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Abstract. We addressthe problems of 1/ assessinghe con dence of the
standard point estimates, precision, recall and F -score,and 2/ compar-
ing the results, in terms of precision, recall and F -score, obtained using
two di eren t methods. To do so, we use a probabilistic setting which al-
lows us to obtain posterior distributions on these performance indicators,
rather than point estimates. This framework is applied to the casewhere
di eren t methods are run on di eren t datasets from the same source, as
well as the standard situation where competing results are obtained on
the same data.

1 Intro duction

Empirical evaluation plays a certral role in estimating the performanceof natural

language processing(NLP) or information retrieval (IR) systems.Performance
is typically estimated on the basis of synthetic one-dimensionalindicators such
as the precision, recall or F-score. Even when multi-dimensional performance
indicators are used,such asthe recall-precisioncurve, synthetic indicators, suc
as the averageprecision at standard recall levels, are derived from it and used
for comparison. One-dimensional performance measures,however, do not tell

the full story, especially when they are estimated on the basisof little data, and
are therefore intrinsically highly variable. This raisesthe following questions:
Given a system and its results on a particular collection, how con dent are
we on the computed precision, recall and F-score?Do these measurestell us
anything about the behavior of the systemin general?The useof bootstrap [1, 2]
allows oneto partly answer thesequestions,by deriving approximate con dence
intervals for the di erent point estimates. However, the summary statistics we
considerhere (precision, recall and F -score)do not always correspond to sample
meansor medians (as is the casefor the summary statistics consideredin [2]),
and the bootstrap method may fail to give accurate con dence intervals. In this
contribution, we adopt a di erent probabilistic point of view that allows us rst

to estimate the distribution of three indicators, precision, recall and F-score,
and then to provide answersto the above questions.
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A related and crucial point is the comparison of experiments on the same
dataset. Such a comparisonis usually performed by resorting to paired statistical
tests, asthe paired t-test, the Wilcoxon test and the sign-test (seefor example[3,
4]), or the bootstrap method or ANOVA. Someof thesemethods (e.g. the paired
t and Wilcoxon tests) are not adapted to the three main indicators we retain,
while others can be used (as the sign test or the bootstrap in someinstances).
The framework we rely on allows us to proposean additional tool for comparing
two systemsby providing an answer to the question: \What is the probability
that sytem A outperforms (in terms of precision, recall and F -score) system B
o

In the following section, we introduce the probabilistic framework we re-
tained, and show how we infer distributions for precision, recall and F -score,as
well as how sud distributions can be usedto comparetwo di erent systems.
We then proceed (section 3) to the caseof paired comparison of experimental
outcomes, which may be used when systems are tested on the same dataset.
These models are tested in section 4 on the outcomesof text categorisation ex-
periments. Finally, we discussthe implication and perspectivesof this work and
conclude.

2 Precision, Recall and F -score

An arguably complete view of a system's performanceis given by the precision-
recall curve, which is commonly summarisedin a singleindicator using the aver-
ageprecision over various standard recall levels or number of documerts. Other
scoresmay be de ned to re ect the performance,suc asthe break-even point,
the scaledultilit y usedat TREC[5], etc. Synthetic one-dimensionalperformance
measures,however, do not allow to take into accourt the intrinsic variability
in the scores,especially when calculated on little data. Note that this doesnot
meanthat evaluations performed on large collections are imune to this problem.
At the 2002 TREC lItering track, for example, query 151 had only 22 relevant
documerts out of 723,141test documerts. This meansthat a variation in the
assignmen of one of the 22 relevant documerts yields a variation of around 5%
on recall. In the remainder of this paper, we focus on three standard perfor-
manceindicators, namely precision, recall and F -score,and will rst try to infer
distributions that accourt for their intrisic variabilit y.

