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- No research paper can ever be considered to be the final
word, and the replication and corroboration of research
results Is key to the scientific process

[Nature, http://www.nature.com/nature/focus/reproducibility/]

- The basic principle is that, given an experiment, an
iNndependent researcher should be able to replicate 1t
under the same conditions, and achieve the same results

[http://explorable.com/reproducibility]
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- Repeatability: researchers repeat the experiments to test
and verity the results
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- Repeatability: researchers repeat the experiments to test
and verity the results

- Reproducibility:

- completely independent from the original stuay

- generate “identical” findings

- leads to Generalization whose aim is to apply the experimental

findings to new situations in order to determine thelir validity in a
different context with different variables
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- The original paper: A. Moftat and J. Zobel, Rank-Biased
Precision for Measurement of Retrieval Effectiveness,
Transactions On Information Systems, 2/(1): 1-27, 2008.

Rank-Biased Precision for Measurement
of Retrieval Effectiveness

_ | m -t ' ALISTAIR MOEFAT
paC ' The Uriversity of Melbourne
and
JUSTIN ZOBEL

RMIT University and NICTA Vickoria Ressarch Laboratory

A range of methods for messuring the effoctivencms of information retreval sysiems has boen

1 1 1 propased These are typutally intended 1o provide & quantitative single-value summary of & d
st ranking relative to & guery Tewever, many of these messures have Salings. For exan
- ple, recall s ot well founded as & messure of satiafction, sinee the user of s steal oy
Lo cxanot judge recall. Aversge procwion i derived from recall, and suffers from the same
pesblen [n addition, average procison lacks hey stabdity propertios hat are sceded for ro-
bust experimerta In thes artxle. we mirodece a rew «foctivesess metrc, ronk based pre
oision, thal aveids hese problems. Rank biased procision is derived from a simple model of
wser behavior & robust i anewer mankings are extended to preater deptha, and allows acce-
rate quastification of experunental sncertalsty, even when only partial redevance jedgrents are
avaclable
Catogorion and Subject Descriptors: M A3 [Infermation Storage and Retriewal) [nforma
Ueon Search and Retreval—Retrsvel modas, seorch process, H 3.4 ([aformation Storage sad
-
}
?

- > 190 citations in Google Scholar e e e

Addnsmal Key Words and Mvases Rovall, provabon, average provisien, relevance, paokng
ACM Reforence Format:

MofTat. A and Zobel, J 2008 Ranh biased procwion for messurement of selrieval effectiveness
ACM Trans Infarm. Syst. 27, | Artide 2 (Detersber 20080, 27 pages. DOT « 10 11651436560
14106982 hatpodol acm ong 101 1416050 L4 20002

- > 100 citations In SCopus

This work was supportied by the Acstrabus Rescarch Cousncll

Authoey’ addrosses A Mallut, Department of Computer Sciene and Software Engineering. The
University of Melbowrne, Victorsa 3030, Asstraln. email alistair@osse snimeib odo s § Zodel
Deparvment of Computer Scune and Seftware Engneering The University of Melbusrme, Vietaria
W10, Australia, email jiosse unvelb ode su

Permission o make digital or hard copues of part ar all of thes wark for persomal or dassrvees use »
granted withoot foo provided thart copees are not made or detridated Sor proft ar direct comrenercal
advasiage and that copies show Lhis notice en the firsl page or imitial scroen of & display along
wizh the Sull pnation. Copyrights Sor components of this work swned by sthers than ACM maust be
hosered Adstracting wid oredit s permitzed To cogy otherwise, to repebiied, Lo post on servers,
1o redetrdute 4o Neta, or 50 U any companent of this wark in sther werks reguines prier specific
pormbsdion sador a fee. Pormissions may be reguested from Publications Dept., ACM 1sc, 2 Pena
Placa, Sume 701, New York, NY 102210700, USA, fax « 1 (212) 8850481, or permissionsBacm org
C 2008 ACM MO 81AV006 1S ARTZ 8500 DOT 101145714 16960, 14 16852 Mip Ads acm erp
10116514 16560 1416062

ACH Traomations oo Infarmation Syvioma, Vol 77, Na & Article 2, Publantion dete Doormbar 2004
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- Qur goal is to start to understand what reproducibility means
for IR evaluation.

