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Multilabel data comprise instances associated
with multiple binary target variables. The
main learning task from such data is multila-

bel classification, where the goal is to output a biparti-
tion of the target variables into relevant and irrelevant
ones for a given instance. Other tasks involve ranking
the target variables from the most to the least relevant
one or even outputting a full joint distribution for every
possible assignment of values to the binary targets.

Multilabel learning started gaining traction as a
research topic about 15 years ago. Two early events that
got it more widely known were the First and Second
Workshops on Multilabel Classification held at Bled,
Slovenia, with ECML PKDD 2009 and Haifa, Israel,
with ICML 2010, respectively. Despite years of progress,
multilabel learning continues to attract the interest of
researchers (see Figure 1). The ECML PKDD test-of-time
awards for 2017 and 2019 were both given to multilabel
learning papers of 2007 and 2009, respectively. This may
have contributed to a renewed interest and could partly
explain the steep increase in the number of papers after
2017. The ECML PKDD 2022 workshop on current trends
and open challenges of multilabel learning at Grenoble,
France, was a well attended event with a full room of
60-person capacity. This article looks into what makes
multilabel learning such a persistent research topic, dis-
cusses some of the important recent trends in this area,
and points to open issues worth addressing.

A PERSISTENT RESEARCH TOPIC
One of the main reasons for the continuous popularity
of multilabel learning is the ubiquity of multilabel data.

Indeed, such data arise in a multitude of domains,
including biology, health care, e-commerce, (social)
media, sentiment analysis, energy, transportation, and
robotics, mainly in the context of annotating unstruc-
tured data (documents, audio, images, video, and bio-
logical sequences). Multilabel data can even arise as
part of another artificial intelligence (AI) task.1 There-
fore, a significant proportion of multilabel learning
papers and articles focus on discussing the multilabel
nature of particular applications and how they deal
with them via existing multilabel learning algorithms.

A second important reason for the persistence of
multilabel learning is the compelling research challenges
that it offers, with the steam engine being the modeling
and exploitation of label dependencies. When these
dependencies are considered independently of the input
features, they are called marginal, while, otherwise, they
are called conditional. In terms of how they model such
dependencies, learning algorithms can be categorized as
first-order (modeling each different label separately),
second-order (modeling pairs of labels), and higher-order
(simultaneously modeling more than two labels). The
relationship of label dependence to the type of loss to be
minimized was one of the important theoretical results
in this topic. The challenge of label dependence contin-
ues to engage researchers up to today, both on the prac-
tical side and, more importantly, on the theoretical side.2

Another important challenge of multilabel learning is
dealing with a very large number of labels, also known
as extreme multilabel classification.3 While this chal-
lenge can also arise in multiclass classification tasks,
mutual exclusivity is less common when there is a large
number of classes. Therefore, typical extreme classifica-
tion datasets are multilabel.a Interestingly, first-orderThis work is licensed under a Creative Commons Attribution 4.0

License. For more information, see https://creativecommons.org/
licenses/by/4.0/
Digital Object Identifier 10.1109/MIS.2023.3255591
Date of current version 4 April 2023.

aThe Extreme Classification Repository: http://manikvarma.
org/downloads/XC/XMLRepository.html.

28 IEEE Intelligent Systems Published by the IEEE Computer Society March/April 2023

mailto:On the Persistence of Multilabel Learning, Its Recent Trends, and Its Open Issues
https://orcid.org/0000-0002-5733-543X
https://orcid.org/0000-0002-7765-7903
https://orcid.org/0000-0001-9052-8615
https://orcid.org/0000-0003-4026-4329
https://orcid.org/0000-0002-7879-669X
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://manikvarma.org/downloads/XC/XMLRepository.html
http://manikvarma.org/downloads/XC/XMLRepository.html


approaches, such as binary relevance, achieve excellent
results in terms of prediction accuracy, yet they require
a large amount of computational resources. Sparse
learning, which builds models with minimum computa-
tional demands, is a solution to this issue. Other state-
of-the-art approaches include ensemble-basedmethods
that partition the label set, enabling faster computa-
tional times; label embedding methods, which assume
that the embedding matrix will have a low enough rank
despite the large label set; and, finally, deep learning
architectures, which provide embeddings for the input
and output spaces.

