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Abstract. Over the last decade there has been increasing conc@n THE BINARY CASE

about the biases embodied in traditional evaluation methads fo ) ) )

Natural Language Processing/Learning, particularly methodisiS common to introduce the various measures in the doofex

borrowed from Information Retrieval. Without knowledgetbé dichotomous binary classification problem, where the labeldyar

Bias and Prevalence of the contingency being tested, oradepily convention + and - and the predictions of a classifier are

the expectation due to chance, the simple conditional probeilitisummarized in a four cell contingency table. This contingeatuigt

Recall, Precision and Accuracy are not meaningful as di@ua may be expressed using raw counts of the number of tinobs ea

measures, either individually or in combinations such @&fof.  predicted label is associated with each real classmay be
The existence of blqs in NLP measures leads to the_szBmgnt expressed in relative terms. Cell and margin labelg be formal

of systems by increasing their bias, such as the pratticgroving probability expressions, may derive cell expressions frargim

tagging and parsing scores by using most common valuengsy. . :
is always a Noun) rather than the attempting to disciheecorrect labels or vice-versa, may use alphabetic constant laftetsd

one. The measures Cohen Kappa and Powers Informedness %#B,C,D , or may use acronyms for the generic terms for True

discussed as unbiased alternative to Recall and Precisioelaredi and False, Real and Predicted Positives and Negatii#BPER

to the psychologically significant measure DeltaP orkddness. CASE typewriter font is used where the values are counts, and
In this paper we will analyze both biased and unbiaseduresas lower case = where the values are probabilities or proportions

theoretically, characterizing the precise relationshipvéen all  relative toN or the marginal probabilities; in addition will use Mike

these measures as well as evaluating the evaluation ®®as@ase text font for popular nomenclature that may or may no

themselves empirically using a Monte Carlo simulation. correspond directly to one of our formal systematic naffree and
False PositivesTP/FP) refer to the number of Predicted Positives
1 INTRODUCTION that were correct/incorrect, and similarly for True aRdlse

. ) Negatives TN/FN), and these four cells sumfXoOn the other hand
A common but poorly motivated way of evaluating results Ofp,fp,fn,tn andrp,m  andpp,pn  refer to the joint and

Language and Learning experiments is using Recall, Pre@8ion . qina| probabilities, and the four contingency cells ardhtfo

F-fagtor. These measures are named for their origindmmra‘tion pairs of marginal probabilities each sum to 1. We wikeélt other
Retrieval and present specific biases, namely that t9Bgré ., |ar names to some of these probabilities in due course.

performance in corr.ectly hqndling negative examples, theYne thus make the specific assumptions that we are prediciihg a
propagate the underlying marginal Prevalences and Biasethieand assessing a single condition that is either positive oativeg

faill to take accqunt the Chqnce level pen.‘orlmance. In t!adid)dl (dichotomous), that we have one predicting model, and ome gol
Sciences, Receiver Operating Characteristics (ROCysisahas  ¢qngarg labelling. Unless otherwise noted we will aflep

been borrowed from Signal Processing to become a standard dfyjicity assume that the contingency is non-triviahiagense that
evaluation and standard setting, comparing True Posithe&®at i, hogitive and negative states of both predicted and real
Falsg .P.03|t|ve Rate. In the Behavioural Suenpes, Bpcand o gitions occur, so that no marginal sums or probabititiezero.
Sensitivity, are commonly used. Alternate techniques, smﬂagd _ We illustrate in Table 1 the general form of a binagtngency
Accuracy, have some advantages but are nonetheless asithdbi (1, using both the traditional alphabetic notation aaddtrectly

measures unless explicitly debiased. We will recapitdatee of interpretable systematic approach. Both definitions andatamns

the IiFeraFure relating to the problemslwith these measais ngl aS i this paper are made relative to these labellings, udth&nglish
considering a number of other techniques that have been inttbdug, g (e.g. from Information Retrieval) will also igroduced for

and argued within each of these fields, aiming/claimingddress \iqys ratios and probabilities. The positive diagoegresents

the problems with th.ese simplistic measures. _correct predictions, and the negative diagonal incorredtigiions.

This paper examines t.he. relat!onshlps between these ValG4is predictions of the contingency table may be the prediatioas
measures, develops new insights into the problem ofuriagshe theory or grammar, of some computational rule or sygtem an
effectiveness of an empirical decision system or gensfic Expert System or a Neural Network or a POS Taggermay
experiment, analyzing and introducing new probabilistic angimply be a direct measurement, a calculated mefri@ katent
information theoretic measures that overcome the probleiths . jition symptom or marker. We will refer genericably"the
Recall, Precision and their derivatives. model" as the source of the predicted labels, and "the pimptilar
"the world" as the source of the real conditions. We adeegsted in
understanding to what extent the model "informs" predictibosita
1 AlLab, CSEM, Flinders University of South Australia, Fhe world/population, and the world/population "marks" conditions
email:David.Powers@flinders.edu.au in the model.




