1. A framework to develop a holistic model of text readability: We have seen that ARA research is
primarily focused on textual features, especially those that focus on form. However, there are many
other aspects such as conceptual difficulty, typographic features, user characteristics, task features
ele, as we saw earlier. An obvious challenge would be to develop a unified model of ARA that
encompasses all these aspects. However, it is not the work of one person or group, nor can it all
be done in one go. So, an important first step in this direction (which can address limitations 1—
2) would be to design an easily extendable framework to build a holistic model of readability by
incrementally adding multiple dimensions, covering multi modal data. This would also necessitate
the development of appropriate corpora and other resources suitable for this purpose.

2. Models adaptable to new domain: Any ARA model could still only be relevant to the target
domain/audience and may not directly transfer to a new application scenario. Hence, approaches
that can transfer an existing model into a new domain/audience should be developed. One potential
avenue to explore in this direction is to model ARA as a ranking problem instead of classification
or regression, as it was shown to generalize better than other models in the past (Xia et al., 2016).
This can address the limitation 3 mentioned earlier.

3. Creation of open and diverse datasets and tools: Development of openly accessible corpora
which suit various application scenarios, for several languages is a major challenge in ARA re-
search, as we saw earlier. New methods (o quickly create (and validate) corpora need to be de-
veloped. Whether recent developments in data augmentation can be useful for developing ARA
corpora is also something that can be explored in future. For widespread adaptation of research on
ARA, and to progress towards a holistic model, ready to use tools should be developed. Tools such
as Coh-Metrix (Graesser et al., 2011) and CTAP® (Chen and Meurers, 2016) that provide a range
of linguistic features typically associated with readability assessment are a step in this direction.
Along with these, tools that can show the predictions of ARA models should also be developed, to
address the limitations 3-4.

4. Developing Best Practiees: To support the creation of reusable resources (corpora/code) and to be
able to reproduce/replicate results and understand SOTA, a set of best practices must be developed
for ARA. Some inspiration for this can be drawn from the procedures and findings of the recently
conducted REPROLANG challenge (Branco et al., 2020) which conducted a shared task to rephi-
cate some published NLP research. The best practices for ARA should also include guidelines for
validating the corpora and features developed, as well as recommended procedures for develop-
ing interpretable approaches. This can help one address the limitations 5-7 to some extent. This
will also potentially encourage non-NLP researchers to seriously consider employing more recent
ARA models in their research. Some aspects of this challenge area (e.g., validation, interpretation)
demand expertise beyond NLP methods and may require inter-disciplinary collaborations.

It has to be noted that some of these challenges are not necessarily specific to ARA, and are applicable
across NLP in general. This collection of ideas on challenges for future is by no means exhaustive, and
we hope this survey initiates more discussion in this direction.

6 Conclusion

In this paper, we presented an overview of two decades of research on automatic readability assessment
in NLP and related areas of research. During this process we identified the limitations of contemporary
research and identified some challenge areas for future. Despite a large body of research, we don’t
yel have a clear picture of what works for ARA, and there are no off the shell tools and resources for
different kinds of researchers and practitioners interested in ARA. Further, many challenges mentioned
in previous surveys still remain. Considering that readability assessment has a wide range of applications
in and outside NLP as it was seen from examples in Section 1, we think it is important to address these
issues and enable the a broader adaption of ARA approaches within and outside NLP.

3 i
www.ctapweb.com
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QUAFF: Pilot Experiment

Michel Simard!, Roland Kuhn', and Judith Rémillard?

I'Multilingual Text Processing, NRC
2School of Translation and Interpretation, University of Ottawa

Executive Summary

This document describes the results of the QUAFT human evalua-
tion of the quality of English-to-French machine translation (MT) out-
puts from the NRC's Portage system. The primary goal of the QUAFF
pilot study was to find a metric for MT quality that would supplement
the metric we have used almost exclusively until now, BLEU (Pap-
ineni et al., 2002). BLEU is an automatic metric based on the number
of N-gram matches between MT outputs and reference translations.
Though they are useful for guiding work on MT systemns inside NRC,
BLEU scores are too mathematically complex to explain in simple
terms to our customers. We were looking for a metric based on human
assessments of translation quality that would allow us Lo communicate
in a non-technical way how much better a given commercial release of
Portage is than the previous version. Ideally, the metric would cost as
little as possible.

We helieve that we have found a metric that meets these criteria.
Receutly, the tendency in human evaluations of MT quality has been
to make them more and more complex — for instance, by counting the
number of words required to post-edit outputs in order to attain rea-
sonable quality, or by employing eve-trackers and timers to monitor
exactly what happens during human post-editing of an MT" output.
We have gone in the opposile direction: simplicity. We ask the evalu-
ators to choose between two possible translations of a source sentence.
One of the translations is from baseline (the previous commercial re-
lease) and the other from advanced (the upcoming commercial release).
[n each example, the two outputs are presented in random order, so
the evaluator does not know which oulpul came [rom which system.
Over a set of examples, the proportion of times the advanced output
is preferred over the baseline output provides a measure of how much
better the new version of Portage is than the old one.
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Choosing between two translations for the same source sentence
can be done quickly  for instance, much more quickly than post-
editing. This means that we can obtain a large number of data points
without spending a lot of money. In the experiments reported here, we
asked five professional translators to perform a total of 3000 pairwise
choices, paying them a total of §1500. Two test files were used, from
two dilferent domains. For the first domain, the score [or the advanced
outputs was about +1.2 BLEU higher than for the baseline outputs,
and for the other domain, edvenced had a BLEU advantage of about
+1.0 BLEU over baseline!,

Our analysis of the results:

e On individnal examples, there was a fairly high level of disagree-
ment between evaluators, and even within the same evaluator
when an individual was asked to make the same pairwise choice
at different times,

e Nevertheless, agreement on which system yielded better outputs
was remarkably high. All evaluators preferred the advanced out-
puts to the baseline ones overall, by a ratio that varied from 1.4
to 2.1 across the [ive evaluators (these ratios exclude cases where
the evalnators decided that they had no preference between the
two outputs). On average, the preference ratio was 2.0 for the
first domain and 1.8 for the second domain. Thus, BLEU and the
independently performed QUAFF human evaluation were in com-
plete agreement as to which system was better. If the advanced
system represented an actual commercial release — it doesn’t (the
new commercial version of Portage we plan to release in the fall
has an English-to-French BLEU score considerably higher than
the advanced system in the QUAFF experiments) — we could
tell our customers with complete accuracy, “Excluding ties, your
post-editors arc likely to prefer the outputs from the new release
of Portage in the ratio two to one over the outputs from the previ-
ous releage.” A statement of this type is far more comprehensible
than one involving BLEU scores.

