwo parameters of SVM, e®ectiwe length of weak margin, C, and intercept,
b, can be changedto achieve better results than those yielded by classi ers trained
using the default valuesprovided by SV M Y9 "t (1), In this paper we proposea novel
approad to optimize these parametersby identifying the set of support vectorsin
the training data and training a new classi er using only these support vectors.
Additionally , we take into consideration that the numbers of examplesfrom ead
classare unbalanced, a common characteristic of text classi cation problems. For
adjusting these parameters, we employed a local cross-walidation schemeinside the
training process(2). We evaluated our performanceon the 50 TREC 2002assessor
topics and we compared our results with those of a linear SVM classi er trained
using the default parameters provided by SVM Y9 "t On average,we obtained an
improvemen in sensitivity of approximately 60%, at a price of approximately 7%
drop in speci city.

1. Intr oduction

Many questionsthe intelligencecommunity hasto addressare related to text clas-
si cation problems, more preciselyto the problem of designingclassi ersthat assign
a new documernt to a few relevant categories(topics) from many hundredsof prede-
“ned topics. The designhasto be basedon an analysisof a small number of examples
of documerts with known assignmets (possiblyin incomplete form). For any given
topic, this commonlyleadsto having many more examplesof non-rele\ant documerts
than relevant ones.



The speedand accuracyof the designedclassi ersare alsoimportant. Moreover,
it is necessaryto presen the assignmeits madeby the classi erin a form corveniert
for expert interpretation.

To meettheserequiremers we adapted the well known method of Support Vector
Machines(3) sud that we addresshe problem of the mentioned inbalanceof examples
in the training data and the requiremen of manual interpretation corvenience.The
latter restricted our work to using only linear SVM classi ers. To compensatefor
the inbalanceof examplesin the training data we devisedan adaptive algorithm to
changethe intercept, b.

Unbalancedtraining setscanarisefor two reasons.First, it iscommonthat interest-
ing classef documerts correspnd to a small proportion of all available documernts.
(Indeed, the classoften wouldn't be interesting otherwise.) Second regardlessof the
frequencyof the classin the population asa whole, the procedureby which a subset
of the data is labeled may lead to a distribution of classmenmbers di®erer than in
the population. Often both thesee®ectsapply, with onepartially, but not completely
counterbalancing the other.

For instance,the ReutersRCV1 newsstoriescorpus(4) is a standard testbed used
for evaluating information retrieval algorithms. For this corpus,at TREC 2002 (5)
were de ned 50 assessotopics. For ead sud topic, there are available some 10-
400 positive examplesand some100-1500negative ones. The classfrequencieshere
result from very low frequenciesof positive examplesin the population (1 in 10000r
less), partially compensatedby strategiesthat oversampledpositive examples. This
exampleis not singular; other text databasesshow similar characteristics.

Sud commonfeaturesof the training data, namely very unbalancedproportions
of positive/negative examples,poseditcult questionsto many madine learning al-
gorithms and they often lead to building poor classi ersthat label all documerts as
negative.

For example,weran a widely usedlearningalgorithm (1-nearestneighbor) ontrain-
ing data for the aforemertioned 50 TREC topics, in the original term space(that is,
the union of terms in all labelledtraining documerts for a giventopic), and in almost
all caseghis resultedin classifyingall documerts asnegative. Moreover, support vec-
tor madines,which, at leasttheoretically, are someof the most powerful classi cation
methods, also gave bad results. Basedon an analysis of local obsenations around
the error points obtained from theseexperimerts, we devisedthe hypothesisthat the
main causeof the bad results was the aforemenioned biasin data. Additionally, the
SVM results pointed out that the regionsmost a®ectedoy this werelocatedin the so
called weak margin region (\w eak" becausethe classesare usually overlapping). In
the SVM methods, the width of the margin is identi ed by the parameterC and the
discriminant hyperplaneis found in this region. The exactposition of this hyperplane
is determined by the intercept b in the equationf (x) = (w;Xx) + b, where (w;x) is



the inner product of the vectorsw and x (w is the vector normal to the discriminant
hyperplane,x is an obsened object).