As a final reason for the perpetuity of multilabel
learning, we would mention its horizontal nature, as it
just defines a special type of data and corresponding
supervised learning tasks. It can, therefore, be addressed
by different families of algorithms, such as trees, proba-
bilistic models, and neural networks. Moreover, it can
also be considered in the context of special supervised
learning tasks, such as active learning, semisupervised
learning, multi-instance learning, and zero-shot learning.
Much of the huge amount of work in multilabel learning
is related to adaptations of existing learning algorithms
and tasks from the binary or multiclass classification
scenario to themultilabel one.

RECENT TRENDS
Class Imbalance
A recently identified important challenge in multilabel
learning is that of class imbalance. Two different types
of class imbalance are present in multilabel data. First,
the number of instances relevant to each label is much
less than the number of irrelevant ones, resulting in
imbalance within labels. Second, the frequencies of

the labels are typically significantly different from each
other, which leads to imbalance between labels.

Approaches for dealing with class imbalance in
multilabel data can be divided into two main groups:
algorithm-based methods and multilabel sampling meth-
ods. Algorithm-based methods focus on developing mul-
tilabel learning approaches that are able to handle the
class imbalance problem directly. They introduce cost-
sensitive learning or weighting strategies to existing mul-
tilabel learningmodels or employ problem transformation
techniques to reduce the imbalance within and between
labels simultaneously. On the other hand, multilabel sam-
pling methods alleviate the imbalance level of the whole
dataset by manipulating the training instances in a pre-
processing step. Sampling methods that leverage the
imbalancewithin a local region as the criterion for remov-
ing or creating instances outperform those that depend
on the global imbalance level of the whole dataset.4

Concept Evolution
An issue that arises in real-world multilabel data
streams is that the target variables evolve over time.
The ancient Greek philosopher Heraclitus has said that
“the only thing constant is change itself.” The Medical
Subject Headings (MeSH) ontology, used for indexing
the references of PubMed, is updated weekly, with
major updates released annually.b Such updates involve
simple changes, such as the introduction of new head-
ings and the retirement of existing ones, but also
complex changes, such as merging/splitting headings,
changes in the hierarchical structure of the headings,
and changes involving the concepts associated with a
heading or the entry terms associated with a concept.
IEEE Thesaurusc is a controlled vocabulary of more
than 11,500 descriptive terms that is updated on a bian-
nual basis and is useful for the indexing and retrieval of
articles and other material from IEEE publications. The
types of changes that occur in the IEEE Taxonomy are
similar to those of MeSH.

When new labels are introduced in a multilabel
data stream, the current model cannot deliver predic-
tions for them, as they typically lack ground-truth
annotations. One way to address this is via zero-shot
learning. In the case of textual data, for example, a
semantic embedding of both the new labels and the
document in the same space can be computed, and
predictions can be given based on their similarity
in this space.5 Another way to address the lack of

FIGURE 1. Papers since 2007 on “multilabel classification”

and “multilabel learning” according to Google Scholar.

bWhat’s new in MeSH: https://www.nlm.nih.gov/mesh/whatsnew.
html.
cIEEE Thesaurus: https://www.ieee.org/publications/services/
thesaurus.html.
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ground-truth data is via weakly supervised learning, in
particular by trying to obtain inaccurate supervision
cheaply. In the case of textual data again, a mention of
the label inside the document could hint that the docu-
ment is a positive example for the label. For the MeSH
ontology in particular, provenance information has
been successfully used as a source of inaccurate
supervision to address the lack of ground-truth data.6

Deep Learning
Multilabel learning was no exception to the areas that
were enriched by the recent advances in deep learning.
Deep learning architectures can be used to obtain
embedding representations for both the input (feature)
and the output (label) space. The powerful learning
capabilities of deep neural networks are typically used in
multilabel classification tasks involving image and tex-
tual data, with convolutional, recurrent, and transformer
architectures being frequently used. Deep learning is
commonly used in multilabel classification to generate
label embeddings using autoencoders that retain label
dependencies. This is especially prevalent in extreme
multilabel classification approaches, where most of the
available solutions demand high computational resour-
ces. In addition, label dependencies have been effec-
tively modeled by graph-based deep neural networks,
such as graph convolutional neural networks, where
each label is represented as a node in the graph.7

Toward producing more robust multilabel classi-
fiers that are less prone to label noise, adversarial
learning is utilized. Generative adversarial network
models, which consist of a generator and a discrimina-
tor, can also be used in partial multilabel learning,
where each instance is assigned multiple labels, but
only some of them are relevant to the instance. The
most common application of adversarial learning is in
multilabel learning applications for image classifica-
tion. Another type of generative model, the deep
sequential generative model, has been used for weakly
supervised multilabel classification, allowing the utili-
zation of knowledge from unlabeled data or data with
partially missing labels.

