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Abstract

A highly accurate Named Entity (NE) corpus for Hungarian that is publicly available for research purposes is introduced in the paper, along with its main properties. The results of experiments that apply various Machine Learning models and classifier combination schemes are also presented to serve as a benchmark for further research based on the corpus. The data is a segment of the Szeged Corpus (Csendes et al., 2004), consisting of short business news articles collected from MTI (Hungarian News Agency, www.mti.hu). The annotation procedure was carried out paying special attention to annotation accuracy. The corpus went through a parallel annotation phase done by two annotators, resulting in a tagging with inter-annotator agreement rate of 99.89%. Controversial taggings were collected and discussed by the two annotators and a linguist with several years of experience in corpus annotation. These examples were tagged following the decision they made together, and finally all entities that had suspicious or dubious annotations were collected and checked for consistency. We consider the result of this correcting process virtually be free of errors. Our best performing Named Entity Recognizer (NER) model attained an accuracy of 92.86% F measure on the corpus.
1. Introduction

A highly accurate Named Entity corpus for Hungarian that is publicly available for research purposes is introduced in the paper, along with its main properties. The results of experiments that apply various Machine Learning models and classifier combination schemes are also presented to serve as a benchmark for further research based on the corpus. 

The recognition and classification of proper nouns and names in plain text is of key importance in Natural Language Processing (NLP) as it has a beneficial effect on the performance of various types of applications, including Information Extraction, Machine Translation, Syntactic Parsing/Chunking, etc. Corresponding to this, the identification of phrases that refer to persons, organizations, locations, or proper nouns in general (also called Named Entities or NEs) has been the focus of exhaustive research in the past decade.

Named Entity Recognition (NER) was introduced as shared tasks at the Message Understanding Conferences (Chinchor, 1998) which mainly concentrated on English with newswire texts. Later, research on NER turned to newer domains such as biomedical scientific texts (Kim, 2004) and various languages like Dutch, Spanish and German, with a single system dealing with several languages at the same time (in Computational Natural Language Learning Conferences shared tasks (Tjong, 2002; Tjong, 2003)). There are results on languages like Chinese or Japanese that have unique properties which were published as well. Since the Hungarian language has several interesting, special characteristics (like agglutinativity) which makes many NLP applications rather difficult compared to previously examined European languages, entity recognition in Hungarian texts fits in with these trends.

In the next section we will describe the corpus we built, starting with its general characteristics, than we will discuss the details of the annotation process we followed to ensure a high quality annotation with as few errors as possible. In Section 3 we outline our NER system for Hungarian and in the last section we discuss our recent experiments and make some brief concluding remarks.

2. The corpus 

The Named Entity Corpus for Hungarian is a sub corpus of the Szeged Treebank (Csendes et al., 2004),, which contains full syntactic annotations done manually by linguist experts.
 A significant part of these texts has been annotated with Named Entity class labels in line with the annotation standards used on CoNLL conferences
. The corpus is available free of charge for research purposes.

2.1. General properties

Short business news articles collected from MTI (Hungarian News Agency, www.mti.hu) constitute a 200,000 word part of the Szeged Treebank, covering 38 topics concerning the NewsML
 topic coding standard, ranging from acquisition to stock market changes or to new plants openings. 

We provide the text with annotations of person, location, organization names and miscellaneous entities that are proper names but do not belong to the three other classes. Part of speech codes generated automatically by a POS tagger (Kuba, 2004) developed at the University of Szeged have also been added to the database. Furthermore we provide some gazetteer resources in Hungarian (Hungarian first names, company types, list of names of countries, cities, etc.) that we used for experiments to build a model based on the corpus.

The data also has some interesting properties relating to the distribution of class labels which is induced by the domain specificity of the texts – organization class, which turned to be harder to recognize than person names for example, is more frequent than in corpuses used at the CoNLL conferences.
	