Subsequetly, we madethe assumptionthat onecanobtain a good result by trading
a large number of erroneouslyclassi ed positive examplesfor a small number of
allowed errors on the negative class,in a cortext where classi cation mistakes are
not equally evaluated. Sud performancecriteria are application speci ¢ and are
commonly found in practice. Our goal is basedon the idea that not retrieving a
positive examplecarriesa heavier penalty than erroneouslyretrieving a negative one.
To make practical useof this assumption,we obsenedthat it is feasibleto exciently
construct a modi ed support vector madiine. Then, in training an SVM classi er, we
focusedon changing the parametersC and b that a®ectthe position of discriminarnt
rules in the margin region. Sud changes,howewer, do not necessarilyimprove the
overall accuracyof the classi er, but biasthe discriminant function towards the class
consideredmore important.

Se\eral authors (6; 7) describe how the parameterscan be changedto improve the
results of the SVM method, though their motivation was more generalthan ours.
Classicaltheoretical results on SVM proposeC as a free parameterand assumethat
any overlapping classeausedfor training can be separatedby a suzciently large C.
It is noteworthy that C is a factor which provides a limited cortrol over the VC
dimension of a problem. Accordingly, an increaseof the parameter C leadsto an
increaseof the VC dimension, thus decreasingthe capacity of generalizationof the
designedclassi er.

Subsequetly, the results allow the possibility of devisingproceduresto determine
a good interval for the estimation of b. Howewer, none of these methods take into
accour the bias speci ¢ to the classdistribution mertioned above. For this reason,
the available literature proposessomeheuristics basedon assumptionsthat the class
distributions of the margin are Gaussian(6). The method we descrile in this paper
doesnot rely on any assumptionabout thesedistributions and is only basedon direct
estimation of the aforemertioned bias.

In this paper we usethree commonmeasuref classi er performance:sensitivit y,
speci cit y and F1. Sensitivity (also known as recall ) is the fraction of positive
examplesthat are correctly retrieved, while speci city is the fraction of negative
examplesthat are correctly retrieved. The former measuredescritesthe e®ectieness
of the classi er at nding the examplesof interest, while the latter characterises
the performanceof the classi er at discardingthe other examples. Another popular
measureis the precision , de ned asthe fraction of true positive examplesamongall
examplesthe classi er labelled as positives. The F1 measureis a weighted harmonic
meanof the precisionand recall (8). Our goalisto dewlopanew SVM method which
yields better recall valueson problemswherea traditional SVM approad fails, while



still maintaining good speci city of the system.
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The paper is structured into four sections,of which this introduction is rst. The
secondone formalizesthe new adaptive SVM method. The third sectionincludesa
description of the test which we choseto estimate the results of this new learning
procedure and an illustration of the results that were obtained. The last section
addressedhree questionswe consideredrelevant, namely: (1) applied value of the
proposedapproad, (2) possibilities of improvemen of the method, and (3) opportu-
nities for generalization.

2. An adaptive method for finding a margin for a separa tion
hyperplane

2.1. Estimating an e®ective weak margin. Accordingto Vapnik's work (3), when
classesare not separableone hasto add to the hasiccriterion (min %kwkz) aregular-
ization penalty, expressedisa sumofslaks: C¢ ";. Computationally, this problem
iS expresseds:

1 X .
min ékwk2 +C¢ »; subjectto

(2) L =1
/2»: . 0

Vil(xi;w) + b, 1j »;

wherel is the sizeof the training data set.

In this criterion the rst term estimatesan upper-bound of the VC-dimension. The
secondmeasureshe degreeof cortradiction betweenthe calculated assignmeis and
the existing classoverlaps. Geometrically, this meansthat the secondterm deter-
mines a region around the hyperplane of separation, which enclosesall incorrectly
classi ed examples. This regionis de ned by two hyperplanesparallel to the hyper-
plane of separation. It follows that a narrow region would lead to a large number
of classi cation errors with the training data. Similarly, for a very wide region, the
number of support vectorsbecomesvery large, and the number of errors on training
data is greatly reduced, but the obtained model over ts the training data. If one
consideredonly the width of the margin C as optimization criterion, the problem
would be reducedto nding the besttrade-o®betweengenerality and accuracyof the
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calculatedclassi er. In other words, onecould attempt to nd an optimal hyperplane
of separationby changingonly the width of the margin region, C.

In practice, useful valuesof C are dizcult to estimate, and seeral attempts have
beendocumerted (3; 9). Sud estimatesof C are far from optimal. One method
for determining the performanceof a classi er built using a given weak margin, is
to ewvaluate the accuracy of the classi er using additional labelled test data. Our
approad consistsof using a cross-alidation method, in order to determine which
parameters have the most chancesof providing a good discrimination of the test
data. Prior to this local validation step, we reducethe training data to the set of its
support vectors, and we estimate the value of C using formula recommendedn
(3). A related approad for estimating good valuesof C was proposedin (10).