e Statistical analysis given in this document showed that we could
have reached this conclusion - advanced is significantly hefter
than baseline  with a smaller number of pairwise comparisons.
That is, for the kind of quality difference that held between the
two systemns compared in owr experiments, we could spend even
less than $1500 on a QUAFF evaluation and still reach a statisti-
cally valid conclusion. Furthermore, our analysis has shown how

'BLEU scores range between 0 and 1, but are typically reported in percentage points;
higher scores denote better translations, and an increase of 0.5 - 1 BLEU is typically
viewed as denoting a significant improvement.
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to optimize statistical resolution for a fixed number of annotated
examples (by spreading those examples across several evaluators,
instead of having onc evaluator work on many examples).

e We only had one regret about the design of the QUAFF pilot
study: in retrospect, we should have insisted on a binary choice
between the two translations. The questionnaire also allowed the
choices “Both translations are good” and “Both translations are
bad™; it is our impression that the latter was greatly overused.
Of course, there will always be examples where the baseline out-
put and the advanced oulpul are of equivalent quality, butl it is
possible to estimate the proportion of such genuine ties from mul-
tiple evaluations while insisting that evaluators always pick one
output or the other (how to do this is described in the Discussion
section below). Future QUAFF evaluations will involve strictly
binary choices.

This pilot study has shown that the QUAFF methodology of pair-
wise comparison between outputs from baseline and advanced versions
of Portage, presented to the evaluators in random order, is a highly
cost-effective way of measuring quality improvements from one Portage
release Lo another. We recommend thal a QUATLT evaluation be per-
formed prior to each major commercial release of the software, and
communicate its results to our customers. In particular, we recom-
mend that a QUAFF evaluation be carried out prior to the release of
Portage 11 3.0 in autumn 2015.

1 Introduction

The goal of the QUAFF project is to create a sct of lightweight benchmarks
that we can apply over the years to test the progress of the Portage ma-
chine translation technology on language pairs that are used for supporting
professional translators. In most cases, these professional translators will
be post-editing the Portage outputs. The benchmarks will also enable us to
choose whether or not to incorporate particular new techniques in Portage
Shared (PS). Currently, the only metric we use on a regular basis is an auto-
matic one: BLEU. Tt correlates only mildly with human judgments. Suppose
that in the research branch of Portage, a certain new technique gives us a
+0.5 BLEU improvement, in many conditions, but that incorporating it in
PS would significantly complicate the user interface. Should we build the
technique into PS or not? (A gain of +0.5 BLEU is nice to have, but not
overwhelming). Tf we knew that the new technique did not result in outputs
that seemed significantly better to humans, it would clearly be preferable to
omit the technique from PS.
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The previous paragraph is deliberately vague about the meaning of “hu-
man judgments”: in fact, humans evaluate the quality of translations in
many different ways. For language pairs for which Portage’s output is post-
cdited, it scems appropriate to supplement BLEU with metrics related to
things human translators care about, such as perceptions of quality or post-
editing effort (for language pairs where Portage is used for gisting, such as
Arabic to English or Chinese to English, metrics related to comprehension
might be more appropriate).

Portage output currently being post-edited is mainly in the direction
English to French (in Canada, about 80% of translations between the two
official languages are in this direction). The QUAFF project focuses on
this direction. If the English to French benchmarks are successful, we may
eventually set up analogous French to English benchmarks.

This report describes a pilot experiment that was carried out in early
2015, to test a first, simple evaluation protocol, which relics on straightfor-
ward pairwise comparisons.

2 Metrics

We seek metrics to supplement BLEU that reflect post-editors’ perceptions
of translation quality. Productivity is what translation agencies care about
most, but an informal survey of the literature suggests that this is very
tricky to measure:

1. The difficulty of defining what “time spent translating” means. If a
translator or post-editor pauses for 90 seconds while staring out of the
window, is he pondering how to translate a tricky idiom, or thinking
about a TV show or a recent quarrel with a lover?

2. Enormous amounts of variability in productivity are observed, that
depend on who the translator is, what his or her usual working envi-
ronment is, what the text is, and even how he is being paid (the same
translator might focus on quality if being paid by the hour, and on
speed if paid by the word).

It is possible that measuring the change in productivity when translators
post-edit Portage output will become easier because of new online tools being
developed by projects like MATECAT.? If that happens, we will certainly
try to incorporate direct measurements of productivity into our benchmarks.

Zhttp:/ /www.matecat.com,/ matecat /the-project
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At the moment, however, trying to measure productivity would be difficult
and expensive, and would take the group far out of its zone of expertise.

This leaves two obvious candidates for our human benchmarks in the
short term:

Pairwise Comparison That is, the human evaluator is presented with
the source (English) sentence, and two French Portage outputs in ran-
dom order (randomized anew [or each example): one [rom the baseline
system, and one from an advonced system. The evaluator simply indi-
cates a preference: “17, “27, or “=" if neither is preferred. Evaluator
choices “1” and “2” are mapped by software onto the true underlying
labels, ie the baseline or advanced condition. Pairwise comparison is
in fact just a special case ol N-way ranking (lypically N = 5, with
ties), which has been used extensively for the WMT shared tasks over
the years Bojar et al. (2014). Ranking is appropriate for WM'T, which
compares several systems (e.g. as many as 18 for the English-German
task in 2014), but is probably much more cognitively demanding for
evaluators than pairwise comparison.

HTER ("Human-targeted Translation Error Rate”). The human evaluator
is presented with the source sentence and a single translation: either
from the baseline version of Portage, or from the advanced version.
The evaluator post-edits the Portage output until he or she is happy
with it. HTER is based on the number of words the evaluator deletes,
inserts, and changes. In this case, cach cvaluator should only cver
be given one version of the output, because otherwise they will be
“primed” when they start working on a translation for a given source
sentence the second time. Often as part of the HTER protocol, eval-
uators are explicitly instructed to minimize the changes they make to
the MT output. For NRC—internal evaluation, it makes more sense to
pay them a fixed amount for improving a given number of MT outputs,
and let human nature take its course. (If the evaluation is done for
a specific client, then the requirements or normal procedures of that
client should prevail).