For illustration purposeswe considerthe following simple setting: ead object
is assaiated with a binary label* which accouns for the correctnessof the object
with respect to the task at hand. In addition, the systemproducesan assignmem
z indicating whether it believesthe object to be correct (or relevant) or not. The
experimental outcome may be corveniertly summarisedin a confusiontable:

Assignmert z
+ -
Label+|TP |FN

* C|FP TN




where+ and - stand for relevant and nonrelevant, TP (resp. TN) standsfor true
positive (resp. negative) and FP (resp. FN) for false positive (resp. negative).
From these courts, one can compute the precision (p) and recall (r):

TP TP
P TP+ FP T TP+ FN

Taking the (weighted) harmonic averageof precision and recall leadsto the F-
score([6]):
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Both precisionand recall have a natural interpretation in terms of probabilit y.
Indeed, precision may be de ned as the probability that an object is relevant
giventhat it is returned by the system, while the recall is the probability that a
relevant object is returned:

p=P( =+jz=+) r=P(z=+j =+) 3)

This may seemlike a trivial reformulation. Howewer, there is a big semartic dif-
ference:in the original formulation, p and r are just formulas calculated from the
obsened data; in the probabilistic framework, the data D = (TP;FP;FN;TN)
actually arisesfrom p and r, which are parameters of a (primitiv e€) generative
model. Thus, the usual expressiong1) arise only as estimatesof theseunknown
parameters.

2.1 Probabilistic model

Each systemdivides a particular collection into four distinct sets, corresponding
to the true and false positives and negatives. The actual counts TP, FP, FN
and TN canthus be seenasthe results of independertly drawing elemeris from
thesefour sets. This view justi es the following simple assumption;

Assumption 1 Observel TP, FP, FN and TN counts follow a multinomial
distribution with parameters .., .., fn, -

_ _ n! TP FP FEN TN
P(D= (TP, FP PN TN = o Em ENT TN 77 77 o o @
This is denoted by Dj M (n; ), with the multinomial parameter
( TP; FP; FN; TN)' and TP + FP + FN + TN =1 USing the property that
marginals and conditionals of a multinomial-distributed vector follow binomial
distributions, it can be shown that (seeAppendix A):

Prop erty 1 The distribution of TP giventhe number of returned objects M ;. =
TP + FP is a binomial with parametersM. and p.

Prop erty 2 The distribution of TP giventhe numkber of relevantobjects N, =
TP + FN is a binomial with parametersN, andr.



From property 1, we can write the likelihood of p as:

L(p) = PDjp/ p'"(1 P (5)
Inferenceon p can then be performed using Bayes' rule:
P(pD)/ P(Djp)P(p) (6)

where P (p) is the prior distribution. A natural choice for the priori distribution
of a binomial distribution is the conjugate Beta distribution ([7, 8]). As there is
no reasonto favour high vs. low precision, we usea symmetric Beta prior:
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where () = o+ u Yexp( u)du is the Gamma function. Combining equa-
tions 5, 6 and 7 we get:

p Be(; ) @ P(p= p '@ p * @)

P(iD)/ p'"" @ p"tT ot ®)

that is,pjD Be(TP+ ; FP+ ). The posterior distribution for the precisionis
therefore a Beta distribution that dependson TP, FP and the prior parameter
. The expectation and mode for P(pjD) are:

TP + TP+ 1
mode(p) = 75 Fprz 2

P= Tp+FP+2 ®)
ForTP+FN<2 2 orTP<1 , the mode is either 0 or 1.

The Beta distribution o ers alot of exibilit y on [0;1], and subsumeswo in-
teresting cases: = 1=2, Je rey's non-informative prior, and = 1, the uniform
prior. Je rey's non-informative prior hasthe nice theoretical property that it is
invariant through re-parameterisation [8]. This meansthat the non-informative
prior for an arbitrary transformation p® = f (p) is the transformation of the
non-informativ e prior for p using the usual change-of-ariable rule (which is not
the casefor a uniform prior). For = 1, we get the maximum likelihood esti-
mate mode(p) = TP=(TP + FP). It turns out to be the usual formula for the
precision (eg. 1). Note, howewer, that the expected value of p is a smoothed
estimatep= (TP + 1)=(TP + FP + 2), aka Laplace smoothing. Obviously, using
Property 2, a similar developmert yields the posterior distribution for the recall:
rib Be(TP+ ; FN+ ), with the expectation and mode asin eq.9 (replacing
FP by FN).