We considerthe modi cation of the intercept a processthat substitutes one type
of error for another. In our case,we trade a small number of erroneouslyclassi ed
positive examplesfor a large number of negative examples.

The solution we proposeconsistsof using a sequetial optimization strategy: par-
tially adjust C to obtain a suzciently accurateclassi er, followed by an optimization
of bin orderto nd the best trade-o® between errors in assignmets of labels. In
other words, our heuristic works sud that a large number of negative classerrorson
the training data can be substituted by a very small number of positive classerrorsif
on the rst stage(by manipulating C) we obtained a classi er that would minimize
the number of positive classerrors. By changingthe intercept, b, we try to improve
the accuracyof the nal classi er, trading a large number of negative examplesfor a
very small number of positives.

As suggestedn (3), areasonablenitial valuefor the weakmargin, C, is the inverse

of the averagenorm of the examplesavailable for training:
1 I

i=1

kXi k2

We beliewe that the margin region would be better estimated if we would train a
classi er using only information from the support vectors. In particular, we consider
that calculating C using formula (3) applied to the set of support vectors,would be
better than the one calculated with the sameformula applied to the ertire training
data. Sincethe support vectorsare known only a posteriori, we proposethe following

with building a linear SVM classi er using the default parametersof SYM Y9t g
publicly available software padkage for training and applying SVM classi ers (1).
From the resulting classi er, we selectthe support vectors and usethem astraining

IThese support vectors are only a good approximation of the ideal set of support vectors. In
theory, this set of support vectors could be calculated by training an SVM using a speci ¢ set of
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data, repeating the process. This yields two values for the parameter C. Using

we estimate the excienciesof the classi ersbuilt usingthesetwo valuesof C. Using
someperformancemeasure ¥ (such asF 1 (8), whoseformula was presetted in (1)),
we selectthe value which yields better performanceand denoteit by C*.

Algorithm 1 Find an e®ectie C
Input: X = fxq;::::%0, Kin, Y4

2: for f~= 1to ki, do
32 ZA Xf
4 TA XnzZ

5. Cy A eIl
x2T
6: train classierj: onT, using C!
7 YC)A i1(2)
8 SVASV(G!
oo CyA &V
x2SV
10:  train classierj 5 on SV, using C}
11: %Gy A {4(2)
12:  CP A argmaxf C!);C})g

13: end for
14: C* A argmaxt Y{CY);:::; 4C, )9
Output: C°

In order to obtain labelled evaluation data, we split the available training data into
kin folds. Using a strati ed sampling procedure,we divided the training data set X

of di®eren classesn training data are re°ected in the ki, subsets.For ead fold, f,
we obtained two candidatevaluesof C: C!;C}. For eat of the valuesC! : C} , we cal-
culated a linear SVM on the sametraining data that wasusedfor calculating C! ; C.
Eacd classi er wasthen evaluated on the complememary part of data (denotedby Z
in Algorithm [1). We usedF 1 (8) as a measureof the performanceof ead classi er.
Consideringthat sizesand distributions of the testing data setsare quasi-equal,the
two valuesof F1 are directly comparable. From C!;C} we selectedas C¢ the one

parameters. The existing theoretical badground and practical evidencedo not provide suzxcient
information for determining these parameters.



which yielded the better classi er (i.e. the larger F 1 measure).Eadc fold yielded one

the onethat obtained the best F 1 measureon its correspnding validation fold and
de ned it asC”. The pseudo-cde of this procedureis preserted in Algorithm [1.

2.2. Determining an optimal intercept using only training data. If the classes
overlap, the location of the discriminant hyperplanegeneratedby SV M Y9 twith de-

fault parametersdependson the frequenciesof ead classin the training data. This

dependencebecomexritical when conmbined with a signi cant di®erencen probabil-

ities of comparableclassespecauseobjects found inside the margin region are more

likely to be erroneouslyclassi ed. Moreover, the di®erenceof classprobabilities in the

margin region canincorrectly compensatefor the costof classi cation errors. It is of-

ten found in practice that positive exampleshave much lower frequencythan negative

ones,while the costof mis-classifyinga positive exampleis higher than mis-classifying
a negative one.