These two metrics hoth have advantages and disadvantages. DPrior to this
project, an informal pairwise comparison was conducted within the group,
involving 110 examples, cach consisting of a sentence triplet: an English sen-
tence from Hansard and two different French translations of that sentence,
one [rom a baseline version of Portage and one from a version of Portage
that used a new technique (coarse LMs). Of course, only examples where
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Preference Evaluator 1 Evaluator 2 Evaluator 3

advanced 34% 43% 31%
baseline 15% 22% 18%
no pref. 52% 35% 43%
Improvement ratio 2.3 2.0 1.7

Table 1: Pre-pilot Pairwise comparison

baseline and advanced differed in at least one word were included among the
110 examples. The test was scientifically flawed — the three evaluators knew
which output was baseline and which was advanced — but instructive. Al-
though evaluators differed on many specific examples, all of them perceived
an advantage for advanced. Table 1 shows the results. The last line in this
table gives the fmprovement ratio, i.e. the count ratio between cases where
the advanced condition made things better and those where it made things
worse, compared to the basecline:

Improvement ratio = advanced /baseline

Points to note:

e The main difference between the evaluators is the percentage of “no
preference”: Evaluator 2 put far fewer cases into that category. There
were plenty of disagreements about specific examples. However, there
was a conscnsus that the advanced technique makes translations better
about twice as often as it makes them worse. This is very encouraging,.

¢ Long sentences were much harder to compare than short ones. Partial
solutions to this problem are discussed below.

¢ All evaluators had trouble explaining their preferences, either in indi-
vidual cases or globally. For instance, they were unable to say cxactly
how the advanced outputs were better than the baseline ones. The
most honest summary would be something like “On average, these
translations just seem a bit better” which is not very helpful. This
observation has influenced the plan, because it suggests that it may
be difficult to collect detailed obscrvations about the naturce of the
changes caused by new techniques (while it may often be casy to de-
termine if a given change is globally beneficial or harmful).
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The advantage of HT'ER is that it has been demonstrated in a number of
studies to be inversely correlated with post-editor productivity, while not
requiring time measurements. Its disadvantage is that it’s much more ex-
pensive than pairwise comparison: it obviously takes much longer to correct
a translation output by Portage than to decide whether or not you prefer it
to an alternative translation by Portage.

This motivates our choice to evaluate according to pairwise comparison,
which will allow us to gather a fairly large amount of data quickly and
cheaply (especially if we can mitigate the “long sentence” problem). At a
later stage, we should also evaluate according to HTER (or user productivity
if MATECAT or other environments make measuring productivily easier).
It would be interesting, at this later stage, to see how well conclusions from
pairwise comparison correlate with HTER or productivity.

In any case, maybe productivity isn’t the only thing we care about. Sup-
posc a new technique — that by definition shows some BLEU improvement,
since we will never be considering for inclusion in PS techniques that don’t
yield any BLEU gains — shows significant gains in perceived qualily as re-
vealed by blind human pairwise comparisons, and much later we find out
that it doesn’t yield any improvement in productivity. Would we regret
including the technique in PS? Almost certainly not. Making post-editors
happy will increase their acceptance of our technology, and from our point of
view, that is almost as important a goal as improving their productivity. So
an argument can be made for pairwise comparison as reflecting a criterion
that is not productivity but that we do care ahout.

There is an interesting caveat to this reasoning. Imagine a technique that
improves Portage’s outputs somewhat when they're really awful, but not
when they're good — i.e., that changes outputs from “terrible” to “bad”, but
not from “terrible”, “bad”, or “mediocre” to “good” or “excellent”. Such a
technique would show improvements according to pairwise comparison (and
possibly BLEU), but be uncorrelated with both the satisfaction of post-
editors and their productivity, since even the “bad” yet improved sentences
produced by the technigue will ultimately be ignored — the post-editor will
basically translate from scratch.

We will need to keep an eye on this possibility (e.g., by tracking whether
sentence pairs where the advanced version is ranked as hetter than the base-
line one have lower sentence-level BLEU than average advanced sentences).
Onc possibility is to cast the evaluation as “pre-post-editing”: formulate
the annotation question as “if you had to post-edit one of these two trans-
lations, which one would you pick?” then allow a third answer “none of
these two  l'd rather translate from scratch™. Another possibility is to ask

-1
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evaluators two questions: 1) “Which of these two is the best translation?”
And 2) “Is at least one of these good enough for post-editing purposes?”
In this study, we opted for a variant of the first solution: we offered two
alternative answers for situations where neither of the two translations was
preferred: “Both translations are equivalently bad”. and “Both translations
are equivalently good”.

3 Pilot Study

This QUAFF study involves comparison by human evaluators of outputs
from a baseline version of Portage with outputs from an edvanced version,
on two different text domains.

3.1 Data

The two data experimental combinations involve two different data scenar-
ios, from two domains of the gc.ca corpus:

Environment This is a “small data” scenario with about 250K English-
French training sentence pairs;

Health This is a “medium data” scenario with about 500K English-French
training scntence pairs.

For each data scenario, tuning and test data were drawn from the same
domain as the training data. For each experimental combination, we trained
baseline and advanced models, then generated triplets from the held-out test
data: cach triplet consists of the input English source sentence and the two
French outputs in random order, one from the baseline version of Portage
and one from the advanced version.

We know from prior experience that excessively long sentences are no-
toriously difficult to evaluate. For this reason, in this exercise, we excluded
source sentences longer than 50 words, Very short sentences are also typi-
cally difficult to evaluate out of context, and so we also excluded sentences
shorter than 5 words.