	Tokens
	Phrases

	Non-tagged tokens
	200067
	─

	Person names
	1.921
	982

	Organizations
	20.433
	10.533

	Locations
	1.501
	1.294

	Misc. entities
	2.041
	1.662


Table 1.: Corpus details

2.2. The annotation process

As annotation errors can readily mislead learning methods, accuracy is a critical measurement of usefulness of language resources containing labelled data that can be used to train and test supervised Machine Learning models for Natural Language Processing tasks. With this we aimed to create a corpus with as low an annotation error rate as possible, which could be efficiently used for training NE recognizer and classifier systems for Hungarian. To guarantee the precision of tagging we set up an annotation procedure with three stages. 

In the first stage two linguists labelled the corpus with NE tags and received the same instructions. Both of them were told to use Internet or other sources of knowledge whenever they were confused about their decision. Thanks to this and the special characteristics of texts (domain specificity helps experts to become more familiar with the style and characteristics of business news articles), the resulting annotation was very accurate regarding the inter-annotator agreement rate. We used the evaluation script made for the CoNLL conference shared tasks, which measures a phrase-level accuracy of a Named Entity-tagged corpus. As inter-annotator agreement is expressed in F values, comparing one annotation with another leads to the same result by treating any of the two annotations as the correct one (The precision of comparing A with B is the same as the recall of a comparison between B and A). The corpus showed inter-annotator agreement of 99.6% after the first phase. 

In the second phase all words that received different class label were collected for discussion and revision by the two annotators and the chief annotator with several years of experience in corpus annotation. The chief annotator gave instructions to the other two to perform the first phase labelling. Those entities that caused disagreement among the linguists initially received their class labels according to the joint decision of the group. 

In the third phase all NEs that showed some kind of similarity to those that had been tagged ambiguously earlier were collected from the corpus for revision even though they received the same labels in the first phase. We did this to ensure the consistency of the annotation procedure. The resulting corpus after the third stage had an agreement rate of 99.89% and 99.77% with the first and second annotations.

Creating error free resources of reasonable size has a very high cost and, in addition, publicly available NE tagged corpuses contain certain annotation errors, so we can say the corpus we developed has a great value for the research community of Natural Language Processing. As far as we know this is the only Hungarian NE corpus currently available, and its size is comparable to those that have been made for other languages.

3. The NER system for Hungarian

The authors carried out some earlier research (Farkas, 2005) on the classification accuracy of NE recognition on Hungarian business news texts and demonstrated that different learning methods (Artificial Neural Network (Bishop, 1996), Support Vector Classifier (Vapnik, 1996), Decision Tree Classifier (Quinlan, 1993)) can achieve over 90% in F measure scores on recognizing the four NE classes.

3.1. Feature set

To build a learning model we collected various types of numerically encodable information describing each term and its context. These consisted of the vector of attributes for the classification (which is partly based on the model described in (Tjong, 2003)).

We designed a model with the following features:

· part-of-speech code (for the word itself and for its +/-4 words neighborhood),

· case code,

· type of initial letter of the word,

· one that tells us if the word contains digits inside the word form,

· one that tells us if the word contains capitalized letter inside the word form,

· one that tells us if the word contains punctuation inside the word form,

· the word at the beginning of a sentence or not,

· the word between quotation marks or not,

· word length,

· if the word is an Arabic or Roman number,

· memory which tells us whether the word in question received an NE tag earlier in the actual document (one article) or not, and what type,

· the ratio of lowercase and capitalized frequency in Szószablya (Halácsy, 2003) term frequency dictionary

· the ratio of mid-sentence uppercase and all uppercase frequency in Szószablya,

· a feature telling us whether the word is in one of the trigger word dictionaries (we used dictionaries of surnames, organization forms, geographic name types and stopwords, and a very small gazetteer containing the names of the world’s countries and names of the biggest cities)

3.2. C4.5 decision tree

C4.5 (Quinlan, 1993) is based on the well-known ID3 tree learning algorithm. It is able to learn pre-defined discrete classes from labeled examples. The result of the learning process is an axis-parallel decision tree. This means that during the training, the sample space is divided into subspaces by hyperplanes which are parallel to every axis but one. In this way, we get many n-dimensional rectangular regions that are labeled with class labels and organized in a hierarchical way, which can then be encoded into the tree. Splitting is done by axis-parallel hyper-planes, and hence learning is very fast. One great advantage of the method is time complexity; in the worst case it is O(dn2), where d is the number of features and n is the number of samples.