Interpretability
Interpretability is a hot topic in AI that concerns the
ability of intelligent systems to justify their decisions. In
domains where human lives are at stake, such as hate
speech detection and health care, this ability is critical.
Interpretability techniques can be either local or global,
depending on the scope of the provided interpretation.

Local interpretations concern a particular predic-
tion, while global interpretations present a general over-
view of themodel. In multilabel learning, the explanation

for a particular output of a model could concern either a
single label or the full set of predicted labels.

Another distinction between interpretability techni-
ques is their applicability, with model-agnostic techni-
ques being equally usable in a wide range of models
and model-specific techniques being designed for a
particular type of model. One way to produce model-
agnostic interpretations is to follow the surrogate
model scheme and train a transparent model, either on
the whole training set (global) or a group of neighbors
to an examined input (local). Experimental results of a
model-specific technique, focused on transformer mod-
els for multilabel text classification, suggest that provid-
ing a separate local interpretation per label yields more
faithful interpretations.8

Other
There are several other interesting recent trends in
multilabel learning that we cannot cover in this article.
Based on a topic modeling of the titles of multilabel
learning articles from the last three years, we would
like to at least mention them. One is hierarchical multi-
label classification. Asmentioned in the concept evolu-
tion section, labels are often hierarchically related. This
calls for methods that respect this knowledge. Several
papers and articles discuss semisupervised multilabel
learning methods to address the lack of ground truth
as well as active multilabel learning methods, used
when there is a limited budget to obtain ground-truth
annotations. Finally, a number of papers and articles
have addressed online learning and concept drift from
multilabel data streams.

OPEN ISSUES
The horizontal nature of multilabel learning also comes
with downsides. A lot of work that is related to this field
has been conducted in isolation within different com-
munities, such as computer vision, natural language
processing, recommender systems, and bioinformatics,
as well as in the separate context of different tasks,
such as multivariate regression, multilabel classifica-
tion, matrix completion, network inference, and dyadic
prediction. Recent work on multitarget prediction—a
generalization of multilabel learning where the target
variables no longer need to be binary but can instead
be numeric, ordinal, or even a mixture of types—has
offered a unifying view of several different tasks that fall
under its umbrella.9 Multitarget data extend the already
rich portfolio of application domains of multilabel data.
Multitarget numeric data, for example, are commonly
found in domains like ecology, energy, and sales, mainly
in the context of time series forecasting. We believe
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there is room for additional transfer of knowledge bet-
ween communities and tasks, which could be enabled
by interdisciplinary scientific workshops as part of AI
conferences.

A related general open issue in AI is the develop-
ment of hybrid approaches combining both knowledge-
based symbolic techniques together with nonsymbolic,
typically neural, techniques. In the context of multilabel
learning, it would be interesting to have a principled
way to combine background knowledge in terms of
deterministic relationships among an ontology of labels
and data with instances of particular relationships
among labels and among input variables and labels.10

This will require the combination of expertise in several
AI areas like knowledge graphs, machine learning, and
constrained programming.

ACKNOWLEDGMENTS
This work was partially supported by the Hellenic Foun-
dation for Research and Innovation (H.F.R.I.) under the
“First Call for H.F.R.I. Research Projects to support Fac-
ulty members and Researchers and the procurement
of high-cost research equipment grant” (Project 514).

REFERENCES
1. F. Markatopoulou, G. Tsoumakas, and I. Vlahavas,

“Dynamic ensemble pruning based on multi-label

classification,” Neurocomputing, vol. 150, pp. 501–512,

Feb. 2015, doi: 10.1016/j.neucom.2014.07.063.

2. J. Read, “From multi-label learning to cross-domain

transfer: A model-agnostic approach,” 2022,

arXiv:2207.11742.