TFror this pilot study, our goal was to produce 1200 annotated triplets,
i.e. 600 from each of the Environment and Health data scenarios. However,
we wanted evaluators to work only on triplets where baseline and advanced
arc different, and because we did not know in advance to what cxtent the
two experimental conditions produced different results, we actually held out
much more test data than the number of triplets we planned to evaluate, in
the order of several thousands for each data scenario.
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3.2 Systems

Both versions of the Portage MT system were implemented in the R &
D branch of Portage, and were meant to approximate commercial releases:
baseline closely resembles the Portage version our clients are currently using,
while advanced was our best guess at what the next commercial release will
look like. The advanced system has all the capabilities in baseline (align-
ments from IBM2 and HMMS3, batch LMIRA, advanced casing capabilities,
cte.) plus the following new ones:

¢ DHDM - hierarchical reordering with some related sparse features

e Other sparse features — Hop-May (but not the expensive, complex

ones, and no indicator features)
e Coarse LMs and coarse bilLMs.

The advanced system did not include mix LMs or mix TMs. Some prelim-
inary BLEU testing was done to determine which of the techniques above,
or which of their variants, would be included in advenced. Another criterion
was speed/memory usage. We ended up deciding to use two coarse LMS,
both unpruned and 8-gram: the coarse LM with 200 word clusters and the
coarsc LM with 800 word clusters, In order to cconomize on storage space,
we decided to use a single, pruned, 6-gram coarse hiLM; it had configuration
400 bi(400,400).%

For each of Environment and Health training, we used the tuning weights,
out of 5 different sets of tuning weights tried, that yielded the median BLEU
score. The average BLEU scores for the two systems over the b runs on test
data are given in Table 2.

3.3 Annotation

The annotation work took the form of individual annotation “tasks”. In
cach of these task, cach evaluator was shown three pieces of information:

d8ubsequently — after the outputs were generated — we changed the definition of the
next cornmercial release: the advanced version thal will be given Lo our clients in aulumn
2015 is not the same as that used for this evaluation. That does not affect the usefulness of
the current study, whose goal was to see if QUAFF-style evaluation could vield actionable
conclusions when comparing one version of Portage to another. Closer to the actual
release date, we are planning to carry out another QUAFF evaluation comparing the true
advanced version that will be in the next commercial release to the baselene in the previous
commercial release.
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Domain
System Environment Health
baseline  35.92 37.77
advanced 37.08 (+1.16) 38.80 (+1.03)

Table 2: System performance (BLEU)

S : A source-language sentence (in English).
T1 and T2 : Two target-language translations (in French).

The evaluator was then asked if he preferred translation T1 or T2, or
if the two translations were equivalently good, or equivalently bad. TIf, for
some reason, it was not possible to annotate the translations along these
lines, evaluators could signal this by checking “Other”, and invited to leave
a comment, explaining the problem. (In fact, it was always possible to
comment individual tasks.) All annotations were collected via a web-based
interface. An example task is shown in Figure 1.

Tasks were blind and randomized: to avoid bias, output from the baseline
and aduvanced systems was randomly shuffled within tasks, i.e. sometimes
T'1 was the output from the baseline system and T2 the output from the
advanced system, and sometimes the other way around, and the origin of
cach translation was not shown to the evaluators in any way.

Five professional EN-FR translators acted as evaluators in the evalu-
ation. Annotations were performed over a period of approximately three
months, in two distinct phases:

The first phase concentrated on a set of 200 tasks, with each evaluator
performing cach task twice. In practice, tasks were organized in batches of
100 tasks. Each evaluator was assigned 4 batches; batches 1 and 3 were
identical, as were batches 2 and 4. As a result, each of the phase 1 tasks
was performed 10 times, i.e. twice by each of the five evaluators.

The second phase, which was carried out about a month later, focused on
a second set of 1000 tasks: this time again, tasks were organized into batches
of 100 tasks. DBut this time, each task was assigned to a single evaluator.
This produced 1000 singly-annotated tasks. *

*This two-phase design was actually the result, of a data manipulation error: translators
were not supposed to perform each task twice during Phase 1. Instead, they were supposed
to perform 200 “common” tasks, followed by 200 “unique” tasks. However, this error
turned out to be convenient, because it allowed us to measure intra-annotator agreement
(see Section 4.3).

10
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EQualiTA

Evaluation de la QUALIts des Traductions Automatiques

Somes This process will also be used as a model for the department to engage others on regulatory issues for
’ specific populations in the furre.

Tradueti _ Ce processus devra aussi servir de modéle au Ministére pour inciter d'autres questions de réglementation
M_J.qﬁ ot i scutitres 3 lavenir.

Pop ¥

Tchiction & Ce processus sera également servir de modzle av Ministére pour inciter d'autres intervenants sur des
) =" questions de réglementation qua toucheront des populations partzeulicres & l'avenir.

Laquelle de ces traductions antomatiques préférez-vous?
© Traduction_1
O Traducrion 2
0 Aucune préférence : les deux sont Bonnes
0 Aucune préférence - les deux sont Mawaises
' Autre -- commenter SVP
| Enregistrer |
Commentaires (facultatifs)

Veuillez specifier la nature des emreurs renconirees. ou fout autre information pertinente.

Figure 1: An Evaluation Task

11
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Globally, the five evaluators performed 3000 annotation tasks. Kwval-
uators were paid $0.50 per task. The total cost for the annotations was
therefore $1500.

4 Results
4.1 Global Results

The evaluation procedure described in the previous section produced a set of
3000 annotations, for 1200 distincl translation pairs: each pair was assigned
one or several of the following labels:

advanced : The translation from the advenced system is preferred
baseline : The translation from the baseline system is preferred
both_bad : Both translations are equivalently bad

both_good : Both translations are equivalently good

other : Impossible to evaluate

For sentences with multiple annotations (Annotation Phase 1), we assigned
the most frequently assigned label; in cases where baseline and advanced
were tied, we assign the label both_good.

Table 3 shows absolute and relative counts for each label, as well as the
Improvement Ratio (Section 2). Globally, these results seem to indicate a
general preference for the advanced translations over the baseline transla-
tions. This is true for both the Environment and Health domains.