- Therefore, we need to be able to reduce the confounding
factors (e.g. poor experimental design) to focus on issues
raised only by reproducipility

http://ak.picdn.net/shutterstock/
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Run X
- User model: a user always starts from

the first document in a ranking and @
then s/he progresses with probability eg_,
0 (persistence parameter)

d
RBP = (1 — p) Zri cptd
=0

1

(0.5 fairly persistent user

0<p<1 p=<¢ 0.8 persistentuser
\ 0.95 very persistent user

p=05 RBP(X) = 0.5(0.5° + 0.5* 4+ 0.5%) = 0.88
0=0.8 RBP(X) =0.2(0.8° + 0.8" +0.8%) = 0.49
p=095  RBP(X)=0.05(0.95° + 0.95' 4 0.95%) = 0.14
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Repeatanility
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- Experiments are based on the TREC-05, 1996, Ad-Hoc
collection

- 61 runs, 50 topics, binary relevance, ~530K docs

- released by the National Institute of Standard and Technology
(NIST): http://trec.nist.gov/
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- Three main experiments have been conducted to explore
how RBP behaves:

- Kendall’'s tau correlation with shallow pools (depth 100 and 10)

- Upper and lower bounds for RBP varying the p parameter (0.5,
0.8 and 0.95)

- Discriminative power: t test and Wilcoxon test

N. Ferro and G. Silvello Rank-Biased Precision Reloaded: Reproducibility and Generalization slide 12
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1. Kendall's correlation coefficients from the systems ordering
generated by pair of metrics and by considering two pool
depths (10 and 100)
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1. Kendall's correlation coefficients from the systems ordering
generated by pair of metrics and by considering two pool
depths (10 and 100)

Pool at depth 10 was calculated by exploiting original
assessments but applying them to a reduced set of

documents (the union of the first 10 documents of each run).

This downsampling technique is deterministic
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1. Kendall's correlation coefficients from the systems ordering
generated by pair of metrics and by considering two pool
depths (10 and 100)

Rank-Biased Precision for Measurement of Retrieval Effectiveness . 2:9‘ vt 2116 . A. Moffat and J. Zobel {
0.4 = 06 =
* 3
g g 0.5 — l)
0.3 = £
: { § ..
: f g L g
oy 02 - 0.3 ~ ".v‘ A
E — T
g ) E t
§° 0.2 —
= 01 3 ‘f O p=0.50 ;
o a ) A p=0.80
< & - V p=0.95
§ g 0.1 y} ‘
1.V
0.0~ T T T ) 00 - T T T T T |
0.0 0.1 0.2 03 0.4 00 01 02 03 04 05 086
MAP (judgment pool depth 10) RBP (judgment pool depth 10)
Fig. 2. Mean average precision of 61 TREC-5 systems, using relevance judgments compiled usin; Fig.4. Rank-biased precision of 61 TREC-5 systems, for three different values of p, using relevance
judgments compiled using two different pool depths. Rank-biased precisionat p =05and p = 0.8

showing systems for which average precision decreased when additional documents were judged

- i noplinearity ofhe decrease shaws thay the opdering of systemsisalsoaflected, | .

is stable when the pool depth is increased from 10 documents per system to 100 documents. At !

p = 0.95 the RBP scores increase (and never decrease) when the pool depth is increased.

two different pool depths. The dotted line is the identity relationship, with points below thcl"mT
B e I P o e WP
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1. Kendall's correlation coefficients from the systems ordering
generated by pair of metrics and by considering two pool
depths (10 and 100)

Rank-Biased Precision for Measurement of Retrieval Effectiveness .

04 =
[y
=)
=
ﬁ 0.3 —
=
B,
£ L7
§° ’
= 0.1 - /,-
o /s
§ /
.’I
'
0.0 ~fy——y
00 0.1
MAP (judgm

Fig. 2. Mean average precision of 61 TREC-5 sys!
two different pool depths. The dotted line is the i
showing systems for which average precision dec

v oS 20phGRATiLY OCshe docrense shaws thal the o

N. Ferro and G. Silvello

7 06

05

th 100)

B 2
Rank-Biased Precision for Measurement of Retrieval Effectiveness .

Table II1.