3. Y. Prabhu and M. Varma, “FastXML: A fast, accurate

and stable tree-classifier for extreme multi-label

learning,” in Proc. 20th ACM SIGKDD Int. Conf. Knowl.

Discovery Data Mining (KDD), 2014, pp. 263–272,

doi: 10.1145/2623330.2623651.

4. B. Liu, K. Blekas, and G. Tsoumakas, “Multi-label

sampling based on local label imbalance,” Pattern

Recognit., vol. 122, Feb. 2022, Art. no. 108294,

doi: 10.1016/j.patcog.2021.108294.

5. S. P. Veeranna, J. Nam, E. L. Menc�ıa, and J. F€urnkranz,

“Using semantic similarity for multi-label zero-shot

classification of text documents,” in Proc. 24th Eur.

Symp. Artif. Neural Netw. (ESANN), 2016, pp. 423–428.

6. N. Mylonas, S. Karlos, and G. Tsoumakas, “A multi-

instance multi-label weakly supervised approach for

dealing with emerging MeSH descriptors,” in Proc.

19th Int. Conf. Artif. Intell. Med. (AIME), 2021,

pp. 397–407, doi: 10.1007/978-3-030-77211-6_47.

7. Z.-M. Chen, X.-S. Wei, P. Wang, and Y. Guo, “Multi-

label image recognition with graph convolutional

networks,” in Proc. IEEE/CVF Conf. Comput. Vis.

Pattern Recognit. (CVPR), 2019, pp. 5177–5186,

doi: 10.1109/CVPR.2019.00532.

8. N. Mylonas, I. Mollas, and G. Tsoumakas, “An

attention matrix for every decision: Faithfulness-

based arbitration among multiple attention-based

interpretations of transformers in text classification,”

2022, arXiv:2209.10876.

9. W. Waegeman, K. Dembczy�nski, and E. H€ullermeier,

“Multi-target prediction: A unifying view on problems and

methods,” Data Mining Knowl. Discovery, vol. 33, no. 2,

pp. 293–324, Mar. 2019, doi: 10.1007/s10618-018-0595-5.

10. C. Papagiannopoulou, G. Tsoumakas, and

I. Tsamardinos, “Discovering and exploiting

deterministic label relationships in multi-label

learning,” in Proc. ACM SIGKDD Int. Conf. Knowl.

Discovery Data Mining (KDD), 2015, pp. 915–924,

doi: 10.1145/2783258.2783302.

NIKOLAOS MYLONAS is a Ph.D. student at Aristotle Univer-

sity of Thessaloniki (AUTH), Thessaloniki, 54124, Greece. His

research interests include zero-shot and weakly supervised

learning as well as interpretability in the context of multilabel

learning. Mylonas received his M.Sc. degree in artificial intelli-

gence from AUTH. Contact him at myloniko@csd.auth.gr.

IOANNIS MOLLAS is a Ph.D. student at Aristotle University

of Thessaloniki (AUTH), Thessaloniki, 54124, Greece. His

research interests include explainable artificial intelligence

and, specifically, interpretable machine learning. Mollas

received his M.Sc. degree in artificial intelligence from AUTH.

Contact him at iamollas@csd.auth.gr.

BIN LIU is a lecturer at Chongqing University of Posts and Tel-

ecommunications, Chongqing, 400065, China. His research

interests include multilabel learning, class imbalance, and bio-

logical data mining. Liu received his Ph.D. degree in computer

science from Aristotle University of Thessaloniki. Contact him

at liubin@cqupt.edu.cn.

YANNIS MANOLOPOULOS is a professor at the Open Univer-

sity of Cyprus, Nicosia, 2220, Cyprus, and professor emeritus of

Aristotle University of Thessaloniki (AUTH). His research inter-

ests include data management and related issues. Manolopou-

los received his Ph.D. degree in computer engineering from

AUTH. He is a member of Academia Europaea. Contact him at

yannis.manolopoulos@ouc.ac.cy.

GRIGORIOS TSOUMAKAS is associate professor at Aristotle

University of Thessaloniki (AUTH), Thessaloniki, 54124, Greece.

His research interests include multitarget prediction, interpret-

ability, and summarization. He received his Ph.D. in computer

science from AUTH. He is a Senior Member of IEEE and ACM.