Table 1. Systematic and traditional notations in a contirgyetable.

+R -R +R -R
+P tp fp pp +P A B |A+B
-P fn tn pn -Pp C D C+D
p m 1 A+C B+D N

2.1 Recall & Precision, Sensitivity & Specificity

Recall or Sensitivity (as it is called in Psychology)his proportion
of Real Positive cases that are correctly Predictesiti?e. This
measures the Coverage of the Real Positive casethebyP
(Predicted Positive) rule. Its desirable featuréna it reflects how
many of the relevant cases thP rule picks up. It tends not to be
very highly valued in Information Retrieval (on the assunmstithat

there are many relevant documents, that it doesn't realiierma
which subset we find, that we cant know anything about the

relevance of documents that aren't returned). Recall tente
neglected or averaged away in Machine Learning a
Computational Linguistics (where the focus is on how confident
can be in the rule or classifier). However, in a Compornat
Linguistics/Machine Translation context Recall has beewstto
have a major weight in predicting the success of Worghitient [1].
In a Medical context Recall is moreover regarded as pyiraa the
aim is to identify all Real Positive cases, and #l$® one of the legs
on which ROC analysis stands. In this context it is refkio as True

Positive Ratetpr ). Recall is defined, with its various common

appellations, by equation (1):

Recall Sensitivity= tpr = tp/rp

= TP /RP= A /(A+C) (1)
Conversely, Precision or Confidence (as it is calldddta Mining)
denotes the proportion of Predicted Positive cases thabaextly
Real Positives. This is what Machine Learning, Data Mirang
Information Retrieval focus on, but it is totally igndren ROC

W

content corresponds to the Arithmetic Mean of the Informatio
represented by Recall and Precision.

In fact, there is in principle nothing special about the Resiase,
and we can define Inverse statistics in terms of thedevproblem
in which we interchange positive and negative and are predihtng
opposite case. Inverse Recall or Specificity is thuptbportion of
Real Negative cases that are correctly PredictedtNed®), and is
also known as the True Negative Rate (). Conversely, Inverse
Precision is the proportion of Predicted Negative cales dre
indeed Real Negatives (4), and can also be called TrgatiMe
Accuracy {na ):

Inverse Recall =tnr =tn/r
=TN/RN = D/(B+D) ()
Inverse Precision  =tna =tn/pn
=TN/PN  =D/(C+D) (4)

Rand Accuracy explicitly takes into account the clasgiboaof
negatives, and is expressible (5) both as a weighted avefage

n%recision and Inverse Precision and as a weighted avefrRgeall

and Inverse Recall. Conversely, the Jaccard or Tanimuoitasty
coefficient explicitly ignores correctly classificatindgatives (TN):

Accuracy =tea =ter = tp+tn

= rp*tpr+rn*tnr

= pp*tpa+pn*tna= (A+D)/N (5)
Jaccard = tp/(tp+n+fp) = TP/(N-TN)

= A/(A+B+C) = A/(N-D) (6)

Each of the above also has a complementary form definieger
rate, of which some have specific names and importaatleuEor
False Positive Ratdpf ) are the proportion of Real Negatives that
occur as Predicted Positive (ring-ins); Miss Rate osd-alegative
Rate {nr ) are the proportion of Real Positives that are Predic
Negatives (false-drops). False Positive Rate is tbenskof the legs
on which ROC analysis is based.

analysis. It can however analogously be called True ResitiFallout = fpr = fp/rp

Accuracy {pa ), being a measure of accuracy of Predicted Positives =FP/RP  =B/(B+D) (7
in contrast with the rate of discovery of Real Positivedliss Rate  =fnr =fn/r

(tpr ). Precision is defined in (2): =FN/RN = C/(A+C) (8)

Precision Confidence = tpa = tp/pp

= TP/PP = A/(A+B)