3.3. Artificial Neural Networks (ANN)

Since it was realized that, under proper conditions, ANNs can model the class posteriors (Bishop, 1996), neural nets have become evermore popular in the Natural Language Processing community. But describing the mathematical background of the ANNs here is beyond the scope of this article. Besides, we believe that they are well known to those who are acquainted with pattern recognition. In our experiments we used the most common feed-forward multilayer perceptron network with the backpropagation learning rule.
3.4. Support Vector Machines (SVM)

The well-known and widely used Support Vector Machines (Vapnik, 1996) is a kernel method that separates data points of different classes with the help of a hyperplane. The created separating hyperplane has a margin of maximal size with a proven optimal generalization capacity. Another significant feature of margin maximization is that the calculated result is independent of the distribution of the sample points. Perhaps the success and the popularity of this method can be attributed to this property.

3.5. Majority voting

In experiments the results showed that different voting schemes which used trained models of inherently different classifiers are also beneficial to classification accuracy. We applied a decision function that accepts the classification made by any two of the above-mentioned three models as the joint prediction if they coincide (i.e. two models predicted the same class label), and accepts the classification of the best performing individual model if three different predictions were made. This reduced the classification error rate by 17% compared to the best individual model (F measure increased from 85.0% to 87.53%).

3.6. Post processing

Several simple post processing methods can bring about some improvement in system accuracy. Take, for instance, acronym words. They are often easier to disambiguate in their longer, phrase form, so if we find both in the same document we can override the prediction given to the acronym if it does not coincide with the previously met longer form. 

As we use a phrase level evaluation method (the one used on the CoNLL conferences), while our NER model is built to classify single terms, misclassifying one term multiples the error rate when the misclassified term is part of a longer phrase. To avoid this it is usual to unify the class labels of a longer NE term sequence, as it can eliminate the multiple error of an accidental misclassification in the middle of the sequence, while unifying the whole sequence with a bad class label does not introduce any further error (one phrase is counted once, so if any of its constituents is misclassified it will be a faulty phrase). As the learning model cannot take into account the specificity of the evaluation script, it is simpler to post process the output of the system to fit the CoNLL evaluation.

3.7. AdaBoost

Since voting schemes like the one mentioned above can be successful only if the individual models are highly accurate in terms of precision (thus coinciding predictions will more often mean error correction), we applied a boosting strategy to improve the precision of the three learning models at the cost of somewhat lower recall. 

Boosting was introduced by Schapire as a method for improving the performance of a weak learning algorithm (Schapire, 1990). The algorithm generates a set of classifiers (of the same type) by applying bootstrapping on the original training data set and it makes a decision based on their votes. AdaBoost changes the weights of the training instances provided as input for each inducer based on classifiers that were previously built. The final decision is made using a weighted voting schema for each classifier, whose weights depend on the performance of the training set used to build it. This way we can achieve even more accurate results with majority voting schemes than those with our previous model.

Iterative voting models like boosting can cure typical errors such as those discussed in the post processing section, and thus – as our experiments prove – it seems that post processing cannot bring further significant advance to models based on boosting.

4. Experimental Results

We trained ANN, SVM and C4.5 classifiers for the Hungarian NER, and tested them on a randomly selected 10% segment of the corpus. The remaining 90% data constituted the training set, which was split into a train and development phase test set. We followed the NER tasks of CoNLL conferences in this. Table 2 concludes the results of our latest experiments. 

