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Abstract

Rating-scale evaluations are common in
NLP, but are problematic for a range of
reasons, e.g. they can be unintuitive for
evaluators, inter-evaluator agreement and
self-consistency tend to be low, and the
parametric statistics commonly applied to
the results are not generally considered
appropriate for ordinal data. In this pa-
per, we compare rating scales with an al-
ternative evaluation paradigm, preference-
strength judgement experiment®Jgs),
where evaluators have the simpler task of
deciding which of two texts is better in
terms of a given quality criterion. We
present three pairs of evaluation experi-
ments assessing text fluency and clarity
for different data sets, where one of each
pair of experiments is a rating-scale ex-
periment, and the other ismE We find
the PJE versions of the experiments have
better evaluator self-consistency and inter-
evaluator agreement, and a larger propor-
tion of variation accounted for by system
differences, resulting in a larger number of
significant differences being found.

Introduction

to gain some insight into which systems are bet-
ter than which others, in other words, the aim is
inherently relative. YelLP system evaluation ex-
periments have generally preferred rating scale ex-
periments where evaluators assess each system’s
quality in isolation, in absolute terms.

Such rating scales are not very intuitive to use;
deciding whether a text deserves a 5, a 4 or a 3
etc. can be difficult. Furthermore, evaluators may
ascribe different meanings to scores and the dis-
tances between them. Individual evaluators have
different tendencies in using rating scales, e.g.
what is known as ‘end-aversion’ tendency where
certain individuals tend to stay away from the ex-
treme ends of scales; other examples are positive
skew and acquiescence bias, where individuals
make disproportionately many positive or agree-
ing judgements; see e.g. Choi and Pak, (2005).

It is not surprising then that stable averages of
quality judgements, let alone high levels of agree-
ment, are hard to achieve, as has been observed for
MT (Turian et al., 2003; Lin and Och, 2004), text
summarisation (Trang Dang, 2006), and language
generation (Belz and Reiter, 2006). It has even
been demonstrated that increasing the number of
evaluators and/or data can have no stabilising ef-
fect at all on meansDUc literature).

The result of a rating scale experiment is ordi-
nal data (sets of scores selected from the discrete

Rating-scale evaluations, where human evaluatonsting scale). The means-based ranks and statisti-
assess system outputs by selecting a score on a disal significance tests that are commonly presented
crete scale, are the most common form of humanwith the results oRsEs are not generally consid-
assessed evaluation WLP. Results are typically ered appropriate for ordinal data in the statistics
presented in rank tables of means for each systefiterature (Siegel, 1957). At the least, “a test on the
accompanied by means-based measures of statistiheans imposes the requirement that the measures
cal significance of the differences between systermust be additive, i.e. numerical” (Siegel, 1957, p.
scores.
NLP system evaluation tends to involve sets ofnon-parametric alternatives, because they make a
systems, rather than single ones (evaluations tenmtumber of strong assumptions (including that the
to at least incorporate a baseline or, more rarely, data is numerical). If the assumptions are violated
topline system). The aim of system evaluation isthen the risks is that the significance of results is

14). Parametric statistics are more powerful than
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tion paradigm, Prefgrence—strength Jl_Jdgement Ex- @ & o it parte et el
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have been used mLP system evaluation (Reiter et Clarity

P H _ O 5. Very good (all parts are clear)

al., 2905_), but_to our knowledge this is the f|r§t sys & 4 Bl et pottoans diosd)
tematic investigation of preference-strength judge- O 3. Neither good nor poor
ments where evaluators express, in addition to 6 f,‘;l?; g’f};ﬂﬁeﬁﬂsﬁﬁm

their preferencewhich system do you prefer?
also the strength of their preferendey{ strongly
do you prefer the system you preferdt seems
intuitively convincing that it should be easier to
decide which of two texts is clearer than to de-

cide whether a text's clarity deservesa 1, 2, 3,4 or, . . .
gle3|gn which ensures that each subject sees the

ame number of outputs from each system and
or each test set item. Following detailed instruc-
ions, subjects first do 2 or 3 practice examples,

( Submit rating )

Figure 1. Standardised 1-5 rating scale represen-
tation for Fluency and Clarity criteria.

also able to express the strength of their preferenc
in a consistent fashion, resulting not only in good

self-consistency, but also in good agreement wittf .
Y g g ollowed by the texts to be evaluated, in an order

other evaluators. domised f h subiect. Subiect i
We present three pairs of directly comparableran OMISed for each subject. - Subjects carry ou

