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Abstract

Although research in other languages is in-
creasing, much of the work in subjectivity
analysis has been applied to English data,
mainly due to the large body of electronic re-
sources and tools that are available for this lan-
guage. In this paper, we propose and evalu-
ate methods that can be employed to transfer a
repository of subjectivity resources across lan-
guages. Specifically, we attempt to leverage
on the resources available for English and, by
employing machine translation, generate re-
sources for subjectivity analysis in other lan-
guages. Through comparative evaluations on
two different languages (Romanian and Span-
ish), we show that automatic translation is a
viable alternative for the construction of re-
sources and tools for subjectivity analysis in
a new target language.
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A significant fraction of the research work to date
in subjectivity analysis has been applied to English,
which led to several resources and tools available for
this language. In this paper, we explore multiple
paths that employ machine translation while lever-
aging on the resources and tools available for En-
glish, to automatically generate resources for sub-
jectivity analysis for a new target language. Through
experiments carried out with automatic translation
and cross-lingual projections of subjectivity annota-
tions, we try to answer the following questions.

First, assuming an English corpus manually an-
notated for subjectivity, can we use machine trans-
lation to generate a subjectivity-annotated corpus in
the target language? Second, assuming the availabil-
ity of a tool for automatic subjectivity analysis in
English, can we generate a corpus annotated for sub-
jectivity in the target language by using automatic
subjectivity annotations of English text and machine
translation? Finally, third, can these automatically
generated resources be used to effectively train tools

We have seen a surge in interest towards the ags; gpjectivity analysis in the target language?
plication of automatic tools and techniques for the

extraction of opinions, emotions, and sentiments in Since our methods are particularly useful for lan-
text (subjectivity. A large number of text process- guages with only a few electronic tools and re-
ing applications have already employed techniquesurces, we chose to conduct our initial experiments
for automatic subjectivity analysis, including auto-on Romanian, a language with limited text process-
matic expressive text-to-speech synthesis (Alm ahg resources developed to date. Furthermore, to
al., 2005), text semantic analysis (Wiebe and Mihalvalidate our results, we carried a second set of ex-
cea, 2006; Esuli and Sebastiani, 2006), tracking seperiments on Spanish. Note however that our meth-
timent timelines in on-line forums and news (Lloydods do not make use of any target language specific
et al., 2005; Balog et al., 2006), mining opinionsknowledge, and thus they are applicable to any other
from product reviews (Hu and Liu, 2004), and queskanguage as long as a machine translation engine ex-
tion answering (Yu and Hatzivassiloglou, 2003). ists between the selected language and English.
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2 Related Work 3 Machine Trandation for Subjectivity
Analysis

Research in sentiment and subjectivity analysis ha¥e explore the possibility of using machine transla-
received increasingly growing interest from the nattion to generate the resources required to build sub-
ural language processing community, particularlyectivity annotation tools in a given target language.
motivated by the widespread need for opinion-basédle focus on two main scenarios. First, assuming a
applications, including product and movie reviewscorpus manually annotated for subjectivity exists in
entity tracking and analysis, opinion summarizationthe source language, we can use machine translation
and others. to create a corpus annotated for subjectivity in the

Much of the work in subjectivity analysis hastarget language. Second, assuming a tool for auto-

been applied to English data, though work on o,[herpatic subjectivity analysis exists in the source lan-

languages is growing: e.g., Japanese data are us?etbagf’t_we tcan US,? this tool togeth?rtwclltt; macgilne
in (Kobayashi et al., 2004; Suzuki et al., 2006, 2ns'aton lo create a corpus annotated for subjec-

Takamura et al., 2006; Kanayama and Nasukawgil\,”ty in the target language.

2006), Chinese data are used in (Hu et al., 2005£ In order to perform a comprehensive investiga-

and German data are used in (Kim and Hovy, 2006 |.'on, we propose three_z experiments as described be-
In addition, several participants in the Chines pw. The first scenario, based on a corpus manu-

and Japanese Opinion Extraction tasks of NTCIR?—_lIIy annotgted for SﬁbjeCtiVitya is exem_plifi;zd bi; the
6 (Kando and Evans, 2007) performed subjectivity)rSt experiment. The second scenario, based on a

and sentiment analysis in languages other than Ef2'PYS automatically annotated with a tool for sub-
glish Jectivity analysis, is subsequently divided into two