In the dual formulation of the SVM training process.the classi eris calculated by
solving an optimization problem. The solution consistsof the hyperplane of sepa-
ration, w, and an intercept, b. When using SVM "9 M"with default parameters,the
intercept, b, is calculatedwith the assumptionthat the \price" of mistakesmadeon
the overlapping points is equal for both classes.Let us explain why one can change
the intercept b without a®ectingthe optimal solution determinedby the vector w.

A linear SVM classi erbasedon the minimization of Vapnik's VC-dimensionbound
criterion consistsof two componerts: a discriminant hyperplane,w and a scalar (in-
tercept), b. The optimization procedureyields an optimal value only for w, while the
constart bis determinednot uniquely from a set of feasiblevalues,determinedfrom a
prede ned set of equalities. One could seard the set of thesefeasiblevaluesand de-
termine the onethat insuresthe highestsensitivity while keepingthe speci city above
someacceptablethreshold. Computationally, this approad would be very expensiwe,
dueto the structure of this set of feasiblevalues. At the price of having moretraining
data available, one could circumvert this expensiwe step. In thesecircumstanceswe
think that altering the intercept, b, would maintain the optimality of the discriminant
hyperplane,w. Sud calculationsare not very practical, dueto the paucity of training
data, and one should apply someresamplingprocedure,which, on its turn would be
expensiwe. Consideringall theseaspects, we investigated experimertally how sud a
seart procedurecould work using only the available training data, in other words,
ignoring the requiremen of independenceof training and test data. We found that
sudh risk-seekingheuristic works well and we presen its resultsin this paper.

Changing the intercep, b, represems a translation of the optimal hyperplane of
separation, keepingthe margin between classesput modifying the cost of mistakes
for points from di®eren classes. It is important to mertion that the perturbation
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canbe doneon the sametraining data, becausehe structure of errorsin the training
processcarries enoughinformation to make the changes@.

Algorithm 2 Find an e®ectie b

22C10 A (F;:h); 8 = (X;wW)
3: order the elemerts in X by their correspnding valuesin ¢ i

) siorted:< Xil;"';X|“ >
jl 5 $2 5 ¢¢¢> ﬁn
4 kA 1
5. stopA false
6: while stop& true do
7 b A %,
8 ,KA Iiil(ikil)
9 calculate 3, usingw and by

10:  stopA ((x < “min)_ (3 = 1)
11: end while
Output: B =Dbj "

We proposethe following algorithm, which optimizesthe weak margin C and the
intercept b

2 UseSVM M9 Mtwith default parametersettingsto build the hyperplaneof sep-
aration.

2 Set C to the C” resulting from Algorithm

2 Run the classi er trained using C* with default value of b, bad over the
training data. Calculate the confusion matrix of results (obtained on the
training data) and estimate the performanceof this classi er. Let TP be the
number of correctly classi ed positive examples,FN the number of positive
examplesclassi ed as negatives and, similarly, TN the number of negatives
classi edasnegativesand F P the number of negativesclassi ed as positives.

2 Basedon the properties of the data analyzedin our experimerts (described
in section3), namely the much larger number of negative examples,we found
that it is unacceptableto allow the speci city of a classi er to drop below a

2It is clear that the change of b will also changethe value of the criterion (2), becauseit would
change the conditions under which is minimized. In other words, with a di®erent value of b,
one could 'nd a smaller value of (2). This, however, is not the goal of our work, where we prefer
to maintain the hyperplane of separation (along with it, the original margin) and only changethe
discriminating rule whithin.



o )= (wx)+ by

¢ (X)) = (Wix)+ by
- F(X) = (Wi x) + byet
F(X) = (w;x) + bs

C () = (Wx) + by

Figure 1: Adjustment of the intercept b. The two classesof objects are denoted by round
and squaredots, respectively. The hyperplane of separationis successiely shifted such that
it misclassi esexactly 0;1;2; 3;::: examplesfrom the squareclass. For each suc position
one can calculate the performanceof the classi er and choosethe best obtained result. The

reduce the complexity of the gure, we did not depict +, and %,. The solid line, labelled
with the equation f (x) = (w;x) + bger represets the classi er learnt using the default
training parametersof SV M L9 ht,

ol

threshold. We proposeto use” ® = 0:99 asa lower bound for = becausejn our
opinion, lower valuesare a strong signalthat the classi er performspoorly on
negative documerns. It is worth mertioning that the value of " © is entirely
application speci c.