RSEandpPJEevaluations, and investigate how theygﬁsgilﬁgzz.ﬁver?ﬁelnt::ge;ilst 13T§ %rt]grfla(;e
compare in terms of (i) the amount of variation ac- ' INg. y W : up

counted for by differences between systems (thgndhresume ® utt)zilredq]:fscourageg from dm;g Sr?) '
more the better), relative to the amount of varia- | "e'€ are subtle differences between the three

tion accounted for by other factors such as evaluSXPeriment pairs, and for ease of comparison we

ator and arbitrary text properties (the less the betP"Vide an overview of the six experiments we in-
ter); (i) inter-evaluator agreement, (iii) evaluator VeStigate in this paper in Table 1. Each of the as-

self-consistency, (iv) the number of significant dif- PECtS Of experimental design and execution shown
ferences identified, and (v) experimental cost. in this table is explained and described in more de-

tail in the relevant subsection below, but some of

2 Overview of Experiments the important differences are highlighted here.

_ _ In GREGNEG PJE each system is compared
In the following three sections we present the dey,;ih only one other comparisor system (a human-
sign and results of three pairs of evaluations. Each ihored topline), whereas in the other tEex-
pair consists of a rating-scale experimeRSE)  periments, each system is compared with all other
and a preference-strength judgement experlmergystemS for each test data set item.
(P38 that differ only in the rating method they eém- *, yhe o versions of the1eTEO evaluation,
ploy (relative raitmgs in theJeand absolute rat- o\ 5 ators were not drawn from the same cohort of
ings in thersg).” In other words, they involve the 0,16 \hereas in the other two evaluation pairs
same set of system outputs, the same mstructlon[ﬁey were drawn from the same cohOmGREG
and method of presentating system outputs. Eac{lc; rseandmeTeO RsEused radio buttons (as
pair is for a different data domain and system taSkshown in Figure 1) as the rating-scale evaluation
the first for generating chains of references to PEOH echanism whereas MUNA RSE it was an un-
ple in Wikipedia articles (Section _3); the S‘_:"Condmarked slider bar. While slightly different names
for Weath(_ar forecast te>_<t genera_no_n (Secfuon 4)i/vere used for the evaluation criteria in two of
and the third for generating descriptions of image§ye eyaluation pairs, Fluency/Readability were ex-
of furniture and faces (Section 5). _ plained in very similar termsdpes it read wellp

All experiments use a Repeated Latin Squaregq adequacy iruna was explained in terms of

\We are currently preparing an open-source release of thélarity of referenceig it clear which entity the de-

RsEPJEtoolkit we have developed for implementing the ex- scription refers to}, so there are in fact just two
periments described in this paper which automatically gen-,

erates an experiment, including webpages, given some use?—valuatlorI criteria (albeit with different names).

specified parameters and the data to be evaluated. Where we use preference-strength judgements,



Data set GREC-NEG METEO TUNA

Type RSE | PJE RSE | PJE RSE | PJE
Criteria names Fluency, Clarity Readability, Clarity Fluency, Adequacy
Evaluator type linguistics students uni staff ling stud linguistics students
Num evaluators 10 10 22 22 8 28
Comparisor(s) - human topline - all systems - all systems
Test set size 30 22 112

N trials 300 300 484 1210 896 3136
Rating tool radio buttons slider radio buttons slider slider bar slider
Range 1-5 —10.0.. + 10.0 1-7 —50.0.. + 50.0 0-100 | —50.0.. + 50.0
Numbers visible? yes no yes no no no

Table 1: Overview of experiments with details of design ardcation. (Comparisor(s) = the other
systems against which each system is evaluated.)

the evaluation mechanism is implemented USINg case="pl ai n">Sir Al exander Fl eni ng</ REFEX> </ REF>
. . 6 August 1881 - 11 March 1955) was a Scottish biol-

slider bars as shown at the bottom of Figure Z,gi < and pharmacol ogi st .

which map to a scale-X.. + X. The evalua-

) . ) . This data was used in th&RECGNEG'09
tor's task is to express their preference in terms of i
) o . . shared-task competition (Belz et al., 2009), where
each quality criterion by moving the pointers on