experiments depending on the direction of the trans-
In general, efforts on building subjectivity analy-|ation and on the dataset that is translated.
sis tools for other languages have been hampered by| all three experiments, we use English as a
the high costinvolved in creating corpora and lexicadource language, given that it has both a corpus man-
resources for a new language. To address this gaplly annotated for subjectivity (MPQA (Wiebe et
we focus on leveraging resources already developedl 2005)) and a tool for subjectivity analysis (Opin-

for one language to derive subjectivity analysis toolgnFinder (Wiebe and Riloff, 2005)).
for a new language. This motivates the direction of

our research, in which we use machine translatiohl Experiment One: Machine Translation of
coupled with cross-lingual annotation projections to Manually Annoctated Corpora
generate the resources and tools required to perfo

N S T this experiment, we use a corpus in the source
subjectivity classification in the target language.

language manually annotated for subjectivity. The
The work closest to ours is the one reported igorpus is automatically translated into the target lan-
(Mihalcea et al., 2007), where a bilingual lexiconguage, followed by a projection of the subjectivity
and a manually translated parallel text are used tabels from the source to the target language. The
generate the resources required to build a subjectiexperiment is illustrated in Figure 1.
ity classifier in a new language. In that work, we We use the MPQA corpus (Wiebe et al., 2005),
found that the projection of annotations across pawhich is a collection of 535 English-language news
allel texts can be successfully used to build a comrticles from a variety of news sources manually an-
pus annotated for subjectivity in the target languageotated for subjectivity. Although the corpus was
However, parallel texts are not always available fooriginally annotated at clause and phrase level, we
a given language pair. Therefore, in this paper wase the sentence-level annotations associated with
explore a different approach where, instead of relythe dataset (Wiebe and Riloff, 2005). From the total
ing on manually translated parallel corpora, we usef 9,700 sentences in this corpus, 55% of the sen-
machine translation to produce a corpus in the netences are labeled as subjective while the rest are
language. objective. After the automatic translation of the cor-
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Table 1 shows the performance of the two Opinion-

pus and the projection of the annotations, we obtaifinqer classifiers as measured on the MPQA corpus
a large corpus of 9,700 subjectivity-annotated Se’{tWiebe and Riloff, 2005).
0

tences in the target language, which can be used
train a subjectivity classifier.

P R F
high-precision 86.7 32.6 47.4
high-coverage 79.4 70.6 74.7

3.2 Experiment Two: Machine Trandlation of
Source Language Training Data

In the second experiment, we assume that the onfPle 1: Precision (P), Recall (R) and F-measure (F) for

resources available are a tool for subjectivity anndl' W0 OpinionFinder classifiers, as measured on the

tation in the source language and a collection of rav'\\;lPQA corpus
texts, also in the source language. The source lan-
guage text is automatically annotated for subjectiv- AS a raw corpus, we use a subset of the SemCor
ity and then translated into the target language. 18orpus (Miller et al., 1993), consisting of 107 docu-
this way, we produce a subjectivity annotated cornents with roughly 11,000 sentences. This is a bal-
pus that we can use to train a subjectivity annotatiodnced corpus covering a number of topics in sports,
tool for the target language. Figure 2 illustrates thigolitics, fashion, education, and others. The reason
experiment. for working with this collection is the fact that we

In order to generate automatic subjectivity anno@lso have a manual translation of the SemCor docu-
tations, we use the OpinionFinder tool developed b{ients from English into one of the target languages
(Wiebe and Riloff, 2005). OpinionFinder includestsed in the experiments (Romanian), which enables
two classifiers. The first one is a rule-based highcomparative evaluations of different scenarios (see
precision classifier that labels sentences based on tR&Ction 4).
presence of subjective clues obtained from a large Note that in this experiment the annotation of sub-
lexicon. The second one is a high-coverage clasgectivity is carried out on the original source lan-
fier that starts with an initial corpus annotated usguage text, and thus expected to be more accurate
ing the high-precision classifier, followed by severathan if it were applied on automatically translated
bootstrapping steps that increase the size of the letext. However, the training data in the target lan-
icon and the coverage of the classifier. For most agfuage is produced by automatic translation, and thus
our experiments we use the high-coverage classifidikely to contain errors.
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3.3 Experiment Three: Machine Trandation of  the target language into the source language. The
Target Language Training Data source language text is then annotated for subjectiv-