The Irnprovement ratio shows how much perceived guality increase is
caused by the advanced technique, in cases where this condition makes a
difference. By itself, it does not give an accurate idea of the impact of
the advanced condition, because it ignores cases where not a single word
differs between the baseline and advanced outputs, or where baseline and
advanced differed but evaluators didn’t sce a quality difference (triplets la-
beled both bad or both good). To account for these situations, we calculate
the percentages of test examples where advanced and baseline translations
were preferred over all test examples, including those where hoth trans-
lations were identical. We then calculate the “Impact percentage” as the
difference between these percentages:

Impact percentage = %advanced — %baseline

12
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Domain:
Environment Health All Domains
Preference:  advanced 161 (26.8%) 172 (28.7%) | 333  (27.8%
bascline 82  (13.7%) 96 (16.0%) | 178 (14.8%
both good 68 (11.3%) 94 (15.7%) | 162 (13.5%
both bad 285 (47.5%) 235 (39.2%) | 520 (43.3%
other 4 (07%) 3  (0.5% ¥ ( 0.6%
Total 600 600 | 1200
Improvement ratio 2.0 1.8 | 1.9

Tahle 3: Annotation Results

Environment Health | All Domains
Identical translations 22.6 % 26.2 % 24.4 %
advanced is preferred 20.8 % 21.2 % 21.0 %
baseline is preferred 10.6 % 11.8 % 11.2 %
no preference 45.5 % 40.5 % 42.9 %
Impact
= % advanced - % baseline 10.2 % 9.4 % 9.8 %

Table 4: Label distribution, adjusted to reflect sampling bias.

In practice, the two systems under evaluation produce identical translations
for 24.4% of input sentences, i.e. 22.6% of Environment and 26.2% of Health
sentences.” Table 4 shows label percentages adjusted to reflect this bias in
the sampling of the labeled data, and the fmpact percentage, which takes
into account these adjusted percentages.® Here again, we observe a clear
preference for the advanced system: globally, it produces better translations
than the baseline for 9.8% of our test set.

9These percentages are computed on input sentences between 3 and 30 words. When
all sentence lengths are considered, the baseline and advanced systems produce identical
oulputs for 31.6% of Environment sentences and 38.7% of Health sentences

iIn this table, “both_good” and “both_bad” labels were merged into a single, “no pref-
erence” category.

13
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4.2 Statistical Significance

While it scems safe to conclude from the results of the previous section that
the advanced system indeed produces better translations that the baseline
systemn, we must analyze to what extent these numbers are reliable. Specif-
ically, we want to know whether the observed values for the Improvement
Ratio are significantly greater than 1 (or, equivalently, if Impact is signifi-
cantly greater than (). But more generally, we would like to know whether
the numbers of annotations and of evaluators are adequate for this kind of
study, or if we could do with less annotations or fewer evaluators.

We use a bootstrap resampling approach {o examine this question: we
draw random samples from our annotated data (with replacement), to pro-
duce sets of different sizes, and with different number of evaluators. From
cach sample, we compute the Improvement ratio I. We repeat this pro-
cess many times (in practice: 1000 times), to estimate the probability that
I <=0, i.e. the chances that an evaluation campaign lead us to conclude
that the advanced system is nol better than the baseline. In this sampling
procecdure, we assume that there may be multiple evaluators, but that each
sentence is annotated by only one evaluator (no multiple annotations).

Figure 2 shows the results of this procedurc. In this figure, the black
curve corresponds to the situation with one evaluator: if a single evaluator
is asked to annotate 50 pairs of translations, then the probability that he
prefers more baseline translations than advanced translations is 0.18 (top
left corner). If instead we ask him to annotate 100 pairs, this probability
drops to 0.09. At 500 pairs, the probability drops below 0.01.

With two evaluators (red curve), the probability of observing less ad-
vanced than baseline labels out of 50 pairs of translations (i.e. an average
of 25 pairs annotated by each translator) is 0.12, and it drops below 0.01
as soon as 250 pairs are annotated. With three evaluators (blue curve), the
(0.01 significance level is reached somewhere around 175 pairs. The hehavior
with five annotators (green curve) is not strikingly different from that with
three.

Figure 3 shows similar plots for Impact. The graph on the left is anal-
ogous to Figure 2: it shows the probability of observing a null or negative
impact, as a function of the numbhers of annotations and evaluators. The
graph to the right shows what happens when we consider a more stringent
requirement: that the impact be strictly greater than 4%. In both cases,
reliable conclusions are reached faster with more evaluators.

With regard to the current exercise, with 1200 annotaled sentences and
5 evaluators, the probability that the advanced system is not better than

14
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Figure 2: Probability that Improvement Ratio < 1 (p), as a function of the
number of annotated sentences (N), with 1, 2, 3 or 5 evaluators

the baseline is actually negligible.

4.3 Evaluator Agreement

As mentioned earlier, the annotation process was designed in such a way that
a subset of the sampled data (200 sentences) was annotated by all evaluators.
The intention was to allow the analysis of inter-annotator agreement. In
addition, as a result of a manipulation error, these 200 sentences were all
annotated twice by each evaluator, which also makes it possible to study
intra-annotator agreement, i.e. the extent to which each evaluator assigns
identical labels to identical tasks.

Table 5 shows all pairwise agreement on these 200 common tasks, mea-
sured using Cohen’s k (see Appendix A.1). Each line and column corre-
sponds to a set of annotations for these tasks: “l.a” is the result of the
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Figure 3: Probability that Impact Percentage < 0 (left) and < 4% (right),
as a function of the number of annotated sentences (N), with 1, 2, 3 or 5
evaluators

first pass of annotation by Evaluator 1, “1.b” is his second pass, “2.a” is
Evaluator 2’s first pass, etc. Figures in ifalics on the main diagonal are
intra-annotator agreements; all other figures are inter-annotator.

Agreement between all annotations, as measured by Fleiss’s &, is 0.28.
The average pairwise infer-annotator agreement, as measured with Cohen’s
k is 0.26. The average intra-annotator agreement, as measured with Cohen'’s
K is 0.57. The last line of Table 5 gives the average « for each evaluator. This
suggests that Evaluators 2 and 3 tend to agree more with the others, while
Evaluators 1 and 4 are the Black Sheep of the lot (in fact, they strongly
disagree with one another more than anything else). Globally, of the 200
tasks assigned to all evaluators, only 37 were assigned the same label by all
evaluators during the first annotation pass (7 advanced, 5 baseline and 25
both_bad); at the second annotation pass, this number goes down to 25 (7
advanced, 1 baseline and 17 both_bad).