. . . the task was to create systems which automatically
the sliders. Moving the pointer to the left means .
: select suitablares for all references to all person
expressing a preference for the text on the left; =~~~
o . : entities in a text.
moving it to the right means preferring the text on The evaluation experiments use Clarity and Flu
the right; the further to the left/right the slider is P y

ency as quality criteria which were explained in
moved, the stronger the preference. It was not ev-_ . . :
. . ._._the introduction as follows (the wording of the first
ident to the evaluators that sliders were associated

) . ) . IS from DUC):

with numerical values. Slider pointers started out

in the middle of the scale (the position correspond- 1. Referential Clarity: It should be easy to identify who

; the referring expressions are referring to. If a person
ing to no preference). If they wanted to leave the is mentioned, it should be clear what their role in the

pointer in the middle (i.e. if they had no prefer- story is. So, a reference would be unclear if a person
ence for either of the two texts), evaluators had to is referenced, but their identity or relation to the story
check a box to confirm their rating (to avoid evalu- ~ "émains unclear.

ators accidentally not rating a text and leaving the 2. Fluency: A referring expression should ‘read well’,

pointer in the default position). i.e. it should be written in good, clear English, and the
use of titles and names should seem natural. Note that

the Fluency criterion is independent of the Referential

3 GREC-NEG RSE/PJE: Named entity Clarity criterion: a reference can be perfectly clear, yet
reference chains not be fluent.
3.1 Dataand generic design The evaluations involved outputs for 30 randomly

In our first pair of experiments we used system an&;elected |tems from 'the tes_t set from 5 of the 6
systems which participated BRECG-NEG'10, the

human outputs for theREC-NEG task of selecting four baseli . develoned by th _
referring expressions for people in discourse con!our baseline systems developed by the organisers,

text. TheGRECG-NEG dat& consists of introduction and the original corpus texts (10 systems in total).

sections from Wikipedia articles about people in32 preference judgement experiment
which all mentions of people have been annotateq_he

by marking up the word strings that function as . .
. . . GREC09 was designed as a preference-judgement
referential expression®gs) and annotating them ) . .
test where subjects expressed their preference, in

with coreference information as well as syntactic T . -
) o terms of the two criteria, for either the original
and semantic features. The following is an examsx

i Wikipedia text (human-authored ‘topline’) or
ple of an annotatedE from the corpus: ) L .
the version of it with system-selected referring
<REF ENTI TY="0" MENTI ON="1" SEMCAT="person" SYNCAT="np"

SYNFUNC=" subj " ><REFEX ENTI TY="0" REQ08- TYPE=" nare" expressions in it. There were three 10x10 Latin
—— Squares, and a total of 300 trials (with two
The GRECG-NEG data and documen- . .
tation is available for download from Judgements in each, one for Fluency and one for
http://ww.nltg.brighton.ac.uk/home/Anja.Belz Clarity) in this evaluation. The subjects were 10

human-assessed intrinsic evaluation in



Exercize: GEEC-NEG'0S, Evaluator Jane Doe;, Eemaning stems: 7

Ramon Pichot Girones

Eamon Pichot Gironés (1872 - 1 March
1925% was a Catalan and Spamsh artist. He
painted in an inpressionist style

Eamon Pichot Gironés (1872 - 1 March
1925) was a Catalan and Spanish artist. He
painted in an inpressionist style.

He was a good fiiend of Pablo Picasso and _
acted an early mentor to young Salvador Dali

He was a good fiend of Pablo Picasso and _
acted az an eatly mentor to young Salvador

Dali. Salvador Dali met Ramon Pichot Girones
n Cadagqués, Spain when Salvador was only
10 years old. Eamon also made many trips to
France. Once in a while Salvader and his
family would go on a trip with Eamen Pichot
and s farnily.

Clarity

Salvador Dali met him i Cadacqués, Span
when Salvador was only 10 vears old. Eamon
also made many trips to France. Oncem a
while Salvador Dali and his family would go
on a trip with Eamon Pichot and his farly.