The third experiment is similar to the second ond® USing OpinionFinder, followed by a projection of

except that we reverse the direction of the transle{he re_sultmg Iabels_ back into the target Iangu_age._
tion. We translate raw text that is available in the UNIKe the previous three experiments, in this

target language into the source language, and thgﬁperiment we only generate subjectivity-annotated

use a subjectivity annotation tool to label the autofeSourcesand we do not build and evaluate a stan-

matically translated source language text. After thdalone subjectivity analysiwol for the target lan-
annotation, the labels are projected back into the tagt/ag€. Further training of a machine learning algo-

get language, and the resulting annotated corpus'{§1M: @S in experiments two and three, is required in
order to build a subjectivity analysis tool. Thus, this

used to train a subjectivity classifier. Figure 3 illus- - X ;

trates this experiment. fourth expe_rlment is an evaluation of t_hesources
generated in the target language, which represents
an upper bound on the performance of any machine

6 learning algorithm that would be trained on these re-

Test Target - : R K
sources. Figure 4 illustrates this experiment.

Test Target |

Opinion
Finder
Labels

Machine
Learning

Training Target
(SemCor)

Opinion
Finder
Labels

Machine
Translation

Machine
Translation

Test Source

Training Source
3 (SemCor)

Figure 4: Upper bound: machine translation of test data
Figure 3: Experiment three: machine translation of ravirom target language into source language
training data from target language into source language

As before, we use the high-coverage classifigt Evauation and Results

available in OpinionFinder, and the SemCor corpuyyr initial evaluations are carried out on Romanian.
We use a manual translation of this corpus availabhahe performance of each of the three methods is
in the target language. evaluated using a dataset manually annotated for
In this experiment, the subjectivity annotationssubjectivity. To evaluate our methods, we generate a
are carried out on automatically generated sour@omanian training corpus annotated for subjectivity
text, and thus expected to be less accurate. Hown which we train a subjectivity classifier, which is
ever, since the training data was originally writterthen used to label the test data.
in the target language, it is free of translation errors, We evaluate the results against a gold-standard
and thus training carried out on this data should bgorpus consisting of 504 Romanian sentences man-
more robust. ually annotated for subjectivity. These sentences
represent the manual translation into Romanian of
a small subset of the SemCor corpus, which was
removed from the training corpora used in experi-
For comparison purposes, we also propose an ements two and three. This is the same evaluation
periment which plays the role of an upper bound odataset as used in (Mihalcea et al., 2007). Two
the methods described so far. This experiment irRomanian native speakers annotated the sentences
volves the automatic translation of the test data fronmdividually, and the differences were adjudicated

3.4 Upper bound: Machine Translation of
Target Language Test Data
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through discussions. The agreement of the two an- Romanian

notators is 0.83%«(= 0.67); when the uncertain an- Exp | Classifier P R | F

notations are removed, the agreement rises to 0.89E1 [ Naive Bayes | 60.91] 60.91] 60.91
(x = 0.77). The two annotators reached consensus SVM 66.07 | 66.07| 66.07
on all sentences for which they disagreed, resulting £ | Naive Bayes | 63.69| 63.69] 63.69
in a gold standard dataset with 272 (54%) subjective SVM 69.44 | 69.44| 69.44
sentences and 232 (46%) objective sentences. Moregz | Naive Bayes | 65.87| 65.87 | 65.87
details about this dataset are available in (Mihalcea SVM 67.86| 67.86! 67.86
etal., 2007). B | OpinionFinder| 71.83| 71.83| 71.83

In order to learn from our annotated data, we ex-
periment with two different classifiers, Nee Bayes Table 2: Precision (P), Recall (R) and F-measure (F) for
and support vector machines (SVM), selected fdRomanian experiments
their performance and diversity of learning method-
ology. For Néave Bayes, we use the multinomial ) ) -
model (McCallum and Nigam, 1998) with a threshfication is used. This could imply that a classifier

old of 0.3. For SVM (Joachims, 1998), we use th&annot be so easily trained on the cues that humans
LibSVM implementation (Fan et al., 2005) with aYS€ to express subjectivity, especially when they are
linear kernel. not overtly expressed in the sentence and thus can