Contact him at greg@csd.auth.gr.

AI FOCUS

March/April 2023 IEEE Intelligent Systems 31

http://dx.doi.org/10.1016/j.neucom.2014.07.063
http://dx.doi.org/10.1145/2623330.2623651
http://dx.doi.org/10.1016/j.patcog.2021.108294
http://dx.doi.org/10.1007/978-3-030-77211-6_47
http://dx.doi.org/10.1109/CVPR.2019.00532
http://dx.doi.org/10.1007/s10618-018-0595-5
http://dx.doi.org/10.1145/2783258.2783302
mailto:myloniko@csd.auth.gr
mailto:iamollas@csd.auth.gr
mailto:liubin@cqupt.edu.cn
mailto:yannis.manolopoulos@ouc.ac.cy
mailto:greg@csd.auth.gr


<<
	/CompressObjects /Off
	/ParseDSCCommentsForDocInfo false
	/CreateJobTicket false
	/PDFX1aCheck false
	/ColorImageMinResolution 200
	/GrayImageResolution 300
	/DoThumbnails false
	/ColorConversionStrategy /sRGB
	/GrayImageFilter /DCTEncode
	/EmbedAllFonts true
	/CalRGBProfile (Adobe RGB \0501998\051)
	/MonoImageMinResolutionPolicy /OK
	/AllowPSXObjects false
	/LockDistillerParams true
	/ImageMemory 1048576
	/DownsampleMonoImages true
	/ColorSettingsFile (None)
	/PassThroughJPEGImages true
	/AutoRotatePages /None
	/Optimize false
	/ParseDSCComments false
	/MonoImageDepth -1
	/AntiAliasGrayImages false
	/GrayImageMinResolutionPolicy /OK
	/JPEG2000ColorImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/ConvertImagesToIndexed true
	/MaxSubsetPct 100
	/Binding /Left
	/PreserveDICMYKValues false
	/GrayImageMinDownsampleDepth 2
	/MonoImageMinResolution 400
	/sRGBProfile (sRGB IEC61966-2.1)
	/AntiAliasColorImages false
	/GrayImageDepth -1
	/PreserveFlatness false
	/OtherNamespaces [
		<<
			/IncludeSlug false
			/CropImagesToFrames true
			/IncludeNonPrinting false
			/OmitPlacedBitmaps false
			/AsReaderSpreads false
			/Namespace [
				(Adobe)
				(InDesign)
				(4.0)
			]
			/FlattenerIgnoreSpreadOverrides false
			/OmitPlacedEPS false
			/OmitPlacedPDF false
			/SimulateOverprint /Legacy
			/IncludeGuidesGrids false
			/ErrorControl /WarnAndContinue
		>>
		<<
			/IgnoreHTMLPageBreaks false
			/IncludeHeaderFooter false
			/AllowTableBreaks true
			/UseHTMLTitleAsMetadata true
			/MetadataTitle /
			/ShrinkContent true
			/UseEmbeddedProfiles false
			/TreatColorsAs /MainMonitorColors
			/MetricUnit /inch
			/RemoveBackground false
			/HonorBaseURL true
			/ExpandPage false
			/AllowImageBreaks true
			/MetadataSubject /
			/MarginOffset [
				0.0
				0.0
				0.0
				0.0
			]
			/Namespace [
				(Adobe)
				(GoLive)
				(8.0)
			]
			/OpenZoomToHTMLFontSize false
			/PageOrientation /Portrait
			/MetadataAuthor /
			/MobileCompatible 0.0
			/MetadataKeywords /
			/MetricPageSize [
				0.0
				0.0
			]
			/HonorRolloverEffect false
		>>
		<<
			/IncludeProfiles true
			/ConvertColors /NoConversion
			/FormElements true
			/MarksOffset 6.0
			/FlattenerPreset <<
				/PresetSelector /MediumResolution
			>>
			/DestinationProfileSelector /UseName
			/MultimediaHandling /UseObjectSettings
			/PreserveEditing true
			/PDFXOutputIntentProfileSelector /UseName
			/BleedOffset [
				0.0
				0.0
				0.0
				0.0
			]
			/UntaggedRGBHandling /LeaveUntagged
			/GenerateStructure false
			/AddRegMarks false
			/IncludeHyperlinks false
			/IncludeBookmarks false
			/MarksWeight 0.25
			/PageMarksFile /RomanDefault
			/UntaggedCMYKHandling /LeaveUntagged
			/AddPageInfo false
			/AddBleedMarks false
			/IncludeLayers false
			/IncludeInteractive false
			/AddColorBars false