Kendall's r correlation coefficients calculated from the system order-
ings generated by pairs of metrics using the 61 TREC-5 runs. A value of
1.0 indicates perfect agreement between the two metrics, in terms of the
system ordering that they produce. The largest (nonself) value in each row
is highlighted in boldface, with the top part of the table showing that RR is
most like P@10; that P@10 is most like P@R; and that P@R is most like AP.
The bottom group of rows shows the same correlation coefficients for RBP.
When p = 0.5, RBP behaves most like RR. When RBP uses p = 0.8, the best
agreement is with P@10. When RBP uses p = 0.95, there is good agreement
with all of P@10, P@R, and AP.

Kendall’s r, pool depth 100

Metric Pool
depth RR P@10 P@R AP

RR 10 0.997 0.841 0.749 0.733
P@10 10 0.839 1.000 0.861 0.846
P@R 100 0.748 0.861 1.000 0.905
RBP, p =05 10 0.925 0.858 0.768 0.758
RBP, p = 0.8 10 0.887 0.930 0.822 0.812
RBP, p = 0.95 10 0.778 0.880 0.874 0.897
RBP, p = 0.95 100 0.791 0913 0.896 0.863
NDCG 100 0.763 0.831 0.878 0.916

Rank-Biased Precision Reloaded: Reproducibility and Generalization

2:9f' 216 + A Moffat and J. Zobel

O p=0.50
A p=0.80
V p=0.95

1T 1 1 1
2 03 04 05 086
ﬁqwent pool depth 10)

stems, for three different values of p, using relevance
epths. Rank-biased precisionat p =0.5and p = 0.8
m 10 documents per system to 100 documents. At }

decrease) when the pool depth is increased.
N T T W

B i e Th L, W W
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- TREC-05 is a public experimental collection composed by
671 runs shared using the following well-known format:

<topic id> <g0> <document id> <rank> <score> <run id>

- The standard liorary trec eval employed by TREC
imports runs as follows (trec eval ordering):

- Iltems are sorted in descending order by score and
descending lexicographical order of document-id when
scores are tied

N. Ferro and G. Silvello Rank-Biased Precision Reloaded: Reproducibility and Generalization slide 14
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- [tis possible to specity different import orders

- orginal ordering: the runs are imported as they were

submitted to the campaign without performing any additional
ordering

- trec eval does not implement RBP and in the paper the
importing order of the run is Not specified

N. Ferro and G. Silvello Rank-Biased Precision Reloaded: Reproducibility and Generalization slide 15
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Kendall’s 7, pool depth 100

Metric Pool Kendall’s Tau correlations in the
depth RR P@10 P@R AP RBP original paper
RR 10 0.997 0.841 0.749 0.733
P@10 10 0.839 1.000 0.861 0.846
P@R 100 0.748 0.861 1.000 0.905
RBP, p =0.5 10 0.925 0.858 0.768 0.758
RBP, p =0.8 10 0.887 0.930 0.822 0.812
RBP, p = 0.95 10 0.778 0.880 0.874 0.897
RBP, p =0.95 100 0.791 0.913 0.896 0.863
NDCG 100 0.763 0.831 0.878 0.916

N. Ferro and G. Silvello
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The import ordering effect

Kendall’s 7, pool depth 100

Metric Pool Kendall’s Tau correlations in the
depth RR P@10 P@R AP RBP original paper
RR 10 0.997 0.841 0.749 0.733
P@10 10 0.839 1.000 0.861 0.846
P@R 100 0.748 0.861 1.000 0.905
RBP, p =0.5 10 0.925 0.858 0.768 0.758
RBP, p =0.8 10 0.887 0.930 0.822 0.812
RBP, p = 0.95 10 0.778 0.880 0.874 0.897
RBP, p =0.95 100 0.791 0.913 0.896 0.863
NDCG 100 0.763 0.831 0.878 0.916

Reproduced results
Numbers in bold are those which are at least 1% different from the correlations in the original RBP paper

treceval ordering original ordering

depth 100 depth 100
Metric depth RR PQ10 PQR AP Metric depth RR PQ10 PQR AP
RR 10 0.997 0.842 0.748 0.732 RR 10 0.997 0.841 0.747 0.730
P@10 10 0.840 1.000 0.861 0.845 P@10 10 0.840 1.000 0.860 0.844
P@R 100 0.746 0.861 1.000 0.908 P@R 100 [0.769|0.861 1.000 0.907
RBP.5 10 0.926 0.858 0.764 0.755 RBP.5 10 0.924 0.858/0.776] 0.755
RBP.8 10 0.888 0.930{0.819 |0.809 RBP.8 10 0.889 0.929 0.828 0.809
RBP.95 10 0.778 0.882 0.877 0.896 RBP.95 10 0.779 0.880/0.905| 0.894
RBP.95 100 0.793 0.916 0.895/0.859 RBP.95 100 0.792 0.913/0.850/0.859
nDCG 100 0.765 0.831 0.877 0.915 nDCG 100 0.763 0.829/0.886| 0.913