L
T

[ move slider or tick here to confirm your rating

Fluency

L
T

[ move slider or tick here to confirm your rating

Figure 2: Example of text pair presented in human intrinsaluwation ofGRECG-NEG systems.

native speakers of English recruited from cohorts Type Measure Clarity | Fluency
of students currently completing a linguistics-| RSE Fl9,200) 10.975** | 35.998**
related degree at Kings College London ang N sig diffs 19/45 27/45
University College London. K's W (inter) .543** .760**

Figure 2 shows what subjects saw during the avg W (intra) 5275 7192
evaluation of an individual text pair. The place (Text | F29,270) 2.512% | 1.825%)
(left/right) of the original Wikipedia article was | (Evaluator| Fig 290) 3.998* .630)
randomly determined for each individual evalua-{ PJE Fl9,290) 29.539** | 26.596**
tion of a text pair. People references are hight N sig diffs 26/45 24/45
lighted in yellow/orange, those that are identical K's W (inter) L7 725**
in both texts are yellow, those that are different are avg W (intra) .6909 7125
orange® The sliders are the standardised design (Text | Fag,270) .910 1.237)
described in the preceding section. (Evaluator | Fg 290 1.237 | 4.145%)

3.3 Rating scale experiment
Our new experiment used our standardised radi

Table 2: GREC-NEG RSE/PJE: Results of analy-

ges looking at effect of System.

button design for a 1-5 rating scale as shown in

Figure 1. We used the same Latin Squares desigghows the F ratio as determined by a one-way
as for thepJE version, and recruited 10 different 5nova with the evaluation criterion in question
evaluators from the same student cohorts at Kinggs the dependent variable and System as the fac-
College London and University College London.or. F is the ratio of between-groups variability
Evaluators saw just one text in each trial, with theger within-group (or residual) variability, i.e. the
people references highlighted in yellow. larger the value of F, the more of the variability ob-
served in the data is accounted for by the grouping
factor, here System, relative to what variability re-
Measures comparing the results from the two vermains within the groups.

sions of theGRECG-NEG evaluation are shown in The second row shows the number of signifi-
Table 2. The first row for each experiment typecan differences out of the possible total, as deter-
mined by a Tukey’'sHsD analysis. Kendall's W
(interpretable as a coefficient of concordance) is

3.4 Resultsand comparative analysis

3When viewed in black and white, the orange highlights
are the slighly darker ones.



a commonly used measure of the agreement bdexts and wind data the systems were trained on,
tween judges and is based on mean rank. It rangesg.:

from 0 to 1, and the closer to 1 it is the greater the Data: 1 ﬁger %/g gOVAR' 02683 2 885460- -
agreement. The fourth row (Ks W inter) Shows ot SSW 16- 20 GRADUALLY BACKI NG SSE
the standard W measure, estimating the degree to THEN FALLI NG VARI ABLE 4-8 BY
which the evaluators agreed. The 5th row (K's W, LATE EVENI NG

intra) shows the average W for repeated ratingShe input vector is a sequence of 7-tuples
by the same judge.e. it is @ measure of the av- (i, d, s,4in, Smazs Gmins Imaz, t) Wherei is the tu-
erage self-consistency achieved by the evaluatorgle’sip, d is the wind directions, i, ands,,q. are
Finally, in the last two rows we give F-ratios for the minimum and maximum wind speedgy,i,
Text (test data set item) and Evaluator, estimatingind g,,,,, are the minimum and maximum gust
the effect these two have independently of Systengpeeds, andis a time stamp (indicating for what
The F ratios and numbers of significant differ-time of the day the data is valid). The wind fore-
ences are very similar in tieversion, but very cast texts were taken from comprehensive mar-
dissimilar in thersE version of this experiment. itime weather forecasts produced by the profes-
For Fluency, F is greater in these version than  sional meteorologists employed by a commercial

in the PJE version where there appear to be big-weather forecasting company for clients who run
ger differences between scores assigned by evaluaffshore oilrigs.

tors. However, Kendall's W shows that in terms of There were two evaluation criteria; C|ar|ty was

mean score ranks, the evaluators agreed to a siméxplained as indicating how understandable a fore-
lar extent in both experiment versions. cast was, and Readability as indicating how fluent
Clarity in the RSE version has lower values and readable it was. The experiment involved 22
across the board than the rest of Table 2: it acforecast dates and outputs from the 10 systems de-
counts for less of the variation, has fewer signifi-scribed in (Belz and Kow, 2009) (also included in
cant differences and lower levels of inter-evaluatofihe corpus release) for those dates (as well as the

agreement and self-consistency. If the results fror@orresponding forecasts in the Corpus) in the eval-
the PJEversion were not also available one mightyation, i.e. a total of 242 forecast texts.