2 Having xed the weakmarginto C®°, seart for the intercept bin order to ob-
tain the largest sensitivity, 3, while meeting the speci city constraint = , " ".
Let X1 be the the set of negative examplesand |i its cardinality. We or-
dered the elemens of X by their distancesto the separation hyperplane:
= (Xj;w) 8% s.t. y; = j 1 (as previously de ned, (x; w) represets the in-
ner product of the vectorsx and w. Let fx;,;::: JXi g be the set of negative
examples,ordered descendinglyby their distancesto the separation hyper-
plane. We, then, scanthis ordered set, setting b such that at eat step |
the hyperplane of separationpassesthrough point x;, . The procedurestops
when either all positive exampleshave been correctly classi ed or when the
speci city falls below the setthreshold. In order to insure the correct classi -
cation of the last visited negative example,we subtract from the determined
b a very small positive amourt, denotedas". For practical purposes,we set
this valueto 10 2%, which is slightly larger than the smallestpositive number
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that can be represeted in °oating point double precision. The pseudo-cde
is preserted in Algorithm [2, accompaniedby gure 1, which is a graphical
represemation of the algorithm.

We denote by b” the intercept found by this procedure. Then, the nal classi er
will be determined by the hyperplanef °(x) = (w;x) + b". The performanceof this
classi ercanbe ewvaluated usingsomestandard cross-alidation procedure(or directly
on someparticular test set). The pseudo-cde for the algorithm of building a classi er
is presetted in Algorithm [3.

Algorithm 3 Calculate a classi er using algorithms|[1 and(2
Input: Train, Test, Kin, %4, "min, "

1: C* A AlgorithmI(Train; ki, ; F1) f optimize Cg
2. [w; bl A svmLearn(Train; C*) f optimize bg

3: b A Algorithm[2 (Train; ;" min ;")
Output:  [w; b7]

3. Experiment al resul ts

As illustration of our procedure,we performedan experimertal study on the text
data set up for TREC 2002. The data set consistedof the ReutersRCV1 collection
(4), i.e., Reuters newswire stories from 20 August 1996 through 19 August 1997,
accouring for a total of 806,791documerts. For TREC purposes,100 topics were
iderti ed and for ead topic there were a number of labelled documerts.

From these100topics we selectedthe 50 available assessotopics, identi ed by the
labelsR101to R150. In table (1 we presert a summary of the available training data
and an excerpt from the list of topics. The completetable of topic sizesis presened
in Appendix/Al

We consideredthe 50 two-classproblems assaiated with thesetopics. For eah
problem, t, we split the setsof labelled documerts pertaining to t into 5 parts, using
strati ed random sampling, that is, randomly samplingthe given data sud that the
proportions of the two classesare maintained.

The performanceof the classi erwebuilt wasevaluated using5-fold cross-alidation,
namely, training on four parts of the data at a time and testing on the fth, followed
by repeating the processuntil ead part was usedas testing data (11). In order to
increasethe con denceof the obtained results, we performedead sud experimert 3
times, ead time with a di®eren random split of the data. This processis presered
in Algorithm 4 and described in more detail in the following paragraph.

On ead fold of the cross-alidation procedurepreserted in the previousparagraph,
we used three data sets for the purposesof training, evaluation and testing. As
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Table 1: Labelled documernt set sizesfor the selectedtopics. n is the size of the set
of examples,n* and ni are the numbers of positive and negative examples, respectively.
n=n*+ ni . The averagevaluespreserted in the last line are calculated on all 50 topics
we analyzed. The complete table of cardinalities is presered in Appendix /Al

Topic n n* ni

R101| 1634 318 1316
R102 866 204 662
R103| 1355 82 1273
R104 903 98 805
R105| 1267 157 1110
R106| 1227 45 1182
R107| 1509 48 1461
R108| 1097 16 1081
R109 814 77 737
R110| 1498 59 1439

avg |1233.2 101.2 1132
¥ |195.19 122.36 206.82

obtained from the 5-fold cross-alidation, the training and evaluation data represeis
80% of the available labelled data and the remaining 20% are usedfor testing. In

the pseudo-cde shavn in Algorithm 4, this division of the data correspndsto lines
2-5. Relative to the samealgorithm, the value of the parameter ko, was set to 5.
Subsequetty, the training and evaluation data was usedfor choosing the value of
the parameterC®, asspeci ed in Algorithm [1. In this algorithm, we applied a 2-fold
cross-alidation (ki, = 2), where one fold was used for training and the other for
ewaluating the performanceof the classi ersbuilt using the candidate C values, as
speci ed in Algorithm [1. That is, at ead step of the procedurewe used40% of the
labelled data for training, another 40% for evaluating the quality of the determined
parametersand 20% for testing. In particular, for eat combination of training +

ewaluation and testing data sets, Algorithm 1 trained four classi ers. Let C® denote
the value calculated by Algorithm [1] (line 6).

