
On the Evaluation of Document Analysis Components
by Recall, Precision, and Accuracy

MarkusJunker
GermanResearchCenterfor

Artificial Intelligence(DFKI) GmbH
P.O. Box 2080,D-67608Kaiserslautern,Germany

markus.junker@dfki.de

RainerHoch
SAPAG, BasisSystems& Services

P.O. Box 1461,D-69190Walldorf, Germany
rainer.hoch@sap-ag.de

AndreasDengel
GermanResearchCenterfor Artificial Intelligence(DFKI) GmbH

P.O. Box 2080,D-67608Kaiserslautern,Germany
andreas.dengel@dfki.de

Abstract

In documentanalysis,it is commonto prove theuseful-
nessofa componentbyanexperimentalevaluation.Byapp-
lying therespectivealgorithmsto a testsample, someeffec-
tivenessmeasuressuch as recall, precision,and accuracy
are computed.Thegoal of such an evaluationis two-fold:
on the onehandit showsthat the absoluteeffectivenessof
thealgorithmis acceptablefor practical use. On theother
hand,theevaluationcanprovethat thealgorithmhasa bet-
ter or worseeffectivenessthan anotheralgorithm. In this
paperwearguethat theexperimentalevaluationonrelative
small testsets– as is verycommonin documentanalysis–
hasto betakenwith extremecare froma statisticalpoint of
view. In fact, it is surprisinghow weakstatementsderived
fromsuch evaluationsare.

1 Introduction

The task of documentanalysisis to transformprinted
documentsinto anequivalentelectronicrepresentation.Ty-
pical problemsof documentanalysissystemsare: image
processing,layoutsegmentation,structurerecognition,op-
tical characterrecognition(OCR),but alsotheselectiveex-
tractionof informationsuchasthetypeof document[3, 1].
An importantsubtaskof informationextractionthatis beco-
mingmoreandmoreimportantis documentcategorization,
for example.By documentcategorizationwe meantheau-
tomaticclassificationof documentsinto differenttypesal-
lowing workflow management,theautomaticroutingor ar-
chiving of documents,thesearchfor notesin onlineservice

systemsto solve customerrequests,andmany morepracti-
cal applications.A centralquestionis how to evaluatethe
effectivenessof suchcomplex documentanalysissystems
involving ratherdistinctcomponents.In documentcatego-
rization,e.g.,we areinterestedin statingsomethingabout
the performanceof a particularalgorithm. In addition,we
areinterestedin comparingdifferentdocumentcategoriza-
tion algorithmsby their effectiveness[8, 11, 6].

Theeffectivenessof text retrieval systemsis usuallygi-
venby thewell-knownIR standardmeasuresrecallandpre-
cision [10]. The recall of a text retrieval systemcan be
definedas the ratio of the numberof relevant documents
returnedto the total numberof relevant documentsfor the
userqueryin thecollection.Theprecisionis theratioof the
numberof relevantdocumentsreturnedto thetotalnumbers
of documentsfor a givenuserquery. In MachineLearning,
theaccuracy is a widespreadeffectivenessmeasureto eva-
luateaclassifier’sperformance[9]. It is definedastheratio
of thenumberof correctlyclassifieditemsto thetotalnum-
ber of items. The error rate,definedas

�����
accuracy� , is

alsoverycommonin machinelearning.

In this paper, we proposethat thestandardmeasuresre-
call, precision,andaccuracy/errorrateareadequatemeasu-
resto computetheeffectivenessof documentanalysiscom-
ponents.Table1 definesthesestandardmeasuresin thecon-
text of differentdocumentanalysiscomponents.Dueto the
simple relationbetweenerror rateandaccuracy, the error
rateis not listedin thetable.

It is importantto notethatthesemeasuresareall compu-
tedon a randomlychosentestset. Thus,they only provide
the effectivenessof somealgorithmson this particularset.
It is unclearwhetherthe measuredeffectivenesswill hold



character/word recognition

recall # (character/word x correctlyrecognized)
#( character/word x occurs)

precision # (character/word x correctlyrecognized)
#( character/word x recognized)

accuracy # (characters/wordscorrectlyrecognized)
# (all characters/words)

structure recognition

recall # (labelx correctlyassignedto somesegment)
# (segmentwith labelx occurs)

precision # (labelx correctlyassignedto somesegment)
# (segmentwith labelx recognized)

accuracy # (labelscorrectlyassigned)
# (total numberof labelassignments)

document categorization

recall # (documentcorrectlyassignedto category x)
# (documentsbelongingto category x)

precision # (documentcorrectlyassignedto category x)
# (documentsassignedto category x)

accuracy # (documentscorrectlycategorized)
# (documents)

information extraction

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

precision # (informationunitsof typex correctlyextracted)
# (informationunitsof typex recognized)

accuracy # (informationunitscorrectlyextracted)
# (informationunitsto extract)

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

for new documentsfrom the samedomain. In particular,
thereis somerisk thatthealgorithmwill performaswell on
new documents.This is a problemwhenwe would like to
guaranteefor the effectivenessof a particularalgorithmin
the application. Anotherproblemariseswhenwe want to
comparetheeffectivenessof two algorithms.Evenif algo-
rithm

�
outperformsalgorithm � on a testset,this maynot

beaclearindicationthat
�

is really betterthanalgorithm � .
A closerlook at theratiosgivenin Table1 helpsto gain

a statisticalaccessto theproblems.It revealsthatall ratios
computedtherehavetheform� �	��

�

occursin testset�� ���
occursin testset�

with
�

and
�

beingsomeevents.In documentcategori-
zation,e.g.,the recall is computedby dividing thenumber
of documentsthatareassignedto category � andbelongto
category � , by the numberof documentswhich belongto
category � .