	
	Term accuracy
	Phrase accuracy
	Phrase

(post processed)

	ANN
	92.19%
	85.00%
	87.39%

	SVM
	91.44%
	84.22%
	86.17%

	C4.5
	91.80%
	84.04%
	87.83%

	VOTING
	92.91%
	87.53%
	89.16%

	BOOSTING + C4.5
	94.19%
	92.77%
	92.81%


Table 2.: Summary of the experimental results

The F measure accuracies of the models were 92.19% for ANN, 91.44% for SVM and 91.80% for C4.5 on the evaluation set (the development phase test set gave better results by approximately 2% for each models thanks to the fine tuning of parameters). We also calculated the standard deviations of the models, by repeating the above experiments 10 times on randomly performed train-development-evaluation splits. ANN showed a standard deviation of 1.86% in F measure, while the other two models had slightly higher deviation values (2.43% for SVM, 2.09% for C4.5).

We performed post processing and CoNLL style evaluation as well. While ANN was superior to the other two models in term level and phrase level accuracy (85.00% to 84.22% of SVM and 84.04% of C4.5), post processing had a different effect on the three models and, surprisingly, C4.5 became the best model for phrase accuracy after post processing its output (87.83% to 87.39% of ANN and 86.17% of SVM).

Majority voting of the three trained models gave an increase in each comparison compared to the base models, proving that these inherently different learners can be effectively employed in decision committees. The voted model had a 92.91% term level accuracy and 87.53% phrase level accuracy without post processing. When post processing was applied to the voted output, the performance increased to 89.16%. 

We chose C4.5 for further experiments using the AdaBoost method, as decision trees are common subjects to boosting and often give good results. With a boosting of 20 iterations the C4.5 model increased its accuracy to 94.19% in F measure at the term level, which is an improvement of 2.39%. This, of course, brought about an increase in the phrase level accuracy as well, which became 92.77%. Interestingly, though, post processing had a very small additional benefit on this boosted model which presumes that boosting succeeded to improve the performance of C4.5 on similar examples that were subjects to post processing (the accuracy increased to 92.81%, phrase level).

These results are significantly better than those published for other languages, perhaps due to the domain specific nature of the texts. We also say that our results prove that NER can be performed for the Hungarian language with competitive accuracy, unlike some other Natural Language Processing Tasks.
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Figure 1.: Change of prediction accuracy (with trend lines) during the iterations of boosting
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Munka1

		89		10		5		0		3						retrieved relevant		1303

		922		972		174		70		23						retrieved		2802		precision		0.4650249822				Accuracy:		0.9176351423

		4		6		119		1		1						relevant		2580

		18		13		8		123		19										recall		0.5050387597

		166		70		14		18		15910						F measure		0.4842066146

		72		26		6		2		1						retrieved relevant		2154

		106		1851		107		81		16						retrieved		2894		precision		0.7442985487				Accuracy:		0.9587909159

		5		11		112		2		1						relevant		2580

		7		29		11		119		15										recall		0.8348837209

		108		100		16		123		15831						F measure		0.7869930581

		76		24		4		2		1						retrieved relevant		2132

		122		1812		129		82		16						retrieved		2775		precision		0.7682882883				Accuracy:		0.9639087323

		1		9		119		1		1						relevant		2580

		6		24		10		125		16										recall		0.8263565891

		79		88		9		53		15949						F measure		0.7962651727

		71		26		7		2		1						retrieved relevant		2176

		73		1860		153		64		11						retrieved		2804		precision		0.7760342368				Accuracy:		0.9649216334

		2		8		119		0		2						relevant		2580

		6		23		10		126		16										recall		0.8434108527

		87		117		10		40		15924						F measure		0.808320951

		76		22		6		2		1						retrieved relevant		2149

		139		1836		119		56		11						retrieved		2793		precision		0.7694235589				Accuracy:		0.9639620429

		2		10		117		0		2						relevant		2580

		8		26		9		120		18										recall		0.8329457364

		92		112		10		31		15933						F measure		0.7999255537

		73		27		5		1		1						retrieved relevant		2203

		77		1887		121		65		11						retrieved		2790		precision		0.7896057348				Accuracy:		0.9671073675

