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Abstract

In documentnalysis,it is commorto prove the useful-
nessofacomponenbyanexperimentakvaluation.Byapp-
lying the respectivalgorithmsto a testsample someeffec-
tivenesameasues sud as recall, precision,and accuracy
are computed.Thegoal of sud an evaluationis two-fold:
on the onehandit showsthat the absoluteeffectivenessf
thealgorithmis acceptabldor practical use Onthe other
hand,theevaluationcanprovethatthealgorithmhasa bet-
ter or worse effectivenesshan anotheralgorithm. In this
paperwearguethattheexperimentakvaluationonrelative
smalltestsets— asis verycommonn documentnalysis—
hasto betakenwith extremecare froma statisticalpoint of
view. In fact, it is surprisinghow weakstatementslerived
fromsud evaluationsare.

1 Introduction

The task of documentanalysisis to transformprinted
documentsnto anequialentelectronicrepresentationTy-
pical problemsof documentanalysissystemsare: image
processinglayout sggmentation structurerecognition,op-
tical characterecognition(OCR),but alsothe selectie ex-
tractionof informationsuchasthetypeof document{3, 1].
An importantsubtaslof informationextractionthatis beco-
ming moreandmoreimportantis documentategorization,
for example. By documentategorizationwe meanthe au-
tomatic classificationof documentsnto differenttypesal-
lowing workflow managementhe automaticroutingor ar
chiving of documentsthesearcHor notesin onlineservice

systemdo solve customerequestsandmary morepracti-

cal applications.A centralquestionis how to evaluatethe

effectivenessof suchcomplex documentanalysissystems
involving ratherdistinctcomponentsin documentateyo-

rization, e.g.,we areinterestedn statingsomethingabout
the performanceof a particularalgorithm. In addition,we

areinterestedn comparingdifferentdocumentategoriza-

tion algorithmsby their effectivenesg8, 11, 6].

The effectivenessof text retrieval systemss usuallygi-
venby thewell-known IR standaraneasuresecallandpre-
cision [10]. The recall of a text retrieval systemcan be
definedas the ratio of the numberof relevant documents
returnedto the total numberof relevantdocumentdor the
userqueryin thecollection. Theprecisionis theratio of the
numberof relevantdocumentseturnedo thetotal numbers
of documentdor agivenuserquery In MachineLearning,
the accuracyis a widespreadeffectivenessneasurdo eva-
luatea classifiers performancg9]. It is definedastheratio
of thenumberof correctlyclassifiedtemsto thetotal num-
ber of items. The errorrate,definedas (1 — accumcy), is
alsovery commonin machindearning.

In this paper we proposethatthe standardneasurese-
call, precision,andaccurag/errorrateareadequateneasu-
resto computethe effectivenesof documentnalysiscom-
ponentsTablel defineghesestandardneasurem thecon-
text of differentdocumentnalysiscomponentsDueto the
simplerelation betweenerror rate and accuray, the error
rateis notlistedin thetable.

It is importantto notethatthesemeasureareall compu-
tedon arandomlychosentestset. Thus,they only provide
the effectivenessof somealgorithmson this particularset.
It is unclearwhetherthe measureckffectivenesswill hold



character/word recognition

# (character/ard x correctlyrecognized

recall #( characteriard x occurs)

# (character/ard x correctlyrecognized

precision #( character/wrd x recognized)

# (characters/ards correctlyrecognized)

accuracy # (all characters/ards)

structure recognition

recall # (labelx correctlyassignedo someseggment)
# (segmentwith Tabelx occurs)

# (labelx correctlyassignedo someseggment)

precision # (segmentwith labelx recognized)

# (labelscorrectlyassigned)
# (totalnumberof labelassignmenty

accuracy

document categorization

recall # (documentorrectlyassignedo category x)
# (documentdelongingto cateory x)

# (documentorrectlyassignedo category x)

precision # (documentassignedo category x)

# (documentsorrectlycateyorized)
# (documents)

accuracy

information extraction

recall # (informationof typex correctlyextracted)
# (informationof typex occurs)

# (informationunits of type x correctlyextracted)

precison # (informationunits of typex recognized)

# (informationunits correctlyextracted)
# (informationunitsto extract)

accuracy

Table 1. Recall, precision, and accuracy with
respect to some document analysis com-
ponents

for new documentdrom the samedomain. In particulay
thereis somerisk thatthealgorithmwill performaswell on
new documents.This is a problemwhenwe would like to
guarantedor the effectivenesof a particularalgorithmin
the application. Another problemariseswhenwe want to
comparehe effectivenesof two algorithms.Evenif algo-
rithm 1 outperformsalgorithm2 on a testset,this may not
beaclearindicationthat1 is really betterthanalgorithm2.