With the found value, C*, we constructa classi erusingthe training and evaluation
data, in other words the 80% of data available for training in the validation process
(line 7). Finally, the learning processadjusts the classi er by changingthe intercept,
b, using the training data from the current validation fold. Becausethe parameterb
represets the threshold in the decisionrule of the constructedlinear SVM, we adjust
it by searting for sensiblevaluesusing labelled examplesin the margin region. In
particular, the margin regionis identi ed by the linear SVM trained using C°. We
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Algorithm 4 experimertal set-up

Input: X = fxq;::5,%0, fy; 25910, Kouts Kinys Ty “min s
1: for run=1tor do

3: for outFold= 1to ko, do

4: Test A X outFold

5 Train L& X nTest

6 [w; b"] A Algorithm[3(Train; Test;kin; F1; " min ;")
/I evaluation of classi er

7 classify T est using [w; b
8: end for
9: end for

choosethe intercept b which provides the best sensitivity while meeting a certain
minimal speci city ("min criterion). Our experimertal results were obtained using
a minimal speci city of 0:99 and we advise for valuesin the interval [0:95; 0:995].
Finally, the resulting classi er, described by the hyperplane of separationw and the
intercept b", is evaluated on the testing data (line 9). Note, that the sensitivity and
speci city are calculatedon the training data. For this reason,we expect that results
obtained on un-seendata will have lower speci city and this is why we recommend
to userelatively large valuesfor the minimum acceptablespeci city B

Becausethe training and testing proceduresare organizedon a cross-alidation
stheme, the valuesfound for C® and b are relevant only to the current fold. The
resulting valuesof the parameterswere not conmbined in a single value which would
characterizethe labelled data. Instead, we consideredthat ead cross-walidation fold
is assaiated with a distinct classi er, which is the natural result of a cross-alidation
stheme. To obtain a single classi er for the ertire data set, one should use the
proceduresdescribed in this sectionwithout the outer cross-walidation.

As emphasizedn the introduction, our goal was to estimate the improvemert of
classi cation results yielded by the new procedure,when comparedwith the results
of other standard procedures. In this respect, we comparedour results with those
obtained from a linear SVM trained using the standard parameterssuggestedn (1).
Our modi ed SVM is alsobasedon a linear kernel.

In table 2 we presen a comparative analysisof the performancesof two algorithms
evaluated in the ervironment describted heretofore. For ead algorithm we presen
as standard results the sensitivity (3), speci city (") and the F1 measure.Only the

3 In general, strong results on training data (thus high specicities and sensitivities) cannot
guarartee equally good results on testing data. Our heuristic is basedon the assumption that the
performancemeasurescalculated on the training data should be strongly related (evenif not tightly
bound) to those obtained on testing data. In other words, we believe that the performancemeasure
is a continuous function of b, in the margin region.
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Table 2: A comparative analysis of the results obtained from two di®ereri procedures.
SVM-def is the linear SVM built using the default parameters provided by SVM L9t
aiSVM-Cb0.990 was obtained by adapting C, then b on SVM-def (using algorithms [1]2).
Becauseof spaceconstraints, only the rst ten topics are preseried in detail. The complete
results are preseried in Appendix/B. The statistics (averagesand standard deviations), are
calculated on the entire set of 50 topics.

Topic SVM-def aiSVM-optC-b0.990
sensitivity (3) specicity(") F1 |sensitivity (3) specicity (") F1
R101 0.8 0.99 0.87 0.94 0.93 0.85
R102 0.53 0.98 0.67 0.49 0.98 0.63
R103 0.046 1 0.088 0.85 0.93 0.58
R104 0.44 0.99 0.58 0.62 0.97 0.67
R105 0.44 0.99 0.58 0.63 0.97 0.69
R106 0 1 0 0.73 0.86 0.27
R107 0 1 0 0.76 0.85 0.24
R108 0 1 0 0.77 0.94 0.27
R109 0.32 1 0.47 0.93 0.9 0.64
R110 0.061 1 0.12 0.77 0.87 0.32
avg 0.15 0.99 0.19 0.74 0.92 0.47
std 0.24 0.032 0.27 0.14 0.039 0.18

results of the rst 10 topics are preserted in this table, along with the averagesand
standard deviations calculated over the entire set of 50 topics. The readeris referred
to Appendix Bl for a completeset of results.