N. Ferro and G. Silvello

Rank-Biased Precision Reloaded: Reproducibility and Generalization
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The import ordering effect

Kendall’s 7, pool depth 100

Metric Pool Kendall’s Tau correlations in the
depth RR P@10 P@R AP RBP Qrigina| paper /AT‘

RR 10 0.997 0.841 0.749 0.733 AL

P@10 10 0.839 1.000 0.861 0.846 7

P@R 100 0.748 0.861 1.000 0.905 |

RBP, p = 0.5 10 0.925 0.858 0.768 0.758

RBP, p = 0.8 10 0.887 0.930 0.822 0.812

RBP, p = 0.95 10 0.778 0.880 0.874 0.897

RBP, p = 0.95 100 0.791 0.913 0.896 0.863

NDCG 100 0.763 0.831 0.878 0.916 REPROD U

CEp

Reproduced results
Numbers in bold are those which are at least 1% different from the correlations in the original RBP paper

treceval ordering original ordering

depth 100 depth 100
Metric depth RR PQ10 PQR AP Metric depth RR P@10 PQR AP
RR 10 0.997 0.842 0.748 0.732 RR 10 0.997 0.841 0.747 0.730
P@10 10 0.840 1.000 0.861 0.845 P@10 10 0.840 1.000 0.860 0.844
P@R 100 0.746 0.861 1.000 0.908 P@R 100 [0.769|0.861 1.000 0.907
RBP.5 10 0.926 0.858 0.764 0.755 RBP.5 10 0.924 0.858/0.776] 0.755
RBP.8 10 0.888 0.930{0.819 |0.809 RBP.8 10 0.889 0.929 0.828 0.809
RBP.95 10 0.778 0.882 0.877 0.896 RBP.95 10 0.779 0.880/0.905| 0.894
RBP.95 100 0.793 0.916 0.895/0.859 RBP.95 100 0.792 0.913/0.850/0.859
nDCG 100 0.765 0.831 0.877 0.915 nDCG 100 0.763 0.829/0.886| 0.913
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Kendall’s 7, pool depth 100

Metric Pool Kendall’s Tau correlations in the
depth RR P@10 P@R AP RBP original paper

RR 10 0.997 0.841 0.749 0.733

P@10 10 0.839 1.000 0.861 0.846

P@R 100 | 0.748 | 0.861 1.000 0.905

RBP, p =0.5 10 0.925 0.858 0.768 0.758

RBP, p = 0.8 10 0.887 0.930 0.822 0.812

RBP, p = 0.95 10 0.778 0.880 0.874 0.897

RBP, p = 0.95 100 0.791 0.913 0.896 || 0.863 |

NDCG 100 0.763 0.831 0.878 0.916 REF’ROD

UCEp

Reproduced results

Numbers in bold are those which are at least 1% different from the correlations in the original RBP paper

treceval ordering original ordering
depth 100 depth 100
Metsie depth RR P@Q10 PQR AP w\/[etric depth RR P@10 P@QR AP

). Lesson learned #1

.)6

2E The import ordering of the runs may influence the

experimental results and it should be explicitly specitied as
in other contexts data manipulation/cleaning are reported

N. Ferro and G. Silvello Rank-Biased Precision Reloaded: Reproducibility and Generalization slide 16
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Kendall’s 7, pool depth 100

Metric Pool
depth RR P@10 P@R AP

RR 10 0.997 0.841 0.749 0.733
P@10 10 0.839 1.000 0.861 0.846
P@R 100 0.748 0.861 1.000 0.905
RBP, p =0.5 10 0.925 0.858 0.768 0.758
RBP, p =0.8 10 0.887 0.930 0.822 0.812
RBP, p =0.95 10 0.778 0.880 0.874 0.897
RBP, p = 0.95 100 0.791 0.913 0.896 0.863

100 0.763 0.831 0.878 0.916

- The calculation of NDCG is influenced by:
- the weighting schema
- the log base of the discounting function

- These parameters are not specified in the paper
- welghting schema: R =1, NR =0