The automatic translation of the MPQA and oibe lost in the translation. Instead, the automatic

the SemCor corpus was performed using Languaggnotaﬁons produced with a rule-based tool (Opin-

Weavert a commercial statistical machine transla!°"Finder), relying on overt mentions of words in

tion software. The resulting text was post—processe% SUbJe_Ct'V'ty lexicon, Seems to be more r?_b us_t to
by removing diacritics, stopwords and numbers. Fotrranslatlon, further resulting in better classification

training, we experimented with a series of WeightTreSl_mS' To exer?pllfy, hco&spldepr\ the foIIow;]r_\ghs dUb-
ing schemes, yet we only report the results obtaind§Ctive sentence from the QA corpus, which does

for binary weighting, as it had the most consisten?©" include ovgrt c.Iues of SUbJeCt'V'tY’ but was an-
behavior. notated as subjective by the human judges because

The results obtained by running the three experlqf the structure qf the sente_ncE:ls the P?"es“”"
ments on Romanian are shown in Table 2. The bas&-> that are calling for t_he implementation of the
line on this data set is 54.16%, represented by th%qreemems’ understan_d!ngs, and_reconjmendatlons
. l%artamlng to the Palestinian-Israeli conflict.

percentage of sentences in the corpus that are sub- _ ,

jective, and the upper bound (UB) is 71.83%, which W& compare our results with those obtained by
is the accuracy obtained under the scenario whefePreviously proposed method that was based on
the test data is translated into the source languad® Mmanual translation of the SemCor subjectivity-

and then annotated using the high-coverage Opifiinotated corpus. In (Mihalcea et al., 2007), we

ionFinder tool. used the manual translation of the SemCor corpus
Perhaps not surprisingly, the SVM classifier outlnlfoI Zzomanlan t‘; form ?nhErjgllsh-Romaman gar-

performs Néve Bayes by 2% to 6%, implying that 2/I€! data set. The English side was annotated us-

SVM may be better fitted to lessen the amount of9 the Opinion Finder tool, and the subjectivity la-

noise embedded in the dataset and provide more ERQIS were pr_o_Jected on the R_omanlan text, AMa .
curate classifications. Bayes classifier was then trained on the subjectivity

The first experiment, involving the automaticannotated Romanian corpus and tested on the same

translation of the MPQA corpus enhanced with mangﬁlivSt?r?d?rd allf usbetdirl1n gl:rr] f;(perlmfntfi.mT?]kt)lebB
ual annotations for subjectivity at sentence Ieveﬁ ows the results obtaine 0s€ experiments by

using the high-coverage OpinionFinder classifier.
does not seem to perform well when compared to the _ _
Among our experiments, experiments two and

experiments in which automatic subjectivity classi- k )
three are closest to those proposed in (Mihalcea

hitp://Iwww.languageweaver.com/ et al.,, 2007). By using machine translation, from
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OpinionFinder classifier P R F 07
high-coverage 67.85| 67.85| 67.85

Table 3: Precision (P), Recall (R) and F-measure (F) for 0%
subjectivity analysis in Romanian obtained by using an

English-Romanian parallel corpus o5

F-measure

English into Romanian (experiment two) or Roma-
nian into English (experiment three), and annotating
this dataset with the high-coverage OpinionFinder
classifier, we obtain an F-measure of 63.69%, and 05~ oa o8 Y 1
65.87% respectively, using Nee Bayes (the same Percentage of corpus
machine learning classifier as used in (Mihalcea et
al., 2007)). This implies that at most 4% in g-Figure 6_: Experiment three: Ma_chine learning F-measure
measure can be gained by using a parallel corpus Qgran incrementally larger training set
compared to an automatically translated corpus, fur-
ther suggesting that machine translation is a viablgus size may have on the accuracy of the classifiers.
alternative to devising subjectivity classification in ane re-ran experiments two and three with 20% cor-
target language leveraged on the tools existent ingus size increments at a time (Figures 5 and 6). It
source language. is interesting to note that a corpus of approximately
As English is a language with fewer inflections6000 sentences is able to achieve a high enough F-
when compared to Romanian, which accommodateseasure (around 66% for both experiments) to be
for gender and case as a suffix to the base form of@nsidered viable for training a subjectivity classi-
word, the automatic translation into English is closefier. Also, at a corpus size over 10,000 sentences, the
to a human translation (experiment three). Therefongaive Bayes classifier performs worse than SVM,
labeling this data using the OpinionFinder tool angvhich displays a directly proportional trend between
projecting the labels onto a fully inflected humanthe number of sentences in the data set and the ob-
generated Romanian text provides more accuragerved F-measure. This trend could be explained
classification results, as compared to a setup whel§ the fact that the SVM classifier is more robust
the training is carried out on machine-translated Rawith regard to noisy data, when compared td\a
manian text (experiment two). Bayes.