Thesetwo classi ersare: the linear SVM obtained from using SV M Y9 "twith the
default parametersand the classi ercalculatedusingthe procedureoutlined in section
2 (that is, adapt C, then adapt b on the resulting classi er). It can be obsened that
the gain in sensitivity is on average60%, at the price of approximately 7% lossin
speci city. In absolutenumbers, consideringthere are appraximately ten times more
negative examples,this accours to trading one positive examplefor 1.2 negatives.

Also, the lower bound for speci city usedin Algorithm 2, is not completelyre®ected
in the resultsobtained from usingthe classi eron un-seendata. The resultspresened
in table2 shav that only two topics amongthe rst 10 yield speci cities above 0.95
and noneabove 0.99. Theseresultsare not cortradicted by the fact that we used0.99
as minimum acceptablespeci city in Algorithm [2. In the processof optimizing the
intercept, b, the speci city is calculated on training data, while the results preseried
in table 2 are calculated on previously un-seentest data. We obsened that the
speci cities obtained on training data are consistetly 5%-7% belov the minimum
speci city threshold, " ,in , suggestinga trend that could help in choosing a more
appropriate threshold, where desired.

13



4. Conclusions

The idea of substituting one type of error for another is a classicalapproad in
statistics when the cost of these two types of errors are very di®erent (12). The
literature related to trained classi er designcortains very little published material
on generalproceduresof adhieving the desiredcompromise(13; 14) and we consider
our work to be a cortribution to this topic. We attained the goal of nding suct a
procedurebasedon a modi cation of alinear SVM method and its parametersC and
b.

We evaluated our performanceon the 50 TREC 2002assessotopics and we com-
paredour resultswith thoseobtainedfrom a similar classi ertrained usingthe default
parameter values set by the software. We shaved that the parameter valuescalcu-
lated using our procedurelead to an averagesensitivity improvemen of 60% and to
a drop of 7% on speci city.

In future work, we would like to investigatethe e®ectof usinga more nely grained
cross-alidation scheme (which implies more training data) in the processof calcu-
lating C”. We beliewe this aspect alone, although computationally expensiwe, would
help estimate a better C®, thus improve the classi er on which b is adapted, leading
to better nal results. This processhowever, is likely to attain a maximum classi er
performance for somenumber of folds, beyond which extra computational power will
not bring any improvemen. Documerting the interaction of our algorithm with the
sizeof folds would be useful.

It would be desirableto obtain experimertal evidenceof the e®ectof di®erern
represemations of the data. In our current work, we usedonly term frequencyand
we would like to extend the results by using geometricand statistical normalizations
of the data, aswell as TFIDF (15).

It would be interesting to investigate the quality of the results of our procedure
when applied to di®eren typesof data.

Becausethe method can work without any changein any linear vector spacein
which onebuilt the SVM optimal classi er, in principle the method canbe generalized
for designof non-linearclassi erswhich have equivalert represetation in a particular
transformed spaceby using an appropriate kernel function (16; 17).
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Appendix A.

Table 3: Labelled documert set sizesfor the selectedtopics. n is the size of the set
of examples,n™ and ni are the numbers of positive and negative examples, respectively.
n=n*"+ni.