Note that FN and FP are sometimes referred to as Tapa Type

(2) Il Errors, and the ratéa andfp as alpha and beta, respectively —
referring to falsely rejecting or accepting a hypothedidore
These two measures and their combinations focus only on ttarectly, these terms apply specifically to the rietel problem of
positive examples and predictions, although between theyn thehether the precise pattern of counts (not rates) indghéngency
capture some information about the rates and kinds of errdeble fit the null hypothesis of random distribution rattiesn

made. However, neither of them captures any informattmut
how well the model handles negative cases. Recalbsetaly to
the+R column and Precision only to thd® row. Neither of these
takes into account the number of True Negatives. Thisagdplies
to their Arithmetic, Geometric and Harmonic Means: @, and
F=G2/A (the F-factor or F-measure). Note that the Bsuee
effectively references the True Positives to thehinetic Mean of
Predicted Positives and Real Positives, being a cotetruate
normalized to an idealized value. The Geometric Mean célRand
Precision (G-measure) effectively normalizes TP toGeemetric
Mean of Predicted Positives and Real Positives, andftrmation

reflecting the effect of some alternative hypothesis ¢vis not in
general the one represented by eitvPr> +Ror=P-> =R or
both).

2.2 Prevaence, Bias, Cost & Skew

We now turn our attention to various forms of bias thatadefrom
the utility of all of the above surface measures [2].WMIEfirst note
thatrp represents the Prevalence of positive caRB¢N, and is
assumed to be a property of the population of interest —yithma
constant, or it may vary across subpopulations, but isdeddrere
as not being under the control of the experimenter. Byasip



tpr

fpr g

Figure 1. lllustration of ROC Analysis. The main diagonal

represents chance with parallel isocost lines ssting equal
cost-performance. Points above the diagonal rept@ssformance

better than chance, those below worse than chance.

represents the (label) Bias of the model [3], the tendefdpe
model to output positive label®P/N, and is directly under the

multiplied to produce a single skew-like cost factor ¢ Cs.
Formulations of measures that are expressed using tpané
may be made cost-sensitive by uso¥g ,Cs in place ofc=c ,
or can be made skew/cost-insensitive by usirdl  [5].

2.3 ROC and PN Analyses

Flach [5] has highlighted the utility of ROC analysistte Machine
Learning community, and characterized the skew sensitivity of
many measures in that context, utilizing the ROC formagive
geometric insights into the nature of the measures and the
sensitivity to skew. ROC analysis plots the tpte against the rate
fpr . A perfect classifier will score in the top left haadrner
(fpr=0,tpr=100% ). A worst case classifier will score in the
bottom right hand cornerfgr=100%,tpr=0 ). A random
classifier would be expected to score somewhere alongositve
diagonal {pr=fpr ) since the model will throw up positive and
negative examples at the same rate (relative to populatizese are
Recall-like scalegpr = Recall,1-fpr = Inverse Recall).

The ROC plot (Fig. 1) allows us to compare classfignodels
and/or parameterizations) and choose the one that istdlog8sl)
and furtherest frontpr=fpr  in some sense. These conditions for
choosing the optimal parameterization or model are notigdént
The most common condition is to minimize the area undesuthve
(AUC), which for a single parameterization of a modelééned by
a single point and the segments connecting it to (0,0) abd (A,

control of the experimenter, who can change the model by ictgangparticular cost model and/or accuracy measure definesoanst

the theory or algorithm, or some parameter or threstmloktter fit
the world/population being modelled. Note that F-factteogively

gradient, which for a skew and cost insensitive modélbgit=1,
and hence another common approach is to choose a tangernirpoi

referencedp (probability or proportion of True Positives) to thethe highest isocost line that touches the curve. The sitopliition

Arithmetic Mean of Bias and Prevalence. A common rul&amb,
or even a characteristic of some algorithms, is torpeferize a
model so that PrevaleneeBias, viz.rp = pp . Corollaries of this
setting are Recalt Precision£ A=G=F) , Inverse Recall
Inverse Precision and Fallout = Miss Rate.

Alternate characterizations of Prevalence are in teffxdds[4]
or Skew [5], being the Class Ratig = rn/rp  , recalling that by
definitionrp+rn=1  andRN+RP=N. If the distribution is highly
skewed, typically there are many more negative caseptisiive,
this means the number of errors due to poor Inverse Reitidtie
much greater than the number of errors due to poor Recadn Bie
cost of both False Positives and False Negatives gisale
individually, the overall component of the total cost dud-aise
Positives (as Negatives) will be much greater at agnifstant level

of chance performance, due to the higher Prevalence of RE3 form tpr-for

Negatives.
Note that the normalized binary contingency table with unpdci
margins has three degrees of freedo

non-Redundant ratios determines the rest (setting any couriesupp?

the remaining information to recover the original tablecafints
with its four degrees of freedom). In particular, Rechiverse
Recall and Prevalence, or equivalently tpr, fpr agdsuffice to

of choosing the point on the curve nearest the optimum poi)ti§0
not commonly used, but this distance to (0,1) is given by
J[(- fpr) 2+ (1-tpr) %], and minimizing this amounts to
minimizing the sum of squared normalized erfpr, 2+fnr 2. The
area under the simple trapezoid defined by the model is:

AUC = (tpr-fpr+1)/2
= (tpr+tnr)/2
=1 — (fpr+fnr)/2 9
For the cost and skew insensitive case, with, maximizing
AUC is thus equivalent to maximizinigr-fpr or minimizing a
sum of (absolute) normalized errfpr+fnr . The chance line
corresponds ttpr-fpr =0, and parallel isocost lines forl have
=k. The highest isocost line also maximizes

and AUC so that these two approaches are equivalent.
2

tpr-fpr
Minimizing a sum of squared normalized errdpr 2+fnr

m — setting any thisRtresponds to a Euclidean distance minimization heuristidgha

quivalent only under appropriate constraints, fagsfnr , or
equivalently, Bias=Prevalence, noting that all cellsnarenegative
by construction.

Another ROC measure studied by Flach [5] is Weighted iRelat

determine all ratios and measures derivable from the fieeda Accuracy, defined to subtract off the component of the Pasitive

contingency table, bt is also required to determine significance SC0re that is attributable to chance and rescale to ahger

As another case of specific interest, Precision, levBrecision and *1- Maximizing WRacc is equivalent to maximizing AUC or

Bias, in combination, suffice to determine all ratiosrarasures. tpr-fpr = 2:AUC-1, givenc is constant. Thus WRAcc is an
We can also take into account a differential valugémitives ¢p) unbiased accuracy measure, and the skew-insensitive form of

and negativesch) — this can be applied to errors as a cost (loss $YRACC, withc=1, istpr-fpr

debit) and/or to correct cases as a gain (profit a@iggrend can be

combined into a single Cost Ratip=cn/cp . Note that the value

and skew determined costs have similar effects, and beay



2.4 DdtaP, Informedness and M ar kedness [7], in the context of experiments on information use in sidlab
processing, note that [6] identifies DeltaP as the normatigasure

bias of Recall, Precision and Accuracy due to populatioraR of contingency, but propose a complementary, backward, atfditio
' measure of  strength of  association, DeltaP' aka

and label bias. The Bookmaker algorithm costs wins anéddss
. . formedness. Perruchet and Peeremant also note they afalo
the same way a fair bookmaker would set prices based on the

odds. Powers then defines the concept of Informedness wh ﬁltaP to regression Cpeﬁ|C|ent, and that the Gedaklean of.the
represents the 'edge’ a punter has in making his beidaseed and Wo measures Is a d|ch0t(?mous form of the If’e.:arsor?lmlre
quantified by his winnings. Fair pricing based on correct ochs;oemC'e.nt’ the Matthews Qorrelatlon Coe.fﬂmen.t,hlmh IS
should be zero sum — that is, guessing will leave you withintpth approprlate “r?'ess a continuous scalg IS beln.g . measured
the long run, whilst a punter with certain knowledge wilivery dichotomously in which case a Tetrachoric Correlationmesé

time. Informedness is the probability that a punter is makimg would be appropriate [8].

informed bet and is explained in terms of the proporticheftime . . .

the edge works out versus ends up being pure guesswork. Power Causality, Correlation and Regression

defined ‘Bookmaker Informedness’ for the genekalabel, case, In a linear regression of two variables, we seek &dipt one

but we do not have space here to deal with the generaloadse variable,y, as a linear combination of the other, x, finding a tife
present a simplified dichotomous formulation of Powergest fit in the sense of minimizing the sum of squarear €im y).
Informedness, as well as the complementary conceptididdaess. The equation of fit has the form

Powers [4] also derived an unbiased accuracy measamia the

Definition 1 Y =¥+ heX where
Informedness quantifies how informed a predictor is for ther, = [NYx-y-> x-2 I/ [NY x*> x> X] (12)
specified condition, and specifies the probability thateajgtion
is informed in relation to the condition (versus chance). Substituting in counts from the contingency table, for the
regression of predictingR (1) versus=R (0) given+P (1) versus
Definition 2 =P (0), we obtain this gradient of best fit (minimizitige error in

Markedness quantifies how marked a condition is for thethe real valueR):rp = DeltaP = Markedness. Conversely, we can
specified predictor, and specifies the probability that a camliti  find the regression coefficient for predictiRgfrom R (minimizing
is marked by the predictor (versus chance). the error in the predictior®): r r = DeltaP' = Informedness.