There are no hard rules for interpreting x, but the literature (Landis and
Koch, 1977) suggests that x € [0.21,0.40] denotes “fair agreement”, while
k € [0.41,0.60] is “moderate”. To better understand what these numbers
mean, it is perhaps more instructive to consider specific examples. Figure
4 shows two examples of intra-annotator agreement matrices. The first one
is for Evaluator 1, who displays the highest &, i.e. the most consistent
behavior. When re-labeling the data, Evaluator 1 assigns the same label to

16
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Annotation  l.a 1.b 2.4 2.b 3.4 3.b 4.a 4.b 5.a

I.h .69

2.4 0.19 0.14

2.b 0.29 021 0.57

3.a 028 024 038 043

3.b 0.2 026 027 040 0.51

4.a, 0.10 0.08 039 031 026 0.21

4.b 017 011 041 037 023 019 0.54

h.a 037 028 022 030 035 030 018 0.21

5.b 0.38 027 020 029 033 038 014 0.18 0.55
Average 0.23 0.30 0.30 0.22 0.27

Table 5: Annotator agreement: Pairwise annotator agreements is measured
using Cohen’s &, for all annotations produced by evaluators. Figures in étal-
ics are intra-annotator agreements. Per evaluator average x are computed
over all infer-annotator figures for that evaluator.

individual translations 80% of the time. In practice, many examples that
Evaluator 1 had initially labeled as both_bad or both_good, he relabeled as
cither advanced or baseline the second time around. This suggests that his
judgement became more discriminant over time.

Tn contrast, FEvaluator 3 is the least consistent (v = 0.51), with only
G5.5% identical annotations between the two rounds. Upon analysis, Evalua-
tor 3 shows the opposite behavior: many examples for which he initially pre-
ferred the baseline or advanced translation were later re-labeled as both_bad.
It is also interesting to note that Evaluator 3 uscs the both_bad and bath_good
labels much more frequently than Evaluator 1. We come back to this later.

Figure 5 shows examples ol agreement madtrices between pairs of eval-
uators. Example 1 shows relatively high agreement between evaluators 3
and 5. Many of their disagreements revolve around situations where one
evaluator prefers one of the translations, while the other feels that both are
bad. But there is also a surprising number of instances (16) in which one
prefers the baseline and the other the advanced.

Example 2 shows an even higher level of agreement (x = 0.41). But what
this really reflects is the fact that both Evaluators 2 and 4 have a very strong
tendency to use the both_bad label (70.5% of Evaluator 2’s annotations,
72.5% of Evaluator 1's).

FExample 3 shows the highest level of disagreement between two eval-
uators (1 and 4: & = 0.10). In this case, evaluators disagree over most
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Evaluator 1: (x = 0.69)

|advanced baseline hoth_good both_bad other

advanced 84 4 0 1 0
baseline 9 50 1 2 0
both_good 3 3 D 0 0
hoth_bad 10 4 1 21 0
other 0 1 0 1 0]

Evaluator 3: (k = 0.51)
advanced bageline both good both bad other

advanced 34 2 9 7 0
bascline 3 8 11 5 0
both_good 3 2 21 4 0
both_bad 9 7 6 68 1
other 0 0 0 0 0

Figure 4: Examples of intra-annotatlor agreements and disagreements

annotations: most situations where Evaluator 1 prefers either the baseline
or edvanced translation, Evaluator 4 labels as both_bad.

When designing the annotation scheme, the both_good and both_bad la-
bels were intended to be used as last resorts, in case of ties, i.c. situations
where it was not possible to decide which translation was better (or worse)
than the other: both good was to be used in situations where both transla-
tions required no manual corrections, and both_bad in all other cases.” When
later examining individual evaluator’s work, it rapidly became apparent that
some cvaluators had a strikingly different interpretation of the both_bad la-
bel, as simply meaning that none of the two proposed translations was good.
Clearly, from a professional translator’s perspective, this is the case for most
MT output.

Table 6 shows the distribution of labels for each evaluator. Evaluators 2
and 4 use the label both_bad in the vast majority of cases (66% and 70%),
illustrating the point above. In contrast, Evaluators 1 uses that label very

"In practice, the evaluators did not see these labels; instead, they saw short phrases
summarizing their intended interpretation. These can be seen in Figure 1. The phrase for
label both_good was “Aucune préférence: les deux sont bonnes” (“No preference: hoth are
good”); the phrase for label both_bad was “Aucune préférence: les deux sont mauvaises”
(“No preference: both are had”).
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Example 1: 3.2 VS. b.a (k = 0.35)
advanced baseline both_good both_bad other

advanced 34 11 8 28 0
baseline ) 14 13 8 0
hoth_good 2 1 6 1 0
both_bad 11 1 3 54 0
other 0 0 0 0 0

Example 2: 2.a VS. 4.b (k = 0.41)

advanced baseline both good both bad other

advanced 9 0 1 16 0
baseline 0 9 3 11 1
both_good 0 2 6 1 0
both_bad 3 3 2 124 4
other 0 0 0 0 0
Example 3: 1.a VS. 4.a (k = 0.10)
advanced bageline  both good both bad other
advanced 15 6 3 0 (0
basecline 1 9 1 2 0
both_good 3 . 1 0 0
both bad 63 44 5 32 1
other 4 1 1 2 1

Figure 5: Examples of inter-annotator agreements and disagreements
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Eval. 1 Ewval. 2 Eval. 3 Ewval. 4 Ewval 5

advanced 0.44 0.16 0.23 0.12 0.40
baseline 0.30 0.11 0.11 0.07 0.20
both_good 0.08 0.06 0.21 0.06 0.12
both_bad 0.17 0.66 0.44 0.71 0.27
other 0.00 0.00 0.00 0.04 0.00
Improvement 1.50 1.44 2.07 1.68 1.98
Tmpact 11.2% 3.8% 9.1% 3.6% 15.1%

Table 6: Label distribution per evaluator

Label Count
both_good 85
both_bad 140
other 24
advanced + baseline 104
Total 353

Table 7: Labels to which evaluator comments are associated.

sparingly (17%), showing an interpretation ol its meaning much closer to
the intended. Evaluators 3 and 5 display intermediate behaviors.