be inclined to conclude that there was not as much
difference between systems in terms of Clarity ast.2 Rating scale experiment
there was in terms of Fluency. However, becaus
Fluency and Clarity have a similarly strong effect
in GREG-NEG PJE it looks instead as though the
evaluators found it harder to apply the Clarity cri-
terion in GREG-NEG RSEthan Fluency inGRECG
NEG RSE and than Clarity l6REG-NEG PJE

One way of interpreting this is that it is possible
to achieve the same good levels of inter-evaluato
and intra-evaluator variation for the Clarity crite-
rion as for Fluency (both as defined and applie
within the context of this specific experiment), and
that it is therefore worrying that these version
does not achieve it.

e used the results of a previous experiment (Belz
and Kow, 2009) in which participants were asked

to rate forecast texts for Clarity and Readability,

each on a scale of 1-7.

The 22 participants were all University of
Brighton staff whose first language was English
and who had no experience gf.p. While ear-
rier experiments used master mariners as well as
O,ay—people in a similar evaluation (Belz and Re-
iter, 2006), these experiments also demonstrated
that the correlation between the ratings by expert
evaluators and lay-people is very strong in the
TEO domain (Pearson’s = 0.845).

4 METEO RSE/PJE: Weather forecasts We used a single 22 (evaluators) by 22 (test data
items) Latin Square; there were 484 trials in this
4.1 Data experiment.

Our second pair of evaluations used the Prodigy- _ _

METEG? version (Belz, 2009) of the @uTime- 43 Preference judgement experiment

METEO corpus (Sripada et al., 2002) which con-Qur new experiment used our standardised pref-

tains system outputs and the pairs of wind forecasérence strength sliders (bottom of Figure 2). We
“The Prodigy-METEO corpus is freely available here: '€Cruited 22 different evalluators from among Stu-

http://www.nltg.brighton.ac.uk/home/Anja.Belz dents currently completing or recently having



Type Measure Clarity | Readability| petition (Gatt et al., 2009. The TUNA data is
RSE Fl10,473) 23.507** 24.351** | a collection of images of domain entities paired
N sig diffs 24/55 23/55 | with descriptions of entities. Each pair consists of
K's W 497+ .533** | seven entity images where one is highlighted (by a
(Text | Fio1,462) 1.467 1.961*) | red box surrounding it), paired with a description
(Evaluator | Fis1 462) 4.832+* 4.824*) | of the highlighted entity, e.g.:
PJE Floases) | 45.081% | 41.318*
N sig diffs 34/55 32/55 \
K's W .626** 54 2** ‘3
(Text | Fiai016) 1.436 1.573)
(Evaluator | Fz: 021 794 1.057) R <
Table 3: METEO RSE/PJE: Results of analyses
looking at effect of System. 3 < I 4
the small blue fan

completed a linguistics-related degree at Oxford,

KCL, UCL, Sussex and Brighton. The descriptions were collected in an online ex-
We had at our disposal IMETEO systems, SO periment with anonymous participants, and then
there werg(', ) = 55 system combinations to eval- annotated for semantic content. TONA'09, the
uate on the 22 test data items. We decided on sk for participating Systems was to generate de-
design of ten 11x 11 Latin Squares to accommo- scriptions of the highlighted entities given seman-
date the 55 system pairings, so there was a total gfc representations of all seven entities. In the eval-
1210 trials in this experiment. uation experiments, evaluators were asked to give
two ratings in answer to the following questions

(the first for Adequacy, the second for Fluency):
Table 3 shows the same types of comparative mea-

sures as in the previous section. Note that the
self-consistency measure is missing, because for
METEO-PJEWe do not have multiple scores for the
same pair of systems by the same evaluator.

For theMETEO task, the relative amount vari- 2.
ation in Clarity and Radability accounted for by
System is similar in th&sE, and again similar in
thePJE However, F ratios and numbers of signifi-  Participants were shown a system output, to-
cant differences found are higher in the latter thargether with its corresponding domain, displayed
intheRsE The inter-evaluator agreement measures the set of corresponding images on the screen.
also has higher values for both Clarity and ReadThe intended (target) referent was highlighted by
ability in the PJE although the difference is much a red frame surrounding it on the screen.
more pronounced in the case of Clarity. Following detailed instructions, subjects did

In the RSE version, Evaluator has a small but two practice examples, followed by the 112 test
significant effect on both Clarity and Readability, items in random order.
which disappears in theJeversion. Similarly, a There were 8 ‘systems’ in th&UNA evalua-
small effect of Text (date of weather forecast intions: the descriptions produced by the 6 systems
this data set) on Fluency in timsE version disap- and two sets of humans-authored descriptions.
pears in theeJEVersion.