Using the terminologyof events
�

and
�

, a more in-
terestingquestionis whetherin generalif

�
holds,

�
also

holds. This canbe expressedby the conditionalprobabi-
lity ����������� ����� � � . The ratio we computeon the testset
thenis the maximumlikelihoodestimatefor the unknown
probability:

�
��������� ����� � ��� � �	��

�
occursin testset�� ���

occursin testset�
In the following sections,we rely on this maximumli-

kelihoodestimateto analysetheeffectivenessof document
analysiscomponentsin moredetail.

2 Lower bounds for the effectiveness of a
component

In many practical applicationsa lower bound for the
component’s real effectivenessmustbe provided. Having
only small testsets,thereis a high risk that the real effec-
tivenessis muchsmallerthanthemaximumlikelihoodesti-
mate. This posesthe question,which minimal effectiven-
essof a classifiercanbe guaranteedby the evaluationon
thetestsetwith someerrorprobability. In statisticalterms
the problemcan be formulatedas follows: Given a ma-
ximum likelihoodestimate � for an unknown probability�
���!�"��� ���#� � � , how canwecomputeaconfidenceinterval
which contains� with a low errorprobability? Computing
the estimate � canbe seenasmaking $ timesa Bernoulli
experimentwith the unknown probability � . In this inter-
pretation,thevalue � denotesthenumberof successes(i.e.
thenumberof times

�
holds).

The literatureprovidesstandardtechniquesto compute
an interval % �'&)(  +* �'&-, � . , which contains� with an error
probability of / . In our case,we are interestedin inter-
valsof theform % � &0(  * �1. , i.e. we needa lowerbound� &0(  
for � . In the following we describean estimationof � &0(  
which is adaptedfrom [7].

Let 2 bea randomvariablewhichdescribesthenumber
of successesin $ experiments.The probability of having
exactly 3 or lessthan 3 successesis computedusing� as:

������� � 254637�8� 9: (<;>= ? $ @�A � ( �B�-� �'�  DC (
First,wesearchfor:� &0(  with ������� � 25EF� &0(  �G�H/
Thevalue � &0(  canbeapproximatedasfollows:�'&0(  �JILKM��ON �: (<;>= ? $ @ A � ( �B�-� �'�  DC ( 4�/)P (*)



We cannow show thefollowing equivalence(compare[7],
173pp): �QE�� &0(  SRUT �V4W� &0(  
Usingthis,we get�!����� ��X 4W�'&0(  �G��������� � 2YEZ�!&0(  �
with

X
beingarandomvariablefor therealprobability. For

anobserved � , thevalueof � &0(  canbecomputedapproxi-
matelyusingformula(*).

Figure 1 shows the value of � &0(  basedon the maxi-
mumlikelihoodestimate� for differentsizes$ andtheer-
ror probability /[4�\7] \_^ , Usingthefigure it is easyto find
the lower bound� &0(  basedon anestimate � . If, e.g.,the
maximumlikelihoodestimatefor � is \7]`^ with $��a��\ , the
real valueof � is biggerthan \7] b with an error probability
of /c�5\�] \M^ . If the maximumlikelihoodestimateis

� ] \
with $V�d��\ wecanguaranteea lowerboundof thecompo-
nent’s effectivenessof just \7] egf with /��h\7] \_^ . The same
estimate

� ] \ with $i� � \g\ increasesthe lower boundto\7] jMk . Theexamplesillustratethatfor smallersizesof $ the
lowerboundis quiteabit lower thantheestimate.

3 Comparing components

Wenow turnto theproblemof comparingtwo classifiers
by their maximumlikelihoodestimateson a testset. The
interestingquestionhereis whethera measureddifference
in the estimates��l l and �nm m for �po and �'q is significantor
not. The probability of succeedingexactly �+o timesin $ro
experimentsand � q timesin another$ q experimentscanbe
computedusingtheunknown probabilities� o and� q :
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Figure 1. Lower bound for � based on estimate� (error probability /�4 5%)