		2		9		118		0		2						relevant		2580

		6		25		9		125		16										recall		0.853875969

		77		115		11		37		15938						F measure		0.8204841713

		77		23		5		1		1						retrieved relevant		2152

		118		1827		107		98		11						retrieved		2806		precision		0.7669280114				Accuracy:		0.9635888687

		3		9		118		0		1						relevant		2580

		8		19		8		130		16										recall		0.8341085271

		92		113		9		41		15923						F measure		0.7991088006

		74		27		4		1		1						retrieved relevant		2202

		98		1885		91		76		11						retrieved		2801		precision		0.7861478044				Accuracy:		0.9664676405

		3		9		118		0		1						relevant		2580

		7		25		7		125		17										recall		0.8534883721

		81		102		10		58		15927						F measure		0.8184352351

		75		25		4		2		1						retrieved relevant		2175

		99		1853		95		103		11						retrieved		2803		precision		0.7759543346				Accuracy:		0.9649216334

		1		9		120		0		1						relevant		2580

		7		23		7		127		17										recall		0.8430232558

		86		96		14		57		15925						F measure		0.8080995727

		75		25		4		2		1						retrieved relevant		2150

		105		1824		112		109		11						retrieved		2795		precision		0.7692307692				Accuracy:		0.9640153534

		2		8		120		0		1						relevant		2580

		7		19		7		131		17										recall		0.8333333333

		90		94		14		47		15933						F measure		0.8

		74		26		5		1		1						retrieved relevant		2162

		101		1836		105		107		12						retrieved		2781		precision		0.7774181949				Accuracy:		0.9652948075

		1		8		121		0		1						relevant		2580

		6		19		7		131		18										recall		0.8379844961

		91		94		13		35		15945						F measure		0.8065659392

		75		24		5		1		2						retrieved relevant		2129

		116		1801		104		128		12						retrieved		2773		precision		0.7677605481				Accuracy:		0.9640153534

		1		8		121		0		1						relevant		2580

		7		19		7		132		16										recall		0.8251937984

		83		93		12		36		15954						F measure		0.7954418083

		76		24		5		1		1						retrieved relevant		2094

		135		1765		107		141		13						retrieved		2767		precision		0.756776292				Accuracy:		0.9624160358

		2		7		121		0		1						relevant		2580

		6		18		8		132		17										recall		0.811627907

		88		82		13		36		15959						F measure		0.78324294

		77		22		5		1		2						retrieved relevant		2096

		130		1764		108		147		12						retrieved		2757		precision		0.7602466449				Accuracy:		0.9630557629

		2		7		121		0		1						relevant		2580

		6		16		8		134		17										recall		0.8124031008

		80		81		12		36		15969						F measure		0.7854599963

		76		22		5		2		2						retrieved relevant		2077

		122		1747		105		174		13						retrieved		2753		precision		0.7544496912				Accuracy:		0.9621494829

		2		7		121		0		1						relevant		2580

		6		17		7		133		18										recall		0.8050387597

		74		79		12		42		15971						F measure		0.7789236827

		76		23		5		2		1						retrieved relevant		2090

		119		1760		104		165		13						retrieved		2749		precision		0.7602764642				Accuracy:		0.963162384

		2		8		120		0		1						relevant		2580

		6		17		7		134		17										recall		0.8100775194

		71		86		11		33		15977						F measure		0.7843873147

		74		24		5		2		2						retrieved relevant		2130

		106		1805		96		141		13						retrieved		2749		precision		0.7748272099				Accuracy:		0.965241497

		2		7		121		0		1						relevant		2580

		6		21		7		130		17										recall		0.8255813953

		76		88		9		29		15976						F measure		0.7993995121

		74		25		5		1		2						retrieved relevant		2154

		96		1831		96		125		13						retrieved		2748		precision		0.7838427948				Accuracy:		0.9665209511