4.4 Resultsand comparative analysis

1. How clear is this description? Try to imagine someone
who could see the same grid with the same pictures, but
didn’t know which of the pictures was the target. How
easily would they be able to find it, based on the phrase
given?

How fluent is this description? Here your task is to
judge how well the phrase reads. Is it good, clear En-
glish?

5.2 Rating scale experiment

5 RSE/PJE Pair 2: Descriptions of
furniture items and faces

The rating scale experiment that was part of the
TUNA’'09 evaluations had a design of fourteerx 8

51 Dataand generic design 8 squares, and a total of 896 trials.

| third pair of luati dth 5The TUNA’09 data and documen-
n our third pair of evaluations, we use € SYS+ation is available for download from

tem outputs from thauNA’09 shared-task com- http://www.nltg.brighton.ac.uk/home/Anja.Belz



Type Measure | Adequacy| Fluency For theTuNA dataset, we look at two Text factors.
RSE Fi7 88g) 6.371** | 17.207** Text2 refers to different sets of entities used in tri-
N sig diffs 7/28 15/28 als; there are 15 different ones. Text1 refers to sets
K's W 471 .676** of entities and their specific distribution over the
(Textl | Fiii,7sq) 1.519%* 1.091) | visual display grid in trials (see the figure in Sec-
(Text2 | Fiagsy 8.992% |  4.694*) tion 5.1); there are 112 different combinations of
(Evaluator | F(7 sss) 13.136%* | 17.479*) entity set and grid locations.
PJE Fi7 6264) 46.503** | 89.236** The most striking aspect of the results in Table 4
N sig diffs 19/28 22/28 is the effect of Evaluator in thesEversion which
K's W 573 .654** appears to account for more variability in the data
(Textl | Fii1,3024) 746 .921) even than System (relative to other factors). In
(Text2 | Fuazi21) 856 -853) fact, in the case of Adequacy, even Text2 causes
(Evaluator | F(27,310s) 1.3 1.638*) more variation than System. In contrast, in Hie

version, by far the biggest cause of variability is
Tablg 4. TUNA RSE/PJE: Results of <"m"’“yS(ESSystem (for both criteria), and the F ratios for Text
looking at effect of System. and Evaluators are not significant except for Eval-
uator on Fluency (weakly significant at .05).

Subjects were asked to give their judgments for On the face of it, the variation between evalua-
Clarity and Fluency for each item by manipulatingtors in therRsE version as evidenced by the F ra-
a slider. The slider pointer was placed in the centetio is worrying. However, Kendall's W shows that
at the beginning of each trial. The position of thein terms of mean rank, evaluators actually agreed
slider selected by the subject mapped to an integegimilarly well on Fluency in bothrRsE and PJE
value between 1 and 100. However, the scale washe F measure is based on mean scores whereas W
not visible to participants who knew only that oneis based on mean score ranks, so there was more
end of the scale corresponded to the worst possibléariation in the absolute scores than in the ranks.
score and the opposite end to the best. The reason is likely to be connected to the way

Eight native speakers of English were recruitedatings were expressed by evaluators inTtheA-
for this experiment from among post-graduateRSEexperiment: recall that evaluators had the task
students currently doing a Masters degree in & moving the pointer to the place on the slider
linguistics-related subject at UCL, Sussex andoar that they felt corresponded to the quality of
Brighton universities. text being evaluated. As no numbers were Visi-
ble, the only information evaluators had to go on
was which was the ‘worse’ end and which was the
‘better’ end of the slider. It seems that different

Our new experiment used our standardised pref-

erence strength sliders (bottom of Figure 2). TOevaluators used this evaluation tool in very differ-

accommodate all pairwise comparisons as well a§nt ways (accounting for the variati_on in absoIL_Jte

all test set items, we used a design of four 26°C0res). but were able to apply their way of using

« 28 Latin Squares, and recruited 28 evaluatoréhe tool reasonably consstently to different texts

from among students currently completing, or re-(SC that they were able to achieve reasonably good
cently having completed, a degree in a Iinguis,[iCS_agre_ement with the other evaluators in terms of

related subject at Oxford, KCL, UCL, Sussex and“c"lat've SCores).