Con dence intervals for p and r can easily be obtained from Beta tables, or
through numerical approximations of (the integral of) the Beta distribution *.
Estimating the probability that the precision/recall of a systemis greater than
the one of another system can be done through sampling strategies. We won't
detail them here, asthey are described for the F-scorebelow.

! Standard mathematical packagesusually provide such approximations.
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Fig. 1. Distribution of the precision for 2 systemswith di eren t outcomes(section 2.2).
Although system 1 (solid) doesworse on average,it is much lessvariable, and actually
outp erforms system 2 (dashed) in as much as 35% of cases.

Two casef particular practical interest are the situations whereTP+ FP =
0, that is, the systemdoesnot return anything, and TP + FN = 0, no objects
are relevant in the test set. In such cases,the traditional expression(1) is not
valid. On the other hand, with the probabilistic model, the posterior is equal
to the prior and the expectation (9) givesan estimate of p = 1=2. This seems
intuitiv ely reasonableas the fact that the system does not return any object
doesnot meanit will never do soin the future. In addition, the evidencefrom
our experiment doesnot allow to favour low or high precision, suggestingthat
50% may be a reasonableguessfor p.

2.2 Example

Let us consider an example where system 1 returns 10 true positives and 10
false positives, while system 2 returns 3 true positives and 2 false positives.
Using only the traditional formula for precision (1), system 2 (p = 3=5) seems
largely superior to system1 (p = 1=2). The probabilistic view tells another story.
Assuming Je rey's prior, system 2 seemsbetter on average(p = 58%, mode =
63%) than system 1 (mode = p = 50%), but has a much larger variability, as
showvn in gure 1. As a consequencethe probability that system 2 outperforms
system 1 with respect to precision is actually only around 65%, which implies
that it is not signi cant at any reasonablelevel.

2.3 F-score

In order to combine our results on precision and recall, we now consider the
distribution of the F; score, given by eq. 2, with = 1.F = ;er Given
two variables with Gamma distributions X ( ;h)yandY (' ;h), with
identical shape parameter h, then three interesting properties hold:

(1) 8¢> 0, c:X (;ch; (@ X +Y ( + ;h); @) &5 Be( ;)



Property 3 allows us to postulate that the posterior distributions of p and r,
which are Beta distributions (8), arise from the combination of independert
Gamma variates:

Ex (TP+ ; h)
with Y (FP+; h) (10)
- Z (FN+ ; h)

X+Y; X+Z

Combining thesein the F-scoreexpression,and using the fact that U = 2X is
a Gamma variate (Property 1) and that V = Y + Z is also a Gamma variate
(Property 2), we get:

U with U (TP + ; 2h) and

Fi= O+ v V. (FP+FN+2; h):

11)
In order to comparetwo systemswith di erent experimental outcomesD (1) =
TP FPOEN®D;TN®  and D@ = TP FP@:EN@;TN® | we

wish to evaluate the probability P(Fl(l) > Fl(z)), that is, sinceFl(l) and Fl(z) are
independert:
z 1Z 1

I FUSFP P FY P F® dFYdF®@ (12)
0 0

where | () is the indicator function which has value 1 i the enclosedcondi-
tion is true, O otherwise. As the distributions of F{* and F{? are not known
analytically, we cannot evaluate (12) exactly, but we can estimate whether
P(F{l) > Fl(z)) is larger than any given signi cance level using Monte Carlo
simulation. This is done by creating large samplesfrom the distributions of F{
and Fl(z)n usig Gamma vgriatgs as shavn in equation 11. Let us write these
samples f( and f{? . The probability P(F{" > F{?) is then
estimated by thléléfhpirical propo'rfilo'h!'

b3
BED > F2) = % | £ > 2 (13)
i=1
Note that the reliability of the empirical proportion will depend on the sample
size.We can useinferenceon the probability P(Fl(l) > Fl(z)), and obtain a Beta
posterior from which we can assesghe variability of our estimate. Lastly, the
case 6 1 is similar, although the nal expressionfor F is not as simple as
(11), and involves three Gamma variates. Comparing two systemsin terms of
F is again done by Monte Carlo simulation, in a manner exactly equivalent to
what we have described for F;.