- log base = 2

N. Ferro and G. Silvello Rank-Biased Precision Reloaded: Reproducibility and Generalization slide 17
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Param eters

Kendall’s 7, pool depth 100

Metric Pool
depth RR P@10 P@R AP
RR 10 0.997 0.841 0.749 0.733
P@10 10 0.839 1.000 0.861 0.846
P@R 100 0.748 0.861 1.000 0.905
RBP, p =0.5 10 0.925 0.858 0.768 0.758
RBP, p =0.8 10 0.887 0.930 0.822 0.812
RBP, p = 0.95 10 0.778 0.880 0.874 0.897
~ RBP, p =0.95 100 0.791 0.913 0.896 0.863
| 100 0.763 0.831 0.878 0.916

" The measure parameters should be specified:
e.g. weighting schema for the DCG family and

Lesson learned #2

= DIPARTIMENTO
— DI INGEGNERIA
—  DELLINFORMAZIONE

the persistence value for RBP

- welghting schema: R =1, NR =0

- log base = 2

N. Ferro and G. Silvello

Rank-Biased Precision Reloaded: Reproducibility and Generalization
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The axes scale may

1

0.6

0.9

&

Lesson learned #3

Y,

Plots are good for qualitative evaluation purposes, but tables

are to be preferred for reproducibility purposes (appendix).

Influence the perception of the results.

The full-scale (i.e. [0,1] in this case) should be used.
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2Nd set of experiments to be reproduced= e

—  DELLINFORMAZIONE

2. Upper and lower bounds for RBP varying the p parameter and
iNncreasing number of documents are considered (from 1 to

Rank-Biased Precision for Measurement of Retrieval Effectiveness B 2:19 {
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0.8 -
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(a) Pool depth 10 (b) Pool depth 100 ’
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Upper and Lower Bounds = e

—  DELLINFORMAZIONE

- RBP lower bounds are defined by calculating RBP in a normal setting

where unjudged docs are considered as not relevant (pessimistic
assumption)

- RBP upper bounds are calculated by summing the lower bounds with the
residuals (optimistic assumption)

- Residuals are calculated on an item-by-item basis by summing the weight that the
docs would have had if they were relevant

Rank-Biased Precision for Measurement of Retrieval Effectiveness
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Upper and |_O\/\/er Bounds = DIPARTIVENTO

= DI INGEGNERIA
—  DELLINFORMAZIONE

RBP lower bounds are defined by calculating RBP in a normal setting

where unjudged docs are considered as not relevant (pessimistic
assumption)

- RDD LimaAr A A Ara AAalArilAatAA h\& i~ HaA A Ar A imaAa vt Ha A

re The goal is to show that the bounds stabilize

as the depth of evaluation is increased

W

. Rank-Biased Precision for Measurement of Retrieval Effectiveness c 2:19

1.0

0.8 —

Average RBP

Depth of ranking

Depth of ranking
(a) Pool depth 10 (b) Pool depth 100 ’
el e e Y VRV SR PRSI ™ L
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slide 21
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Upper and Lower Bounds = e
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0.8
System A
0.6 —
o
m
o System B
S 04
@ .
©
2
<
0.2 —
—{ 31— Upper bound, pool depth 10
Upper and lower bound, pool depth 100
—l— Lower bound, pool depth 10
OOt———T7 717 71 T T 1

0.0 0.2 0.4 0.6 0.8 1.0

Parameter p

- The previous problem affects the experiment reported In
Figure 6 on page 20: the names of the system A and
system B are not reporteo

- There are 1830 possible pairs of system in TREC-5
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Upper and Lower Bounds 2 o
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0.8

System A
0.6 —
o
m
o System B
o
o 04
©
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—3F— Upper bound, pool depth 10
4 ——— Upper and lower bound, pool depth 100
—l— Lower bound, pool depth 10
00 U U EUNL

0.0 0.2 0.4 0.6 0.8 1.0
Parameter p

Lesson learned #4

re
The need for confidentiality may make more difficult to
reproduce results. It explicitly mentioning system ids is not

detrimental, they should be reported.
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3. Discriminative power: t test and Wilcoxon test for determining

the rate at which different effectiveness metrics allow
significant distinctions to be made between systems