It is remarkable that, despite the striking variahilities in the use of the
‘neutral” labels (both_bad and both_good), the relative proportions of ad-
vanced and baseline labels are quite similar between evaluators (“Improve-
ment” in Table 6). Per-evaluator “Tmpact” numbers display a much wider

variance, but this is normal, since they indirectly reflect the proportion of

advanced and baseline labels relative to all test data.

4.4 FEwvaluator Comments

As mentioned earlier, it was possible for evaluators to attach free text com-
ments to annotations, and they were explicitly invited to do so whenever
they used the label other. In practice, this functionality was used with all
labels.

In practice, many comments are non-informative, simply restating how
the evaluator labeled the task. Informative comments are quite varied. We
discuss below the most salient of these.
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When comments were attached to tasks which the evaluators labeled as
other (or sometimes as both_bad/both_good), the following reasons were most
often mentioned:

Not enough context : Evaluators often found it difficult or impossible to
decide which translation was hetter without sufficient context. This
occurred in situations where specialized terminology was involved, or
with very short segmeoents.

Error/French in source : Errors in the source propagate to the output
(“Garbage in, garbage out”). Evaluators sometimes identified such
errors, and preferred not to evaluate translations in those cases.®

Segmentation error : This typically refers to a variant of the above: a
situation where the input scgment is badly scgmented, resulting in
MT errors. For example: missing words at the beginning or end of a
sentence, unlokenized puncluation, elc.

Identical Translations : Situations where both the baseline and advanced
systems produced exactly the same output were explicitly excluded
[rom the evaluation. There were rare cases however, where evaluators
were presented pairs that appeared to be similar, although theyv dif-
fered by a tiny detail, such as different quote characters or apostrophes,
cte.

Other comments referred to specific errors in one or both translations.
Some comments were very general quality assessments, things like “meaning
crror”, “misleading translation”, “logical inconsistency”, “clumsy formula-
tion”, cte. Other comments were more specific, such as:

e Missing word(s) in translation

e Added word(s) in translation (eg: inserted $ sign in numerical expres-
sion, superfluous determiners in titles)

e Verb-Subject inversion (or not) in questions
e Anglicisius and literal (non-idiomatic) translations

e Agreement errors

Il we were evalualing an advanced version of Portage thal incorporated source error
correction mechanisms, obviously, this would be a problem.
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e Verb tense errors

e Wrong determiner

e Typographical error, letter case

e Punctuation error (comma)

e Anaphora error (wrong referent)

e Scoping (conjunctions, if...then construct, cte.)
e Terminology / Official names

At this stage, we have not tried to link specific types of errors to a specific
system (baseline or edvanced). Given the relatively low inter- and intra-
annotator agreements on individual labels, we suspect that this kind of
analysis would not be very reliable.

In one way or another, all comments were negative, except one, which is
worth noting:

“Incroyablement, la traduction automatique est meilleure que
loriginall”

5 Discussion

The results presented in the previous section demonstrate quite convincingly
that our advanced Portage system produces results that are significantly bet-
ter than the buseline system. In fact, our analysis of statistical significance
(Section 4.2) suggests that we could have reached the same conclusions with
far fewer annotations. In practice, one important observation is the benefit
of resorting to multiple evaluators.

However, our goals were quite modest here, and the only distinction we
made with regard to the experimental conditions was on the text domain
(Environment vs. Health). Had we wanted to draw finer distinctions (e.g.
taking into account text length, associated BLEU or HTER scores, spe-
cific constructions, etc.), we might have in fact needed more data. Also,
this study focused on a pair of systems that produce substantially different
translations, with global performance that differs by over 1 BLEU; more
annotations may be necessary when comparing systems that produce more
subtly different results.
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Should we eliminate the “neutral” labels from the labeling scheme in
future evaluations? As noted earlier, the role of these lahels is to allow eval-
uators to explicitly mark situations where it is not possible to differentiate
between the two alternatives (more on this in Section 4.4). Without these
labels, evaluators would be forced to make a choice, even when no choice is
possible, which would essentially result in random assignments.

But, is it the case that evaluators who use “neutral” labels more spar-
ingly are in fact assigning some baseline or advanced labels more-or-less
randomly? If that was the case, these evaluators could be observed to be
less discriminant than those who use neutral labels for all but the most
clear-cut cases. Then, evaluators who use fewer neutral labels would have
Improvement figures close to 1, as if a larger proportion of their baseline
and advanced labels had been assigned randomly. In practice, this does not
seem to be supported by evidence: the least discriminant evaluator, as given
by his Improvement figure (Evaluator 2, Improvement=1.44) is the one with
the second highest proportion of neutral labels (72%); and the most diserim-
inant (Evaluator 5, Improvement—1.98) is the one with the second smallest
proportion of neutral labels (39%).

Therefore, it appears we wouldn’t lose much from eliminating neutral
labels. In fact, in a purely binary evaluation scheme, i.e. one in which
evaluators only ever make binary choices — “A is better”™ or “B is better”
— it is still possible to estimate the percentage of examples where there is
no quality difference between A and B. This can be done by assigning some
examples to more than one evaluator (as was done in the first phase of
evaluation for 200 examples). Different variants can be considered:

1. Every example is annotated by two people. Only examples where they
agree are used to calculate the improvement statistic.

2. Every example is annotated hy three people. Again, examples where
they agree are the basis for calculating the improvement statistic.

3. A subset of examples is annotated by several people; the rest are each
only annotated by one person. E.g., every annotator labels 100 exam-
ples in the “common subset” and 300 examples that the other anno-
tators won't see. The numbers from the common subset are used to
estimate the percentage of examples that have no quality difference.

There is a minor mathematical issuc that arises in all these schemes. We
want to find out what percentage of examples are “quality ties”, where
choices A and B are genuinely of equivalent quality. However, the percentage
of disagreements nunderestimates the quality tie percentage.
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An example: say 2 annotators label the same set of 100 examples. For
each example, they must make a binary choice between translations A anc
B. Let's suppose they agree 90 times, and disagree 10 times. Does this mean
the pereentage of examples where A and B have equivalent quality = quality
tie percentage = 10%7

No. Let AA denote the case where annotator 1 prefers A and annotator
2 also prefers A; let AB denote the case where #1 prefers A but #2 prefers
B, etc. Now, among the quality ties (however many there are), the following
outcomes should be equiprobable: AA, AB, BA, BB. If there are 10 quality
ties among the 100 examples, only half of them on average should be dis-
agreements — the AB and BA examples. lLe., only 5 will be disagreements.
The other half will be of the AA or BB types — agreements.