3 Paired comparison

In the previous section, we have not made the speci ¢ assumptionthat the two
competing systemswereto be tested on the samedataset. Indeed, the inference



that we preseried is valid if two systemsare tested on distinct datasets,aslong
asthey are sampledfrom the same(unknown) distribution. When two systems
are tested on the samecollection, it may be interesting to consider the paired
outcomeson ead object. Typically, a small di erence in performance may be
highly consistert and therefore signi cant. This leads us to consider now the

following situation: on a single collection of objects f d; 91y Wiéh relevance
labels *; , we obsene experimertal outcomesfor two systems: zj(l) and
n (0] j=1:N

e

] j=1aN

ForJ ead object, three caseshave to be considered:1. System 1 gives the
correct assignmem, system 2 fails; 2. System 2 gives the correct assignmen,

system 1 fails; 3. Both systemyield the sameassignmen. Let us write 1, »
and 3 the probability that a given object falls in either of the three casesabove.
Given that the assignmets are independert, both accrosssystemsand accross
examples, and following the same reasoning as the one behind assumption 1,

we assumethat the experimental outcomesfollow a multinomial distribution

With paragetersN and = ( 1; 2; 3). For a sequenceof assignmets Z =

zj(l);zj(z) , the likelihood of is:

P(zj )/ Y33 (14)

with N; (resp. N2) the number of examplesfor which system 1 (resp. 2) out-
performs system 2 (resp. 1), and N3 = N N; Nj. The conjugate prior for

is the Dirichlet distribution, a multidimensional generalisation of the Beta
distribution, j D( 1; 2; 3):

: (1+ 2+ 3) 1 1 1
P(j)= . 2 3 (15)
(1) (20 (3 28
with = ( 1; 2; 3) the vector of hyper-parameters.Again, the uniform prior
is obtained for = 1 and the non-informative prior for = 1=22. From equa-

tions 15 and 14, applying Bayes rule we obtain the posterior P( jZ; ) /
P(Zj)P(j):

P
Y
Pz )= QT kKT me s (16)
e (Nt )

which is a Dirichlet D (N1+ 1;N2+ 2;Nz+ 3).

The probability that system1 is superior to system?2 is

P(1> 2)=Ejz; (I(1> 2)) 17
2 Although other choicesare possible,it seemsthat if no prior information is available
about which system is best, it is reasonableto impose 1 = . The choice of 3

may be dierent, if the two competing systems are expected to agree more often
than they disagree.
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which implies integrating over the incomplete Beta function. This can not be
carried out analytically, but may be estimated by sampling from the Diric hlet

distribution. Given a large sample ! =1L from the posterior (16), equation
17 is estimated by: n o 0
#ji1> 3
bmﬂl>M2):4———f———— (19)

Other ways of comparing both systemsinclude considering the di erence
= 2 and the (log) oddsratio = In( 1= »). Their expectations under
the posterior are easily obtained:

_ N+ 1 N 2
EJZ;()_N+ 1+ 2+ 3 (20)

Ejz; ()= (Ni+ 1) (N2t 2) (21)

with  (x) = 9x)= (x) the Psi or Digamma function. In addition, the proba-
bility that either the di erence or the log odds ratio is positiveis P( > 0) =
P( >0)=P(1> »2).

Note: This illustrates the way this framework updatesthe existing informa-
tion using new experimental results. Consider two collections D = djl P
and D = d? | ,. Before any obsenation, the prior for is D( ). After
testing on the rst dataset, we obtain the posterior:

jD%; D Ni+ 1;NJ+ N3+ 3

This may be used as a prior for the secondcollection, to re ect the informa-
tion gainedfrom the rst collection. After observingall the data, the posterior
becomes:

jD2,DY; D NZ+Ni+ pNZ+Nj+ NZ+NI+

The nal resultis therefore equivalent to working with a singledatasetcortaining
the union of D! and D?, or to evaluating rst on D2, then on D*. This property
illustrates the cornveniert way in which this framework updates our knowledge
basedon additional incoming data.