A closerlook attheratiosgivenin Tablel helpsto gain
a statisticalaccesgo the problems.It revealsthatall ratios
computedherehave theform

#(A N B occursin testse)
#(B occursin testsel

with A and B beingsomeevents.In documentateori-
zation,e.g.,therecallis computedby dividing the number
of documentghatareassignedo categjory « andbelongto
catgyory z, by the numberof documentswvhich belongto
category .

Using the terminologyof events A and B, a morein-
terestingquestionis whetherin generalif B holds, A also
holds. This canbe expresseddy the conditional probabi-
lity p = prob(A|B). Theratio we computeon the testset
thenis the maximumlik elihood estimatefor the unknowvn
probability:

#(A N B occursin testset)

p = prob(A|B) #(B occursin testsel

In the following sectionswe rely on this maximumli-
kelihoodestimateto analysethe effectivenesof document
analysiscomponentsn moredetail.

2 Lower bounds for the effectiveness of a
component

In mary practical applicationsa lower bound for the
componens real effectivenessmust be provided. Having
only smalltestsets,thereis a high risk thatthe real effec-
tivenesss muchsmallerthanthe maximumlik elihoodesti-
mate. This posesthe question,which minimal effectiven-
essof a classifiercanbe guaranteedy the evaluationon
the testsetwith someerror probability. In statisticalterms
the problem can be formulatedas follows: Given a ma-
ximum likelihood estimateZ for an unknowvn probability
p = prob(A|B), how canwe computea confidencenterval
which containsp with a low error probability? Computing
the estimate] canbe seenas makingn timesa Bernoulli
experimentwith the unknawvn probability p. In this inter-
pretation the valuexz denoteghe numberof successe§.e.
thenumberof times A holds).

The literature provides standardechniquedo compute
an intenal [pmin, Pmaz), Which containsp with an error
probability of . In our case,we are interestedin inter
valsof theform [pyin, 1], i.€. we needalower boundp,,in,
for p. In the following we describean estimationof p,,;x.
whichis adaptedrom [7].

Let X bearandomvariablewhich describeshe number
of successed n experiments. The probability of having
exactly k or lessthank successeis computedisingp as:

k

prob(X <k) = (Z)p"u -p)"

i=0
First, we searcHor:
Tmin With prob(X < ;i) =7

Thevaluez,,;, canbeapproximatedsfollows:

Tmin = MAz {é (?)p"(l -p)" ' < 7} ()



We cannow shaw the following equivalence(comparg7],
173pp):

T < Tmin <= D S Pmin
Usingthis, we get

prob(P < pmin) = pTOb(X < mmin)

with P beingarandomvariablefor thereal probability. For
anobsenedz, thevalueof p,,;,, canbecomputedapproxi-
matelyusingformula (*).

Figure 1 shaws the value of p,,;, basedon the maxi-
mumlikelihoodestimate” for differentsizesn andtheer
ror probabilityy < 0.05, Usingthefigureit is easyto find
the lower boundp,;, basedon anestimate?. If, e.g.,the
maximumlik elihoodestimatefor p is 0.5 with n = 20, the
realvalueof p is biggerthan0.3 with an error probability
of v = 0.05. If the maximumlikelihood estimateis 1.0
with n = 20 we canguarantealowerboundof thecompo-
nents effectivenesof just 0.86 with v = 0.05. The same
estimatel.0 with n = 100 increaseshe lower boundto
0.97. Theexamplesillustratethatfor smallersizesof n the
lower boundis quite a bit lowerthantheestimate.

3 Comparing components

We now turnto the problemof comparingwo classifiers
by their maximumlikelihood estimateson a testset. The
interestingquestionhereis whethera measuredlifference
in the esumates’”— and 22 for py andp, is significantor
not. The probablllty of succeedingxactly z; timesin n;
experimentsandz, timesin anothem, experimentanbe
computedusingthe unknowvn probabilitiesp; andp,:
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Figure 1. Lower bound for p based on estimate
= (error probability ~ < 5%)
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If thehypothesig, = p, holdsthis canbe simplifiedto:

n e
f(a:1,:c2) = ( 1) ( 2)pz1+zz(1 _p)n1+n2—(z1+$2)