Le., if among the 100 examples, 10 are disagreements, the true quality
tie percentage is 20%. A correction factor must be applied to account for
the fact that 2 annotators will agree with cach other by pure chance on half
the “quality tie” examples. ITn general, for 2 annotators:

quality tie percentage = disagreement percentage x 2

A second example: say 3 annotators label the same set of examples. How
do we estimate the quality tie percentage? Consider the examples where
quality of the two translations is tied. On these examples, the following
8 outcomes are equiprobable: AAA, AAB, ABA, BAA, BBA, BAB, ABB,
BBB. Two of these, AAA and BBB, are agreements that occurred by chance.
So to estimate the number of quality tics, once must take the number of
disagreements and multiply by 8/6 = 4/3. So if we had 100 examples, each
labeled by three annotators, and they disagreed on 10 examples, the quality
tie percentage = disagreement percentage x 4/3 = 10% x 1.33 = 13.3%.

The general formula for estimating quality tie percentage is as follows.
If N annotators label cach example, and %D is the percentage of examples
on which they disagree, the true quality tie percentage %QT is:

N-1
%QT = %D = SRl

Given %QT, it is possible to compute global statistics like the Improve-
ment Ratio and the Impact percentage, without knowing specifically which
examples are tied,
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6 Conclusions

To compare the quality of translations produced by two versions of the
Portage MT system, we performed a human evaluation, based on a simple
pairwisc comparison. The goal of this operation was to develop a reliable,
effective and economical evaluation procedure that could be run periodically
to support the development of the commercial version of Portage.

This pilot study focused on two versions of the Portage system: a base-
line version, representative of the current commercial Portage offering, and
an advanced version, which reflects the commerecial version planned for Fall
2015. The evaluation, which involved five professional translators, resulted
in a dataset of 1200 triples (source language segment. baseline translation,
advanced translation) with labels denoting preference: baseline is hetter |
advanced is better, or a neutral label (both_good, both_bad or other). From
this data, we were able to conclude that the advanced Portage system pro-
duces better translations than its baseline counterpart for approximately
21% of test segments, while degrading another 11%. Therefore, the overall
net positive impact of the techniques deployved in the advanced version is
approximately 10%.

Qur analysis of the statistical significance of the observed results sug-
gests that, for the sole purpose of comparing two versions of the system on
a single test set, far fewer triples need to be annotated than the 1200 that
were produced. A standard confidence interval of 0.01 can be attained on
Improvement Ratio with 500 annotated triples if working with a single eval-
uator, and as little as 200 triples if three evaluators share the annotation
work. However, this observation is specific to this dataset. The quantity of
annotations should be adjusted to account for the systems under compari-
son, and the degree of accuracy sought.

One aspect that comes out very clearly in our analysis is the impor-
tance of resorting to multiple evaluators. This can be partly explained by
the relatively low agreement hetween annotators on specific triples. In our
experiment, while all evaluators agreed that the advanced translations were
globally better than the baseline, they very seldom agreed on which transla-
tion was better for specific examples. Even intra-annotator agreement was
relatively low, suggesting that the task is very subjective, and that consis-
tent labeling of triples cannot be expected in general. In particular, this
implies that individual labels should not be trusted, and that this kind of
evaluation procedure should probably not be used for in-depth analysis of
specific translation errors.

One aspect that likely contributed to low inter-annotator agreements was
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the inconsistent use of neutral labels. In the absence of precise instructions,
evaluators used these lahels in very different ways: while some used them as
last resorts for cases where no clear preference emerged, others used them
systematically to denote cases where nonce of the translations scemed “good
enough”. For future evaluations, we plan to eliminate these neutral labels
and to rely on other means (multiple annotations) to estimate the proportion
of triples that cannot be differentiated.
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A Appendix

A.1 Measures of Inter-annotator Agreement

The typical measure of inter-annotator agreement is Cohen’s k (“kappa’).
This only works [or two annotators; for multiple annotators, we should use
Fleiss's #, but the idea is the same:

k= (Pr(A) Pr(k)/(1 Pr(k))

where Pr(A) is the observed probability of agreement and Pr(F) is the
theoretical probability that annotators agree by chance.

Let’s run through an example to see how this thing behaves. Say we have
two annotators Roland and Eric, and these arc their agreement statistics:
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Eric
advanced baseline “="

advanced 20 5 10
Roland  baseline 5 40 15
= 15 10 30

There are 150 observations. Of these, Roland and Eric agree on 90 (20
advanced, 40 baseline and 30 “="): Pr(A) = 90/150 = 0.60. The probability
of them agreeing by chance Pr(E) is computed like this:

e For Roland, ’r(advanced) = 35/150 = 0.23, P’r(baseline) = 60/150 =
0.4 and Pr(=) = 55/150 = 0.37;

e For Eric, Pr(advanced) = 40/150 = 0.27, Pr(baseline) = 55/150 =
0.37 and Pr(=) = 55/150 = 0.37;

e The probability that both Eric and Roland pick advanced is 0.23 x
0.27 = 0.06;

e The probability that they both pick baseline is 0.4 x 0.37 = 0.15;
e The probability that they both pick “=" is 0.37 x 0.37 = 0.14.

So P’r(£) =0.06+0.154+ 0.14 = 0.35 and x = (0.60 0.35)/(1 0.35) = 0.38.
That’s a “fair” agreement on the Landis & Koch scale (Landis and Koch,
1977), and a “poor” onc according to Fleiss (Fleiss, 1971).

The significance of that number is essentially just as good as our esti-
mates of Pr(FE) and Pr(A). In this case, the 95% confidence interval is
+0.12, which means the real x could be anywhere between 0.26 and 0.50.°
Assuming twice as many ohservations (300 instead of 150) but the same
overall distribution, the value of £ would remain the same (obviously), but
the 95% confidence interval would shrink to +0.08 (x in [0.30,0.46]). So
100 cbservations is likely to be a bit tight to gel a reasonable estimate of
agreement. This motivates our decision to have 200 common tasks.

Thitp: / feraphpad.com/quickcales/kappa2
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