2:24

A. Moffat and J. Zobel

Table IV.
The rate at which different effectiveness metrics allow significant
distinctions to be made between retrieval methods. A total of 61 system
runs were pairwise compared using the TREC-5 queries, making a
total of 61 x 60/2 = 1830 system comparisons. The four columns show
the number of those tests that were judged to be significant using the
indicated statistical comparison. Of the traditional metrics, AP is the
most consistent, in terms of allowing systems to be experimentally
separated; of the RBP variants, that with p = 0.95 is the most consistent.
The NDCG measure is a little better than both RBP and AP. In all cases
the test undertaken was a two-tailed one, to answer the question “Are
the two systems significantly different?”

i

. Wilcoxon t test
Metric

95% 99% 95% 99%
RR 1020 759 1000 752
P@10 1141 897 1150 915
P@R 1209 989 1142 931
AP 1259 1077 1164 969

RBP, p = 0.5 1067 834 1050 810
RBP, p =08 1164 919 1166 917

RBP, p =0.95 1231 1006 1209 987
NDCG 1291 1092 1269 1101
AT N P T el e TN ™ et P o By N e BB
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t test and Wilcoxon test 2 DPATIENTO

— DELLINFORMAZIONE

Metric Wilcoxon t test

95% 99% 95% 99%
RR 1020 759 1000 752
P@10 1141 897 1150 915
P@R 1209 989 1142 931
AP 1259 1077 1164 969
RBP, p = 0.5 1067 834 1050 810
RBP, p =0.8 1164 919 1166 917
RBP, p = 0.95 1231 1006 1209 987
NDCG 1291 1092 1269 1101

Reproduced results
Numbers in bold are those which are at least 1% different from those in the original RBP paper

Wilcoxon t test
Metric 99% 95% 99% 95%
RR 1030 763 1000 752
P@10 1153 904 1150 915
P@R 1211 994 1142 931
AP 1260 1077 1164 969
RBP.5 1077 845 1052 812
RBP.8 1163 921 1167 918
RBP.95 1232 1009 1209 987
nDCG 1289 1104 1267 1089
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t test and Wilcoxon test 2 DPATIENTO
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Metric Wilcoxon t test

95% 99% 95% 99%
RR 1020 759 1000 752
P@10 1141 897 1150 915
P@R 1209 989 1142 931
AP 1259 1077 1164 969
RBP, p = 0.5 1067 834 1050 810
RBP, p =0.8 1164 919 1166 917
RBP, p = 0.95 1231 1006 1209 987
NDCG 1291 1092 1269 1101

REPR ©Ducgp,

Reproduced results
Numbers in bold are those which are at least 1% different from those in the original RBP paper

l Wilcoxon t test
Metric 99% 95% 99% 95%
RR 1030 763 1000 752
PQ@10 1153 904 1150 915
P@QR 1211 994 1142 931
AP 1260 1077 1164 969
RBP.5 1077 845 1052 812
RBP.8 1163 921 1167 918
RBP.95 1232 1009 1209 987
nDCG 1289 1104 1267 1089
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Reproducibility and Generalization
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Reproducibllity and Generalization 2 e
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—  DELLINFORMAZIONE

1. Same experiments employing the same methods but in a
different context = change the experimental collection

2. Same experiment employing different (but similar) methods in

a different context = change pool downsampling technigue
and experimental collection

N. Ferro and G. Silvello Rank-Biased Precision Reloaded: Reproducibility and Generalization slide 27
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Reproducibllity and Generalization =2 e

= DI INGEGNERIA
—  DELLINFORMAZIONE

- We investigated three main aspects:

A. stability to deterministic downsampling at depth 10 by using
two TREC and two CLEF collections

B. robustness to downsampling according to the stratified
random sampling technigue (SRS)

C. behavior of upper and lower bound in the average case

N. Ferro and G. Silvello Rank-Biased Precision Reloaded: Reproducibility and Generalization slide 28



—Xperimental collections = e
. DELLINFORMAZIONE

Collection CLEF 2003 TREC 13 CLEF 2009 TREC 21
Year 2003 2004 2009 2012

Track Ad-Hoc Robust TEL Web

# Documents 1M 528K 2.1M 1B

# Topics 50 250 50 50

# Runs 52 110 43 27

Run Length 1,000 1,000 1,000 10,000
Relevance Degrees 2 3 2 4

Pool Depth 60 100 and 125 60 30 and 25
Languages EN, FR, DE, ES EN DE, EL, FR, IT, ZH EN