5 Portability to Other Languages

To test the validity of the results on other languages,
we ran a portability experiment on Spanish.

To build a test dataset, a native speaker of Span-
ish translated the gold standard of 504 sentences into
Spanish. We maintain the same subjectivity anno-
tations as for the Romanian dataset. To create the
training data required by the first two experiments,
we translate both the MPQA corpus and the Sem-
i ” " o5 . Cor corpus into Spanish using the Google Transla-

Percentage of corpus tion service a publicly available machine transla-
tion engine also based on statistical machine transla-
Figure 5: Experiment two: Machine learning F-measurgion. \We were therefore able to implement all the ex-
over an incrementally larger training set periments but the third, which would have required

F-measure

0.5

We also wanted to explore the impact that the cor- 2http://www.google.com/translate
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a manually translated version of the SemCor corpu$. Discussion
Although we could have used a Spanish text to carry .
out a similar experiment, due to the fact that thédased on our experiments, we can conclude that ma-

dataset would have been different, the results woufg'ine translation offers a viable approach to gener-
not have been directly comparable. ating resources for subjectivity annotation in a given

target language. The results suggest that either a

The results of the two experiments exploring thenanyally annotated dataset or an automatically an-

portability to Spanish are shown in Table 4. Intery a0 one can provide sufficient leverage towards

e§tingly, all the figures are hlgher than those Obéuﬂdlng a tool for Subjectivity analysis.
tained for Romanian. We assume this occurs be- Since the use of parallel corpora (Mihalcea et al.,

cause Spanish is one of the six official U_nlted N?’ZOO?) requires a large amount of manual labor, one
tions languages, and the Google translation engi

' the reasons behind our experiments was to asses

IS using the F’”'ted Natlons parallelicorpgs to trainy, ability of machine translation to transfer subjec-
their transl_atlon engl_ne,_therefore implying that ive content into a target language with minimal ef-
better quality translation is achieved as compared rt. As demonstrated by our experiments, machine

the one available for Romanian. We can the.reforﬁanslation offers a viable alternative in the construc-
conclude that the more accurate the translation ep-

) L Hon of resources and tools for subjectivity classifica-
gine, the more accurately the subjective content Bon in a new target language, with only a small de-

translated, and therefore the better the results. Asd}ease in performance as compared to the case when

was the case for Romanle_m, the SVM F:|aSSIerr pro; parallel corpus is available and used.
duces the best results, with absolute improvements . .. iy .
To gain further insights, two additional experi-

ver the Nave B lassifier ranging from 0.2% . . .
over the Nave Bayes classifier ranging from O ’ments were performed. First, we tried to isolate the

to 3.5%. role played by the quality of the subjectivity anno-
Since the Spanish automatic translation seems tations in the source-language for the cross-lingual
be closer to a human-quality translation, we are ngrojections of subjectivity. To this end, we used the
surprised that this time the first experiment is abl@igh-precision OpinionFinder classifier to annotate
to generate a more accurate training corpus as comire English datasets. As shown in Table 1, this clas-
pared to the second experiment. The MPQA corpusifier has higher precision but lower recall as com-
since it is manually annotated and of better qualitypared to the high-coverage classifier we used in our
has a higher chance of generating a more reliabjgrevious experiments. We re-ran the second exper-
data setin the target language. As in the experimeniident, this time trained on the 3,700 sentences that
on Romanian, when performing automatic translawere classified by the OpinionFinder high-precision
tion of the test data, we obtain the best results witblassifier as either subjective or objective. For Ro-
an F-measure of 73.41%, which is also the uppehanian, we obtained an F-measure of 69.05%, while
bound on our proposed experiments. for Spanish we obtained an F-measure of 66.47%.
Second, we tried to isolate the role played by
language-specific clues of subjectivity. To this end,