			/UseDocumentBleed false
			/AddCropMarks false
			/DestinationProfileName (U.S. Web Coated \050SWOP\051 v2)
			/Namespace [
				(Adobe)
				(CreativeSuite)
				(2.0)
			]
			/Downsample16BitImages true
		>>
	]
	/CompressPages true
	/GrayImageMinResolution 200
	/CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
	/PDFXBleedBoxToTrimBoxOffset [
		0.0
		0.0
		0.0
		0.0
	]
	/AutoFilterGrayImages false
	/EncodeColorImages true
	/AlwaysEmbed [
	]
	/EndPage -1
	/DownsampleColorImages true
	/ASCII85EncodePages false
	/PreserveEPSInfo false
	/PDFXTrimBoxToMediaBoxOffset [
		0.0
		0.0
		0.0
		0.0
	]
	/CompatibilityLevel 1.7
	/MonoImageResolution 600
	/NeverEmbed [
	]
	/CannotEmbedFontPolicy /Error
	/PreserveOPIComments false
	/AutoPositionEPSFiles false
	/JPEG2000GrayACSImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
	/EmbedJobOptions true
	/JPEG2000ColorACSImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/MonoImageDownsampleType /Bicubic
	/DetectBlends true
	/EmitDSCWarnings false
	/ColorImageDownsampleType /Bicubic
	/EncodeGrayImages true
	/Namespace [
		(Adobe)
		(Common)
		(1.0)
	]
	/AutoFilterColorImages false
	/DownsampleGrayImages true
	/GrayImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/AntiAliasMonoImages false
	/GrayImageAutoFilterStrategy /JPEG
	/GrayACSImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/ColorImageAutoFilterStrategy /JPEG
	/ColorImageMinResolutionPolicy /OK
	/ColorImageResolution 300
	/PDFXRegistryName (http://www.color.org)
	/MonoImageFilter /CCITTFaxEncode
	/CalGrayProfile (Dot Gain 15%)
	/ColorImageMinDownsampleDepth 1
	/PDFXTrapped /False
	/DetectCurves 0.0
	/ColorImageDepth -1
	/JPEG2000GrayImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/TransferFunctionInfo /Remove
	/ColorImageFilter /DCTEncode
	/PDFX3Check false
	/ParseICCProfilesInComments true
	/DSCReportingLevel 0
	/ColorACSImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/PDFXOutputConditionIdentifier (CGATS TR 001)
	/PDFXCompliantPDFOnly false
	/AllowTransparency false
	/UsePrologue false
	/PreserveCopyPage true
	/StartPage 1
	/MonoImageDownsampleThreshold 1.5
	/GrayImageDownsampleThreshold 1.5
	/CheckCompliance [
		/None
	]
	/CreateJDFFile false
	/PDFXSetBleedBoxToMediaBox true
	/EmbedOpenType false
	/OPM 1
	/PreserveOverprintSettings true
	/UCRandBGInfo /Preserve
	/ColorImageDownsampleThreshold 1.5
	/MonoImageDict <<
		/K -1
	>>
	/GrayImageDownsampleType /Bicubic
	/Description <<
		/ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
		
		/FRA <>
		/KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
		/HUN <>
		/NOR <>
		/DEU <>
		/CZE <>
		/ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
		/DAN <>
		/JPN <>
		
		/SUO <>
		/CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
		/CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
		
		
		
		/PTB <>
		/NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
		/TUR <>
		/POL <>
		
		/SVE <>
		
		/ESP <>
	>>
	/CropMonoImages false
	/DefaultRenderingIntent /Default
	/PreserveHalftoneInfo true
	/ColorImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/CropGrayImages false
	/PDFXOutputCondition ()
	/SubsetFonts false
	/EncodeMonoImages true
	/CropColorImages false
	/PDFXNoTrimBoxError true
>>
setdistillerparams
<<
	/PageSize [
		612.0
		792.0
	]
	/HWResolution [
		600
		600
	]
>>
setpagedevice