		2		8		120		0		1						relevant		2580

		5		22		7		129		18										recall		0.8348837209

		72		96		9		25		15976						F measure		0.8085585586

		74		24		5		2		2						retrieved relevant		2143

		102		1819		98		129		13						retrieved		2747		precision		0.7801237714				Accuracy:		0.9660411558

		2		7		121		0		1						relevant		2580

		6		22		7		129		17										recall		0.830620155

		72		89		10		29		15978						F measure		0.8045804393

		75		24		5		1		2						retrieved relevant		2141

		95		1816		95		142		13						retrieved		2743		precision		0.7805322639				Accuracy:		0.9660944664

		2		7		121		0		1						relevant		2580

		5		22		7		129		18										recall		0.8298449612

		69		89		11		28		15981						F measure		0.8044335901

		75		24		5		1		2						retrieved relevant		2132

		101		1807		99		141		13						retrieved		2749		precision		0.7755547472				Accuracy:		0.9652948075

		2		7		121		0		1						relevant		2580

		5		22		7		129		18										recall		0.8263565891

		77		85		10		31		15975						F measure		0.800150122

		75		24		5		1		2						retrieved relevant		2144

		105		1819		97		127		13						retrieved		2748		precision		0.7802037846				Accuracy:		0.9659878452

		2		7		121		0		1						relevant		2580

		5		22		7		129		18										recall		0.8310077519

		73		89		11		29		15976						F measure		0.8048048048

		77		23		5		1		1						retrieved relevant		2164

		105		1839		90		114		13						retrieved		2745		precision		0.7883424408				Accuracy:		0.9672672993

		3		8		119		0		1						relevant		2580

		5		22		7		129		18										recall		0.8387596899

		72		91		11		24		15980						F measure		0.8127699531

		76		25		4		1		1						retrieved relevant		2173

		96		1845		93		114		13						retrieved		2744		precision		0.791909621				Accuracy:		0.9678004052

		1		6		123		0		1						relevant		2580

		5		22		7		129		18										recall		0.842248062

		67		94		11		25		15981						F measure		0.8163035312

		75		26		4		1		1						retrieved relevant		2170

		95		1843		93		117		13						retrieved		2744		precision		0.7908163265				Accuracy:		0.9676404734

		1		6		123		0		1						relevant		2580

		5		22		7		129		18										recall		0.8410852713

		67		92		11		27		15981						F measure		0.815176559

		74		26		5		1		1						retrieved relevant		2181

		86		1855		98		109		13						retrieved		2740		precision		0.7959854015				Accuracy:		0.9684401322

		1		6		123		0		1						relevant		2580

		5		22		7		129		18										recall		0.8453488372

		64		93		12		24		15985						F measure		0.819924812

		74		26		5		1		1						retrieved relevant		2199

		74		1873		98		103		13						retrieved		2735		precision		0.8040219378				Accuracy:		0.9696662757

		1		6		123		0		1						relevant		2580

		5		22		7		129		18										recall		0.8523255814

		58		96		12		22		15990						F measure		0.8274694262

		73		28		4		1		1						retrieved relevant		2216

		66		1892		92		99		12						retrieved		2733		precision		0.8108305891				Accuracy:		0.9707324875

		1		6		123		0		1						relevant		2580

		4		24		7		128		18										recall		0.8589147287

		53		100		12		20		15993						F measure		0.8341803124

		74		28		4		0		1						retrieved relevant		2224

		67		1899		88		94		13						retrieved		2725		precision		0.816146789				Accuracy:		0.9715321463

		1		6		123		0		1						relevant		2580

		4		24		7		128		18										recall		0.8620155039

		46		100		12		20		16000						F measure		0.8384542884

		74		28		4		0		1						retrieved relevant		2217

		67		1892		92		97		13						retrieved		2722		precision		0.814474651				Accuracy:		0.9713722145