? $ro�+o A ? $>q�!q A � ��lo ����� � o �  l C � l � �nmq �B�-� � q �  m C � m
If thehypothesis�+o-���'q holdsthiscanbesimplifiedto:� � �+o * �!q"�8� ? $ro� o A ? $>q� q A � � l{� � m �B�-� �'�  l{�  m Cr� � lB� � m��
Given � oG� � q ��� , theconditionalcommonprobabilityof� o and � q doesnot dependon � . It canbecomputedusing
therandomvariable � introducedby � :� � �po * �'q � �"�8� � � �po * �!qn��!����� � �����n� * � �+o � �!q����"�
Since� is normallydistributedwith theparameters$ o�� $ q
and� underthehypothesis�S��� o ��� q we get������� � �[�J�"�G� ? $ o8� $ q� A �'� ����� �'�  l �  m C �
with � � �+o * �'q � �"�8� �  l��l�¡ �  m�nm¢¡�  l��  m� ¡ * � �+o � �!q��d�"�
And since� q �d� � � o holds:£ � �+o � �"�8� �  l� l ¡ �  m� C � l ¡�  lB�  m� ¡ * �+o¤�6\ * � * ]¥]¥] * I @ $ � $ro * �"�

Using the above formula we cancomputea confidence
interval % �+o§¦ &0(  +* ]¥]¥] * �po¢¦ &-, � . whichcontains�po with aner-
ror probability of / in the caseof �+oH�Y�'q . The inter-
val boundingsshould satisfy the conditions ������� � 2¨ohE�!&0(  �)4c© q and�!����� � 2So�ªZ�!&-, � �-4«© q

�+o§¦ &0(  �HI¬KM�9 N 9: (<;p= £ � @ � �n�)4 / � P (1)

�po¢¦ &-, � �JI¬K_�9 N �:(<; � C 9 £ � @ � �"�)4 / � P (2)

If we observe that �+o is outsidethe computedinterval% �po¢¦ &0(  p* ]­]¥] * �+o§¦ &-, � . , thehypothesis�po��F�!q will berejec-
tedwith errorprobability / .

Thederivedsignificancetestcanbeappliedto theinitial
problemin thefollowing way. Using �®�¯� o�� � q andour
chosenerrorprobability / , � o§¦ &0(  and � o¢¦ &-, � canbecom-
putedby theformulas(1) and(2). Themeasureddifference
is significant,if �+o°4��po¢¦ &0(  or �+o�±��+o§¦ &0, � holds(respec-
tively � l 4 ��l³² ´>µ<¶ or � l ± ��l³² ´¸·º¹ � .



Figure2 shows theminimal increasein themaximumli-
kelihoodestimatesrequiredfor differentvalues$��c$ro®�$ q and /»�¼\�] \M^ . By the choiceof $ o and $ q we can
only getcertaindiscretevaluesfor themaximumlikelihood
estimates.For easierreadabilitywe did not mark theseva-
lues for $½± � \g\ . Using Figure2 we canstatethat with$ o ��$ q ��^�\ anincreasein themaximumlikelihoodesti-
matefrom \7]`^ to \7]¾k for theeffectivenessof acomponentis
not significantwith /W�¯\7] \_^ . On theotherhand,anincre-
aseby thesameamountfrom \�] e to

� ] \ is significantwith/[�h\�] \M^ . With an estimateof \7] j evenan increaseto the
maximumvalueof

� ] \ is not significantanymore(at least
with /¬�J\7] \_^ ).

Sincein thecaseof precision$ro¿�À$>q doesnot hold in
general,thesignificanceof an increasein precisioncannot
directly be derived from Figure2. A pessimisticdecision
canbe madeby choosing$J�hI @ $�Án$ o * $ q�Â , asthe follo-
wing exampleillustrates:Let usassumewe measurea pre-
cisionof \�] e for acomponentwith $ o �J^g\ andaprecision
of
� ] \ for anothercomponentwith $ q � � \_\ . UsingFigure

2 ( /W�¯\7] \_^ ) we canseethat for $Ã��I @ $�Á"^g\ * � \g\ Â �À^�\ ,
alreadyan increasefrom \7] e by \�] � f is significant. Using
the exact values$ro and $>q it turnsout that an increaseby\7] � � is sufficient for significance.

The figures and the examplesillustrate the caveat of
componentcomparisonsbasedon recall,precision,andac-
curacy. For small sizesof $ro and $>q theremustbea quite
strongdifferencein the estimatesto prove a differencein
thecomponents.
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Figure 2. Minimal increase in maxim um like-
lihood estimates needed for significance (er-
ror probability /L��^ %)

4 Conclusion

In this paperwe have demonstratedthestatisticalback-
groundof evaluatingdocumentanalysiscomponentsontest
sets.Relyingon thefactthatrecall,precision,andaccuracy
are maximumlikelihoodestimatesof unknown probabili-
ties,we have analysedtwo centralgoalspursuedin experi-
mentalevaluations:é to provideaguaranteedlowerboundfor therealeffec-

tivenessof acomponentandé to comparetwo componentsbasedon a testset.

Certainly the statisticalanalysispresentedhereis not a
contributionfrom themathematicalperspective. In contrast,
the typeof analysispresentedhereoriginatesfrom the de-
signof medicalandpsychologicalexperimentsandis much
older thandocumentanalysisitself [4, 2, 5]. Nevertheless,
researchersin documentanalysisoften only have a rough
impressionof how their smalltestsetsinfluencetheexperi-
mentalevaluation.Ourdiagrammsillustratehow indicative
experimentalresultsin documentanalysisreally are.
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