4 Exp erimen tal results

In order to illustrate the use of the above probabilistic framework in compar-
ing experimental outcomesof di erent systems,we use the text categorisation



F1 score | Prob F1 score(nnn) | Prob F1 score(ltc) | Prob
Category Itc | nnn |ltc>nnn|+/- || lin poly |lin>poly|+/- | lin | poly |lin>poly|+/-
earn 98.66(98.07| 93.71 |0.24(|98.07| 96.36 | 99.96 |0.02(|98.66/ 98.80 | 34.68 [0.48
acq 94.7093.88 82.09 |0.38/|93.88 79.31 | 100.00 (0.00||94.70| 94.73 | 49.39 |0.50
money-fx ||76.4075.12) 63.31 |0.48|75.12] 64.40 | 99.64 |0.06|/76.40| 73.90 | 75.45 |0.43
crude 86.96/86.15 61.53 |0.49(|86.15 71.12 | 100.00 |0.00|[86.96/ 86.26 | 60.33 [0.49
grain 89.61/88.22) 69.55 |0.46||88.221 73.99 | 99.99 |0.01/|89.61 86.57 | 85.66 |0.35
trade 75.86(77.47| 34.07 |0.47||77.47| 75.11 | 71.77 |0.45|[75.86 77.13 | 38.76 |0.49
interest 73.98/77.93 17.03 |0.38||77.93 68.24 | 98.83 |0.11([73.98 72.27 | 64.72 |0.48
wheat 79.1080.79 36.81 |0.48/|80.79 77.27 | 75.14 |0.43||79.10| 80.92 | 36.45 |0.48
ship 75.5080.25 17.99 (0.38||80.25 66.22 | 99.44 |0.07|(75.50 73.47 | 63.78 |0.48
corn 83.17/83.64| 46.73 |0.50(|83.64 65.35 | 99.76 |0.05(|83.17| 82.00 | 58.15 [0.49
dir 78.05(74.23 69.34 |0.46||74.23] 25.17 | 100.00 |0.00((78.05 72.97 | 74.18 |0.44
oilseed 61.9062.37| 48.58 |0.50/62.37] 42.35 | 98.77 |0.11/|61.90| 58.23 | 65.28 |0.48
money-sup||70.77/67.57| 64.53 |0.48/|67.57] 70.13 | 38.19 |0.49||70.77| 74.19 | 36.06 |0.48
Micro-avg |[90.56/89.86/ 89.12 |0.31//89.86 79.44 | 100.00 |0.00|90.56| 90.28 | 67.69 |0.47

Table 1. F-scoreomparison for 1/ 'ltc' versus'nnn’ weighting scheme (left), 2/ linear
versus polynomial kernel on 'nnn' weighting (centre), and 3/ linear versus polynomial
kernel on 'ltc' weighting (right).

task de ned on the Reuters21578corpus with the ModApte split. We are here
interested in evaluating the in uence of two main factors: the term weighting
schemeand the documert similarity. To this end, we considertwo term weighting
schemes:

nnn (no weighting): term weight is the raw frequency of the term in the docu-
mert, no inversedocumen frequencyis usedand no length normalisation is
applied;

Itc (log-tf-idf-cosine): the term weight is obtained by taking the log of the fre-
guency of the term in the documert, multiplied by the inverse documert
frequency and using cosine normalisation (which is equivalent to dividing
by the euclideannorm of the unnormalised values).

For 13 categorieswith the largest numbers of relevant documerts, we train a
Support Vector Machine (SVM) categoriser([9]) on the 9603training documert
from the ModApte split, and test the modelson the 3299test documerts. In SVM
categorisersthe documert similarity is usedasthe kernel. Here, we comparethe
linear and quadratic kernels. We wish to test whether ‘ltc' is better than 'nnn'
weighting, and whether the quadratic kernel signi c antly outperformsthe linear
kernel. Most published results on this collection shov a small but consisten
improvemert with higher degreekernels.