N. Ferro and G. Silvello Rank-Biased Precision Reloaded: Reproducibility and Generalization slide 29



A. Stapility to

Deterministic

®
Downsampling
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DI INGEGNERIA

N. Ferro and G. Silvello

CLEF multi4, 2003, Ad—Hoc, Mean RBP original depth — depth 10
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N. Ferro and G. Silvello

A. Stapility to

1

CLEF multi4, 2003, Ad—Hoc, Mean RBP original depth — depth 10
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The results presented for TREC-05 are confirmed also with

these collections, showing that RBP.5 and RBP.8 are robust
to downsampling while RBP.95 tends to underestimate the
effectiveness of the runs when using pool depth 10
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5. Robustness to SRS downsampling = s

—  DELLINFORMAZIONE

CLEF multi4, 2003, AdHoc
Kendall's tau Correlation with Stratified Random Pool Sampling
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5. Robustness to SRS downsampling = s
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TREC 21, 2012, Web
Kendall's tau Correlation with Stratified Random Pool Sampling
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3. Robustness to SRS downsampling 2
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TREC 21, 2012, Web

Using SRS downsampling, RBP.95 is the most robust
measure and RBP.5 the least robust

—)

This contradicts the results obtained with the other
downsampling technigue

48} .
S
S 0.50:
5 |
P é
© 5
=] . :
= :
QD )
x é
0,200 e
010 ——FBPOSO | S S
. —*—RBP_080 | : | | ' '
. —+— RBP_095 |
0_00L _____________________________ L. Dl L L. |
100% 90% 70% 50% 30% 10%

Pool Reduction Rate

N. Ferro and G. Silvello Rank-Biased Precision Reloaded: Reproducibility and Generalization slide 31



e
3. Ropbustness to SRS downsampling 2 i
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TREC 21, 2012, Web
Kendall's tau Correlation with Stratified Random Pool Sampling

Using SRS downsampling, RBP.95 is the most robust
measure and RBP.5 the least robust

—)

This contradicts the results obtained with the other
downsampling technigue

dall's tau Cc¢

Lesson learned #5

rr

It is important to validate our findings adopting several
different experimental collection and (whenever possible)
different methods.

Pool Reduction Rate

N. Ferro and G. Silvello Rank-Biased Precision Reloaded: Reproducibility and Generalization slide 31



O
C. Bounds in the Average case = e
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TREC 05, 1996, Ad-Hoc,Upper and lower bounds with original pool
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TREC 05, 1996, Ad-Hoc,Upper and lower bounds with original pool
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The average case is better for reproducibility purposes
and more general w.r.t.
to show the behavior of only one selected run
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C. Bounds in the Average case = e
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TREC 05, 1996, Ad-Hoc,Upper and lower bounds with pool depth 10 TREC 05, 1996, Ad-Hoc, Upper and lower bounds with Stratified Random Sampling
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Reproduce the reproduction: MAT T

- Open source library written in
MATLAB

- MATLAB was chosen mainly
because of Its

- widely tested and robust to numerical
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approximations implementations of -
statistical methods: http://matters.dei.unipd.it/
- Kendall's Tau
- Student’s ¢ test

- Wilcoxon signed rank test
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If you use this toolkit in a paper please cite it as:
MATTERS (http.//www.matters.dei.unipd.it/) is developed and maintained
by N. Ferro and G. Siivello, University of Padua, italy.

Please let us know if you used MATTERS in one of your
papers so that we can add your contribution to the following
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Publishing Switzeriand, 2015.
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Accepted for publication, 2014,
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Precision via Markov Chains. In Geva, S., Trotman, A., Bruza, P., Clarke, C. L.
A., and Jarvein, K., editors, Proc. 37th Annual Intermational ACM SIGIR
Conference on Research and Development in information Retrieval (SIGIR 2014).
ACM Press, New USA,

Ferrante, M., Ferro, N., and Maistro, M. Rethinking How to Extend Average
Precision to Graded Relevance. information Access Evaluation meets
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Springer International Publishing Switzerland.
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- The use of public and shared experimental collections enhances
reproducibility of results and eases generalization

- Data (pre-)processing choices should be explicitly reporteo

- Whenever possible a finding should be validated adopting
different methods

- For reproducibllity purposes tables are better than plots (put them
N an appendix or on-line)

- Share all the code for the experiments
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Questions?

N. Ferro and G. Silvello Rank-Biased Precision Reloaded: Reproducibility and Generalization slide 35