Brighton universities. There were 3,136 trials in
this version of the experiment.

5.3 Preference judgement experiment

6 Discussion

We have looked at a range of aspects of evalu-
ation experiments: the effect of the factors Sys-
Table 4 shows the same measures as we reportéein, Text and Evaluator on evaluation scores; the
for the other two experiment pairs above. Thenumber of significant differences between systems
picture is somewhat similar in that the measuresound; self-consistency; and inter-evaluator agree-
have better values farJE version except for the ment (as described by F ratios obtained in one-way
inter-evaluator agreement (Kendall's W) for Flu- ANOVASs for Evaluator, as well as by Kendall's W
ency which is slightly higher for theseversion. measuring inter-evaluator agreement).

5.4 Resultsand comparative analysis



The results are unambiguous as far as théut the comparative element, where pairs of sys-
Clarity criterion (called Adequacy iTUNA) is  tems are compared and one is selected as better in
concerned: in all three experiment pairs, theterms of a given criterion than the other.
preference-strength judgememtsg version had It makes sense intuitively that deciding which
a greater effect of System, a smaller effect ofof two texts is clearer should be an easier task than
Text and Evaluator, more significant pairwise dif- deciding whether a systemis a5, 4, 3 or 1 in terms
ferences, better inter-evaluator agreement, andf its clarity. PJEs enabled evaluators to apply the
(where we were able to measure it) better selfClarity criterion to determine ranks more consis-
consistency. tently in all three experiment pairs.

The same is true for Readability METEO and However, it was an open question whether eval-
Fluency inTUNA, in the latter case except for W uators would also be able to express $fiength
which is slightly lower inTUNA-PJEthanTuNA-  of their preference consistently. From the results
RSE However, Readability ilGREG-NEG bucks we report here it seems clear that this is indeed the
the trend: here, all measures are worse in thease: the System F ratios which look at absolute
PJEVersion than in thesE version (although for scores (in therJes quantifying the strength of a
the W measures, the differences are small). Pagreference) are higher, and the Evaluator F ratios
of the reason for this may be that ®REc-NEG  lower, in all but one of the experiments.

PJE each system was only compared to one sin- While there were the same number of trials
gle other ‘system’, the (human-authored) originalin the two GREG-NEG evaluations, there were
Wikipedia texts. 2.5 times as many trials IMETEO-PJE than in

If we see less effect of Clarity than of Fluency METEO-RSE and 3.5 times as many trials in
in an experiment (as IBREG-NEG RSEaNdTUNA TUNA-PJEthan inTUNA-RSE The increase in tri-
RSE), then we might want to conclude that Sys_als is counter-balanced to some extent by the fact
tems differed less in terms of Clarity than in termsthat evaluators tend to give relative judgements
of Fluency. However, the real explanation mayfar more quickly than absolute judgements, but
be that evaluators simply found it harder to applyclearly there is an increase in cost associated with
the Clarity criterion than the Fluency criterion in including all system pairings in eJe If this cost
a given evaluation set-up. The fact that the differ-grows unacceptably large, a subset of systems has
ence in effect between Fluency and Clarity virtu-t0 be selected as reference systems.
ally disappears IlGREG-NEG PJEmakes this the
more likely explanation at least for ttemec-neg 7 Concluding Remarks

evaluations. L . .
Our aim in the research presented in this paper

Parametric statistics are more powerful than, .5 g investigate how rating-scale experiments
non-parametric ones because of the sStrong ags,mpare to preference-strength judgement experi-
sumptions they make about the nature of the datgne s in the evaluation of automatically generated
Roughly speaking, they are more likely to uncovery g aqge. We find that preference-strength judge-
significant differences. Where the assumptions arfhent evaluations generally have a greater rela-

violated, the risk is that significance is overesti-g o offect of System (the factor actually under in-

mated (the likelihood that null hypotheses are iny g gigation), a smaller relative effect of Text and

correctly rejected increases). One might consideg, o ator (whose effect should be small), a larger

using a slider mapping to a continuous scale iy mper of significant pairwise differences be-

stead of a multiple-choice rating form in order to tween systems, better inter-evaluator agreement,

overcome this problem, but the evidence from they,j (yhere we were able to measure it) better eval-
TUNA RSE evaluation appears to be that this can ator self-consistency.

result in unacceptably large variation in how indi-
vidual evaluators apply the scale to assign absolute
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