We rst compared the results we obtained by comparing the F 1-scoredis-
tributions, asis outlined in section2 (using = % Jerey's prior, and h = 1).
This comparisonis givenin table 1. As one can note, with the linear kernel, the




Itc’ weighting scheme seemsmarginally better than 'nnn'. The most signi cant
di erence is obsened on the largest category, ‘earn’, where the probability that
Itc’ is better almost reaches 94%. Note that despite the fact that the overall
number of documerts is the same for all categories,a half percent di erence
on 'earn' is more signi cant than a 5% di erence on 'ship'. This is due to the
fact that, asexplained above, the variability is actually linked to the number of
relevant and returned documerts, rather than the overall number of documerts
in the collection.

The certre columnsin table 1 shaw that the 'nnn' weighting schemehasdev-
astating e ects on the quadratic kernel. The micro-averagedF -scoreis about 10
point lower, and all but three categoriesare signi cantly worse(at the 98%Ilevel)
using the quadratic kernel. This is becausewhen no IDF is used, the similar-
ity betweendocumerts is dominated by the frequert terms, which are typically
believed to be lessmeaningful. This e ect is much worse for the quadratic ker-
nel, wherethe implicit feature spaceworks with products of frequencies.Finally,
the right columns of table 1 investigate the e ect of the kernel, when using the
Itc’ weighting. In that case,both kernelsyield similar results, which are not
signi cant at any reasonablelevel. Thanks to IDF and normalisation, we do not
obsene the dramatic dierence in performancethat was apparert with ‘nnn’
weighting.

The results in table 1 do not take into accourt the fact that all models are
run on the samedata. Using the paired test detailed in section 3, we get more
sensitive results (table 2; we have usedhere ;= , = % the value for 3 being
of no importance for our goal). The 'ltc' weighting seemssigni cantly better
than 'nnn' on the three biggest categories,and the performance improvemert
seemsweakly signi cant on two additional categories:'dlr' and 'money-sup'.
Small but consistert di erences (8 to 3 in favour of ‘Itc' in 'money-sup') may
actually yield better scoresthan large, but lessconsistert, disagreemets (for
example, 21 to 15 in 'crude’). The middle rows of table 2 conrm that, with
'nnn' weighting, the linear kernel is better than the quadratic kernel. ‘trade’,
‘wheat' and 'money-sup’ do not show a signi cant di erence and, surprisingly,
category 'money-fx' showvs a weakly signi cant di erence, whereasthe F-score
test (table 1) gave a highly signi cant di erence (we will discussthis below).
The rightmost rows in table 2 show that, with 'ltc’ weighting, the polynomial
kernel is signi cantly better than the linear kernel for three categories(‘trade’,
'‘wheat' and 'money-sup’) and signi cantly worse for 'grain’. The polynomial
kernel therefore signi cantly outperforms the linear kernel more often than the
reverse,although the micro-averagedF -scoregivenin table 1 is slightly in favour
of the linear kernel.



linear kernel| Prob 'nnn' weighting | Prob 'Itc' weighting | Prob

Category ||ltc>| nnn> |ltc>nnn|+/- ||lin> p2> lin>p2(+/- ||lin>| p2> |lin>p2|+/-

earn 17 4 99.77 |0.05|| 48 12 100.00(0.00] 1 4 9.76 |0.30
acq 43| 28 96.41 |0.19|| 282 14 100.00(0.00| 6 7 39.68 (0.49
money-fx || 39 | 23 97.90 |0.14|| 58 43 93.76 |0.24(| 11 6 88.70(0.32
crude 21| 15 84.32 |0.36|| 62 21 100.00(0.00| 4 2 78.66 |0.41
grain 17| 11 87.32 |0.33|| 46 10 100.00(0.00] 9 2 98.48 0.12
trade 23| 22 55.75 |0.50|| 28 28 49.19 |0.50| 2 7 4.36 |0.20
interest 24| 24 49.73 |0.50| 38 21 98.61(0.12]| 5 3 76.290.43
wheat 10 9 59.56 |0.49|| 14 13 57.87|0.49]| O 3 3.39 |0.18
ship 6 11 11.38 |0.32)| 22 4 99.9710.02| 3 1 83.71(0.37
corn 6 5 61.45 |0.49|| 19 2 99.99|0.01| 1 0 82.31(0.38
dir 13 6 94.62 |0.23|| 191 2 100.00(0.00|| 5 3 75.81)0.43
oilseed 12 9 74.31 |0.44| 24 10 99.2310.09|| 3 2 66.66 |0.47
money-sup|| 8 3 93.43 |0.25|| 10 11 41.2210.49| O 3 3.49 |0.18

Table 2. Paired comparison of 1/ 'ltc’ and 'nnn' weighting schemes (left), 2/ linear
(lin") and quadratic ('‘p2") kernel, on 'nnn' weighting, and 3/ linear and quadratic
kernel on 'ltc’ weighting.