Spanish X ; .
— we decided to set up an experiment which, by com-
Exp | Classifier P |R |F . .
= parison, can suggest the degree to which the lan-
El | Naive Bayes | 65.28| 65.28| 65.28 3465 are able to accommodate specific markers for
SVM 68.85| 68.85| 68.85

subjectivity. First, we trained an English classifier
E2 | Naive Bayes | 62.50| 62.50| 62.50 using the SemCor training data automatically anno-

SVM 62.70] 62.70| 62.70 tated for subjectivity with the OpinionFinder high-
UB | OpinionFinder| 73.41| 73.41| 73.41 coverage tool. The classifier was then applied to the
English version of the manually labeled test data set
Table 4: Precision (P), Recall (R) and F-measure (F) 1o gold standard described in Section 4). Next, we
Spanish experiments ran a similar experiment on Romanian, using a clas-
sifier trained on the Romanian version of the same
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SemCor training data set, annotated with subjectiv- Exp | Classifier [P |R | F

ity labels projected from English. The classifierwas En | Naive Bayes| 60.32| 60.32| 60.32
tested on the same gold standard data set. Thus, the SVM 60.32| 60.32| 60.32

two classifiers used the same training data, the same Ry [ Naive Bayes| 67.85| 67.85] 67.85

test data, and the same subjectivity annotations, the SVM 69.84| 69.84| 69.84

only difference being the language used (English or

Romanian). Table 5: Precision (P), Recall (R) and F-measure (F) for

The results for these experiments are compiled iifentifying language specific information
Table 5. Interestingly, the experiment conducted on
Romanian shows an improvement of 3.5% to 9.5%
over the results obtained on English, which indifivity analysis in other languages, by leveraging on
cates that subjective content may be easier to lealfie resources available in English. We introduced
in Romanian versus English. The fact that Romaand evaluated three different approaches to generate
nian verbs are inflected for mood (such as indicativéubjectivity annotated corpora in a given target lan-
conditional, subjunctive, presumptive), enables a@uage, and exemplified the technique on Romanian
automatic classifier to identify additional subjectiveand Spanish.
markers in text. Some moods such as conditional The experiments show promising results, as they
and presumptive entail human judgment, and thergre comparable to those obtained using manually
fore allow for clear subjectivity annotation. More-translated corpora. While the quality of the trans-
over, Romanian is a highly inflected language, adation is a factor, machine translation offers an effi-
commodating for forms of various words based ogient and effective alternative in capturing the sub-
number, gender, case, and offering an explicit leective semantics of a text, coming within 4% F-

icalization of formality and politeness. All thesemeasure as compared to the results obtained using
features may have a cumulative effect in allowinghuman translated corpora.

for better classification. At the same time, English In the future, we plan to explore additional
entails minimal inflection when _compared o Othe'fanguage—specific clues, and integrate them into the
Indo-European languages, as it lacks both gendgr

d adiecti « (with ¢ tabl ubjectivity classifiers. As shown by some of our
and adjective agreemen (\.N' Very 1ew notab'e eXéxperiments, Romanian seems to entail more subjec-
ceptions such abeautiful girlandhandsome bgy

. i tivity markers compared to English, and this factor
Verb moods are composed with the aid of modal y P g

, : o ?hotivates us to further pursue the use of language-
while tenses and expressions are built with the alg P guag

o . ) pecific clues of subjectivity.
of auxiliary verbs. For this reason, a machine learn-
ing algorithm may not be able to identify the same Our experiments have generated corpora of about
amount of information on subjective content in ar?0:000 sentences annotated for subjectivity in Ro-
English versus a Romanian text. It is also interesting!@nian and Spanish, which are available for down-
to note that the labeling of the training set was perload at http://lit.csci.unt.edu/index.php/Downloads,
formed using a subjectivity classifier developed foflong with the manually annotated data sets.
English, which takes into account a large, human-
annotated, subjectivity lexicon also developed for
English. One would have presumed that any Claﬁcknowledgments
sifier trained on this annotated text would therefore
provide the best results in English. Yet, as explainetlhe authors are grateful to Daniel Marcu and Lan-

earlier, this was not the case. guageWeaver for kindly providing access to their
Romanian-English and English-Romanian machine
7 Conclusion translation engines. This work was partially sup-

ported by a National Science Foundation grant IIS-
In this paper, we explored the use of machine tran$0840608.
lation for creating resources and tools for subjec-
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