T T2

Givenz, + z2 = s, theconditionalcommonprobability of
x1 andz, doesnotdependon p. It canbe computedusing
therandomvariableS introducedby s:

f(@1,22)

prop(s =)’ (1 T 7=

g(z1,72[8) =
SincesS is normallydistributedwith the parameters; + no
andp underthe hypothesip = p; = p, we get

ny + no
S

prob(S = s) = ( >p5(1 — pyritnz=s

with

_ GG
g( 1, 2| )_ (n1+n2)’

8

(1 + 2 = 8)

And sincezy = s — z; holds:

() (7%,)

h(.’L']_lS) = (n1+n2) » L1

S

=0,1,...,min(n,s)

Using the above formula we can computea confidence
interval [21,min, - - - , £1,mqz) Which containsz; with aner-
ror probability of 4 in the caseof p; = p2. Theinter
val boundingsshould satisfy the conditions prob(X; <
xmz’n) < % andeOb(Xl > xmaw) < %

k
T1,min = MAT {Z h(i|s) < %} (1)

i=0

T1,maz = maa: { Z h(i } (2)

i=s—k

If we obsene that z; is outsidethe computedinterval
[1,min, - - - » £1,maz), the hypothesip; = p, will berejec-
tedwith errorprobability~y.

Thederivedsignificancaestcanbeappliedto theinitial
problemin thefollowing way. Usings = x; + z» andour
chosererrorprobabilityy, £1,min aNdz1,mq, canbecoms-
putedby theformulas(1) and(2). Themeasuredifference
is significant,if z1 < 21 min OF 1 > 1, mqe holds(respec-
tively & < flmin or 2L > Zlmes )



Figure2 shovs theminimalincreasan the maximumli-
kelihoodestimatesequiredfor differentvaluesn = n; =
ne and~vy = 0.05. By the choiceof n; andn, we can
only getcertaindiscretevaluesfor themaximumlik elihood
estimatesFor easiemreadabilitywe did not marktheseva-
luesfor n > 100. Using Figure 2 we can statethat with
n1 = ny = 50 anincreaséan the maximumlik elihoodesti-
matefrom 0.5 to 0.7 for theeffectivenesof acomponents
notsignificantwith v = 0.05. On the otherhand,anincre-
aseby the sameamountfrom 0.8 to 1.0 is significantwith
~v = 0.05. With anestimateof 0.9 evenanincreaseo the
maximumvalue of 1.0 is not significantarymore (at least
with v = 0.05).

Sincein the caseof precisionn; = ns doesnotholdin
generalthe significanceof anincreasdn precisioncannot
directly be derived from Figure2. A pessimisticdecision
canbe madeby choosingn = min{n,n»}, asthe follo-
wing exampleillustrates:Let usassumeave measurea pre-
cisionof 0.8 for acomponentvith n; = 50 anda precision
of 1.0 for anothercomponentvith n, = 100. UsingFigure
2 (v = 0.05) we canseethatfor n = min{50,100} = 50,
alreadyan increaserom 0.8 by 0.16 is significant. Using
the exactvaluesn; andns it turnsout thatanincreaseby
0.12 is sufficient for significance.

The figures and the examplesillustrate the caveat of
componentomparisondasedon recall, precision,andac-
curag. For smallsizesof n; andns theremustbe a quite
strongdifferencein the estimatedo prove a differencein
thecomponents.
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Figure 2. Minimal increase in maximum like-
lihood estimates needed for significance (er-
ror probability v = 5%)

4 Conclusion

In this paperwe have demonstratethe statisticalback-
groundof evaluatingdocumentinalysiscomponent®ntest
sets.Relyingonthefactthatrecall, precisionandaccurag
are maximumlik elihood estimatesof unknowvn probabili-
ties, we have analysedwo centralgoalspursuedn experi-
mentalevaluations:

e to provide aguaranteetbwer boundfor therealeffec-
tivenesof acomponenand

e to compargwo componentbasedon atestset.

Certainly the statisticalanalysispresentedereis not a
contributionfrom themathematicaperspectie. In contrast,
the type of analysispresentedhereoriginatesfrom the de-
signof medicalandpsychologicakxperimentsandis much
olderthandocumentanalysisitself [4, 2, 5]. Nevertheless,
researcherin documentanalysisoften only have a rough
impressiorof how their smalltestsetsinfluencethe experi-
mentalevaluation.Our diagrammsllustratehow indicative
experimentakesultsin documentnalysisreally are.
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