5 Discussion

There has been a sizeableamount of work in the Information Retrieval com-
munity targetted towards proposing new performance measuresfor comparing
the outcomesof IR experiments(two such recert atempts can be found in ([10,
11]). Here, we take a di erent standpoint. We focus on widely used measures
(precision, recall, and F-score), and infer distributions for them that allow us
to evaluate the variabilit y of each measure,and assesghe signi cance of an ob-
served di erence. Although this framework may not be applicable to arbitrary
performance measures,we believe that it can also apply to other ones,suc as
the TREC utilit y. In addition, using Monte-Carlo simulation, it is possibleto
sample from simple distributions, and combine the samplesin non-trivial ways
(cf the F -scorecomparisonin section2). The only alternativ e we are aware of to
compute both con dence intervals for the three measureswe retained and assess
the signi cance of an obsened di erence is the bootstrap method. Howewer, as
we already mertioned, this method may fail for the statistics we retained. Note,
newertheless,that the bootstrap method is very general and may be used for
other statistics than the onesconsideredhere. It might also be the casethat,
basedon the framework we developed, a parametric form of the bootstrap canbe
usedfor precision, recall and F-score.This is something we plan to investigate.

In the casewhere two systemsare compared on the same collection, ap-
proachesto performancecomparisontypically rely on standard statistical tests
such as the paired t-test, the Wilcoxon test or the sign test [4], or variants of
them [12,13]. Neither the t-test nor the Wilcoxon test directly apply to binary
(relevant/not relevant) judgemerts (which are at the basis of the computation



of precision, recall and F -scorey. Both the sign test and, again, the bootstrap
method seemto be applicable to binary judgemerts (the same objections as
above hold for the bootstrap method). Our cortribution in this framework is
to have put at the disposal of experimenters an additional tool for systemeval-
uation. A direct comparison with the aforemenioned methods still hasto be
conducted.

Experimental results provided in section4 illustrate somedi erences between
the two tests we propose. The F-scoretest assessesli erences in F-score,and
may be applied to results obtained on di erent collections (for example random
splits from a large collection). On the other hand, the paired test must be applied
to results obtained on the same dataset, and seemsmore sensitive to small,
but consistert di erences. In one instance (‘money-fx', linear vs. quadratic on
'nnn’, table 2), the F-scoretest was signi cant, while the paired test was not.
This is becausealthough a di erence in F-scorenecessaryimplies a di erence
in disagreemen courts (58 to 43 in that case),this disagreemeh may not be
consistert, and thereforeyield alarger variabliliy . In that case,an 8to 3 di erence
would give the sameF -scoredi erence, and be signi cant for the paired test.

6 Conclusion

We have presened in this paper a new view on standard Information Retrieval
measures,namely precision, recal, and F -score.This view, grounded on a prob-
abilistic framework, allows one to take into accourt the intrinsic variability of
performanceestimation, and provides, we believe, more insights on system per-
formance than traditional measures.In particular, it helps us answer questions
like: \Giv en a system and its results on a particular collection, how con dent
are we on the computed precision, recall and F-score?", or \Can we compare
(in terms of precision, recall and F-score)two systemsevaluated on two di er-
ent datasets from the samesource?"and lastly \What is the probability that
systemA outperforms (in terms of precision, recall and F-score) systemB when
comparedon the samedataset?".