Finally we see that the Matthews correlation, a contingeratyix
method of calculating the Pearson product-moment correlation
gpefﬁcient,p, is defined byr ¢ = #/[Informedness-Markedness].

Given the regressions find the same line of best fitetgesdients
tr%lould be reciprocal, defining a perfect Correlation of wéier,

both Informedness and Markedness are probabilities with an upper
bound of 1, so perfect correlation requires perfect reigresthe
squared correlation is a coefficient of proportionaligicating the
proportion of the variance in R that is explained by P, &nd i
traditionally also interpreted as a probability. We can imberpret it
either as the joint probability that P informs R and Rka&, given

that the two directions of predictability are independengthe

These definitions are aligned with the psychological andiistig
uses of the terms condition and marker. The condition reprekents
experimental outcome we are trying to determine by indire
means. A marker or predictor (cf. biomarker or neunder)
represents the indicator we are using to determine
outcome. There is no implication of causality — thabimething we
will address later. However there are two possibleations of
implication we will address now. Detection of the predictay
reliably predict the outcome, with or without the occureent a
specific outcome condition reliably triggering the preatict

For the dichotomous case we have

Informedness = Recall + Inverse Reeall probability that the variance is (causally) explained
= tpr-fpr = 1-fnr-fpr (10) reciprocally. The sign of the Correlation will be 8ame as the sign
Markedness = Precision + Inverse Precisidn of Informedness and Markedness and indicates whetherexicor
= tpa-fna = 1-fpa-fna (11) Perverse usage of the information has been made.

Psychologists traditionally explain DeltaP in terms afusal

We noted above that maximizing AUC or the unbiased WRAdgrediction, but it is important to note that the directidrstronger
measure effectively maximizetpr-fpr and indeed WRAcc prediction is not necessarily the direction of causakiyd the
reduced to this in the skew independent case. This surmtising fallacy of abductive reasoning is that the truth c®AB does not in
given both Powers and Flach set out to produce an unbiaszsire, general have any bearing on the truth ebBA.
and the linear definition of Informedness will define a unidesalr
form. Note that while Informedness is a deep measureonf 2.6 Effect of Bias& Prev on Recall & Precision
consistently the Predictor predicts t.he Outcome by comi We now recast the Bookmaker Informedness and Markedness
surface measures about what proportion of Outcomes aexitpr . o ) )
predicted, Markedness is a deep measure of how consistieat] €duations to show Recqll and Precision as subject (13-1e.1|)qem
Outcome has the Predictor as a Marker by combining surfat@explore the effect of Bias and Prevalence on RewdlPaecision,
measures about what proportion of Predictions are correct as well as clarify the relationship of Bookmaker andkéeness to

In the Psychology literature, Markedness is known as Defidiza these ubiquitous and iniquitous measures.
empirically a good predictor of human associative judgemetfitat

is it seems we develop associative relationships betapeadictor Recall = Bookmaker (1-Prevalence) + Bias
and an outcome when DeltaP is high, and this is true even wHgpokmaker = (Recall-Bias) / (1-Prevalence) (13)
multiple predictors are in competition [6]. Perruchet aretétaan Precision = Markedness (1-Bias) + Prevalence

Markedness = (Precision—Prev) / (1-Bias) (14)
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Figure 2. Accuracy of traditional measures.
110Monte Carlo simulations with 11 stepped expectédrimedness
levels (probability of correct decision versus ramcbinomial decision
and random margins) with calculated Informednesskgldness and
Correlation versus Kappa and the biased traditioredsures Rank
Weighted Average (Wav), Geometric Mean (Gav) arfddter (Fav).

relative contingency normalized according to different fionst of
the marginal Biases and Prevalences, and reflect prdteabili
relative to the corresponding marginal cases. How&agpa scales
in a way that reflects the actual error without takinig iaccount
expected error due to chance, and in effect it is reallyspaing the
actual mean error: Kappadp/[dp+meanfp,fn )] which for small
error approximates ak- meanfp,fn  )/dp.

The relatively good fit of Kappa to Correlation and Infodmess is
illustrated in Fig. 2, along with the poor fit of the Rankiytiéed
Average and the Geometric and Harmonic (F-factor) means

3 CONCLUSIONS

The system of relationships we have discovered is augigzi
elegant and easy to teach as meaningful probabilitissniedness
is simply Recalk Inverse Recal 1, whilst Markedness is simply
Precision+Inverse Precision 1. Correlation is their geometric
mean. The non-linear Cohen Kappa is the next best alteraative
approximates reasonably in the dichotomous case, especially whe
Bias tracks Prevalence and Informedness and Markednessseollap
to Correlation as Recall and Precision collapse to Ragdracy.
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