Topic n n* ni Topic n n* ni
R101 | 1634 318 1316 R127 | 1164 48 1116
R102 | 866 204 662 R128| 1080 70 1010
R103 | 1355 82 1273 R129| 1373 71 1302
R104| 903 98 805 R130 974 19 955
R105 | 1267 157 1110 R131| 1219 87 1132
R106 | 1227 45 1182 R132| 1237 23 1214
R107 | 1509 48 1461 R133| 1103 29 1074
R108 | 1097 16 1081 R134| 1527 75 1452
R109| 814 77 737 R135| 1366 599 767
R110| 1498 59 1439 R136| 1306 94 1212
R111 | 1182 17 1165 R137| 1159 9 1150
R112 | 1221 24 1197 R138 926 46 880
R113 | 1453 100 1353 R139| 1003 17 986
R114 | 1048 77 971 R140| 1538 190 1348
R115| 1131 67 1064 R141| 1357 89 1268
R116 | 1211 96 1115 R142| 1194 27 1167
R117| 1114 56 1058 R143| 1175 30 1145
R118| 1007 20 987 R144| 1204 57 1147
R119| 1400 50 1350 R145| 1358 32 1326
R120 | 1465 174 1291 R146 | 1049 178 871
R121| 1411 95 1316 R147| 1373 39 1334
R122 | 1036 54 982 R148| 1333 327 1006
R123| 1152 24 1128 R149| 1430 75 1355
R124 | 1087 37 1050 R150| 1390 117 1273
R125| 1564 132 1432 avg |1233.2 101.2 1132
R126 | 1169 586 583 ¥, |195.19 122.36 206.82
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Appendix B.

Table 4: A comparative analysis of the results obtained from two di®eren procedures.
SVM-def is the linear SVM built using the default parameters provided by SV M b9t
aiSVM-Cb0.990 was obtained by adapting C, then b on SVM-def (using algorithms [1,2).

Topic SVM-def aiSVM-optC-b0.990
sensitivity speci city F1 | sensitivity specicity F1
R101 0.8 0.99 0.87 0.94 093 0.85
R102 0.53 0.98 0.67 0.49 0.98 0.63
R103 0.046 1 0.088 0.85 0.93 0.58
R104 0.44 0.99 0.58 0.62 0.97 0.67
R105 0.44 0.99 0.58 0.63 0.97 0.69
R106 0 1 0 0.73 0.86 0.27
R107 0 1 0 0.76 0.85 0.24
R108 0 1 0 0.77 094 0.27
R109 0.32 1 0.47 0.93 0.9 0.64
R110 0.061 1 0.12 0.77 0.87 0.32
R111 0 1 0 0.84 0.89 0.18
R112 0 1 0 0.74 0.95 0.34
R113 0.06 1 0.11 0.7 093 054
R114 0.0026 1 0.0052| 0.81 0.91 0.56
R115 0.22 1 0.36 0.85 0.92 0.56
R116 0.085 1 0.16 0.93 0.92 0.65
R117 0 1 0 0.62 0.89 0.33
R118 0 1 0 0.8 094 034
R119 0.02 1 0.039 0.69 0.9 0.31
R120 0.27 1 0.42 0.92 0.91 0.71
R121 0.019 1 0.037 0.69 0.96 0.6
R122 0.093 1 0.16 0.91 0.93 0.56
R123 0 1 0 0.79 094 034
R124 0 1 0 0.8 0.85 0.27
R125 0.032 1 0.061 0.59 0.96 0.59
R126 0.89 0.8 0.85 0.31 0.98 0.47
R127 0.17 1 0.27 0.71 096 0.54
R128 0.011 1 0.023 0.49 095 0.46
R129 0 1 0 0.8 089 041
R130 0 1 0 0.75 0.92 0.26
R131 0.39 1 0.56 0.89 093 0.64

cortinued on the next page
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Topic SVM-def aiSVM-optC-b0.990
sensitivity speci city F1 | sensitivity speci city F1
R132 0 1 0 0.81 0.89 0.21
R133 0 1 0 0.87 091 0.33
R134 0.19 1 0.32 0.67 0.94 0.49
R135 0.84 0.9 0.86 0.6 0.97 0.74
R136 0 1 0 0.72 0.8 0.33
R137 0 1 0 0.78 0.97 0.26
R138 0.013 1 0.026| 0.72 0.97 0.61
R139 0 1 0 0.86 094 0.34
R140 0.0095 1 0.018| 0.49 0.93 0.49
R141 0.088 1 0.16 0.95 0.91 0.58
R142 0 1 0 0.59 0.89 0.19
R143 0 1 0 0.74 093 0.34
R144 0.056 1 0.11 0.91 0.97 0.73
R145 0.062 1 0.12 0.84 0.9 0.28
R146 0.4 0.99 0.55 0.57 0.98 0.68
R147 0.046 1 0.088| 0.81 0.92 0.36
R148 0.67 0.97 0.77 0.76 0.97 0.81
R149 0 1 0 0.69 0.89 0.37
R150 0.07 1 0.13 0.65 0.94 0.56
avg 0.15 0.99 0.19 0.74 0.92 0.47
std 0.24 0.032 0.27 0.14 0.039 0.18
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