To dewelop this view, we have rst shown how precision and recall naturally
lead to probabilistic interpretation, and how one can derive probabilistic distri-
butions of them. We have then showvn how the F-scorescould be rewritten in
terms of Gamma variates, and how to compareF -scoresobtained by two systems
basedon Monte-Carlo simulation. In addition, we have preseried an extension
to paired comparison,which allows oneto perform a deeper comparisonbetween

% One possibility to usethem would beto partition the test data into subsets,compute
say precision on ead subset and compare the distributions obtained with dierent
systems. However, this may lead to poor estimates on each subset, henceto poor
comparison (furthermore, the intrinsic variabilit y of each estimate is not taken into
accourt).



two systemsrun on the samedata. Lastly, we have illustrated the new approac
to performance evaluation we proposeon a standard text categorisation task,
with binary judgemerts (in class/not in class)for which seweral classicstatistical
tests are not well suited, and discussedthe relations of our approadc to existing
ones.
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A Proof of property 1 and 2

The available data is uniquely characterised by the true/false positive/negative
counts TP, FP, TN, FN. Let us note D (TP;FP;FN;TN). Our basic
modelling assumptionis that for sampledof xed sizen, thesefour courts follow
a multinomial distribution. This assumption seemsreasonableand arises for
exampleif the collection is an independart identically distributed (i.i.d.) sample
from the documert population. If we denote by ni, n,, nz and ng (with ny +



n, + n3 + ng = n) the actual counts obsened for variables TP, FP, FN and
TN, then:

n‘ N1y N2 N3 Ny
2 3 4 (22)

P (D= (n1iNzing;ng)) = —————
( (1 273 4)) ni'nalnglng! 1

With 1+ -+ 3+ ,=1and (1, 2; 3; 4) is the parameter of the
multinomial distribution: D M (n; ). Wewill usethe following two properties
of multinomial distributions:

Prop erty 3 (Marginals) Each componenti of D follows a binomial distribu-
tion B(n; i), with parametersn and identical prokability ;.

Prop erty 4 (Conditionals) Each componenti of D conditionned on another
component j follows a binomial distribution B n  n;; ﬁ , with parameters
n n; and prokability ﬁ

It follows from these properties that:
(TP+FP) B(n; 1+ ») and (TP+FEN) B(n; 1+ 3) (23)

Proof. From the above properties, TP B(n; ;) and
FPJTP B n TP;:%- , hence:

Xk
P(TP+FP =k)= P(TP = x)P(FP =k XjTP =x)
x=0
k x
— n X nx N X 2
= 11 1)
w0 X k x 1 1
5 n k
1
1
n n k K x k x
K 1 (1+ 2) 12 (24)
X
x=0
P k k x k x _— k . . . . .
andas ,, , 1 2 =(1+ 2) (the binomial theorem), the distribution
of TP + FP is indeed binomial with parametersn and 1+  (and similarly
for TP + FN). 2

Using eq. 23 and the fact that TP B (n; 1), we obtain the conditional
distribution of TP given TP + FP:

TPj(TP+FP) B M,;—1! (25)
1t 2

with M, = TP + FP.



Proof. The conditional probability of TP given TP + FP is obtained as:

P(TP=kP(FP=M, kjTP=kK)

P(TP=KjTP+ FP=M,) = P(TP+ FP=M.,)

As all probabilities involved are known binomials, we get:

P(TP = kiTP+ FP = M,) =
M. k n My

n ok n k. n Kk 2 2
kl(l 1) "My k 1+ 2 1 1+ 2

(26)

w. (17 DM@ 1+ 2

n n k
Using the fact that (k)((“”i)k = Mk* and after somesimple algebra, this sim-
M4
plies to:
M . k 5 M+ Kk
P(TP=kjTP+FP=M,)= * 27
( j = T (27)
in other words, eq. 25. 2
Now remenber the de nition of the precision:
. P(z=+;1=+)
=P(z=+jl=4)=z —— ' 7 2
p=P(z=+jl=+) P(l=+) (28)

Notice that P(z = +;1 = +) is by de nition 1, the probability to get a \true
positive”, and P(I = +) is ;+ ,, the probability to get a positive return
(either false or true positive). This showvs that p = 1=( 1 + ), and that
the distribution of TP given TP + FP (eq. 25) is a binomial B(M . ;p). The
justi cation for TPj(TP + FN) goesthe sameway.