		1		6		123		0		1						relevant		2580

		5		24		7		128		17										recall		0.8593023256

		43		99		13		19		16004						F measure		0.8362881931





Munka2

		0.4842066146		0.7265024982		0.8410325482				0.7465024982		0.921152748				0.8410325482

		0.7869930581		0.7442985487		0.8815134762				0.7442985487		0.9187284036				0.8815134762

		0.7962651727		0.7682882883		0.9067027027				0.7682882883		0.9451171171				0.9067027027

		0.808320951		0.7760342368		0.9148359486				0.7760342368		0.9536376605				0.9148359486

		0.7999255537		0.7694235589		0.9078947368				0.7794235589		0.9573659148				0.9078947368

		0.8204841713		0.7796057348		0.9185860215				0.7796057348		0.9575663082				0.9185860215

		0.7991088006		0.7669280114		0.905274412				0.7669280114		0.9436208125				0.905274412

		0.8184352351		0.7861478044		0.9254551946				0.7861478044		0.9647625848				0.9254551946

		0.8080995727		0.7759543346		0.9147520514				0.7759543346		0.9535497681				0.9147520514

		0.8		0.7692307692		0.9076923077				0.7792307692		0.9571538462				0.9076923077

		0.8065659392		0.7774181949		0.9162891046				0.7774181949		0.9551600144				0.9162891046

		0.7954418083		0.7677605481		0.9061485755				0.7677605481		0.944536603				0.9061485755

		0.78324294		0.756776292		0.8946151066				0.786776292		0.9654539212				0.8946151066

		0.7854599963		0.7602466449		0.8982589771				0.7602466449		0.9362713094				0.8982589771

		0.7789236827		0.7644496912		0.9026721758				0.7844496912		0.9628946604				0.9026721758

		0.7843873147		0.7602764642		0.8982902874				0.7802764642		0.9583041106				0.8982902874

		0.7993995121		0.7748272099		0.9135685704				0.7748272099		0.9523099309				0.9135685704

		0.8085585586		0.7838427948		0.9230349345				0.7838427948		0.9622270742				0.9230349345

		0.8045804393		0.7801237714		0.91912996				0.7801237714		0.9581361485				0.91912996

		0.8044335901		0.7805322639		0.9195588771				0.7905322639		0.9695854903				0.9195588771

		0.800150122		0.7755547472		0.9143324845				0.7855547472		0.9641102219				0.9143324845

		0.8048048048		0.7802037846		0.9192139738				0.7842037846		0.962624163				0.9192139738

		0.8127699531		0.7883424408		0.9277595628				0.7883424408		0.9671766849				0.9277595628

		0.8163035312		0.791909621		0.931505102				0.791909621		0.9711005831				0.931505102

		0.815176559		0.7908163265		0.9303571429				0.7908163265		0.9698979592				0.9303571429

		0.819924812		0.7959854015		0.9357846715				0.7959854015		0.9755839416				0.9357846715

		0.8274694262		0.8040219378		0.9442230347				0.7940219378		0.9734241316				0.9442230347

		0.8341803124		0.8108305891		0.9513721186				0.7908305891		0.969913648				0.9433721186

		0.8384542884		0.809146789		0.9496041284				0.796146789		0.9757614679				0.9409604128

		0.8362881931		0.812474651		0.9530983835				0.794474651		0.9739221161				0.9450983835
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				89		10		5		0		3

				922		972		174		70		23

				4		6		119		1		1

				18		13		8		123		19

				166		70		14		18		15910

				72		26		6		2		1

				106		1851		107		81		16

				5		11		112		2		1

				7		29		11		119		15

				108		100		16		123		15831

				76		24		4		2		1

				122		1812		129		82		16

				1		9		119		1		1

				6		24		10		125		16

				79		88		9		53		15949

				71		26		7		2		1

				73		1860		153		64		11

				2		8		119		0		2

				6		23		10		126		16

				87		117		10		40		15924

				76		22		6		2		1

				139		1836		119		56		11

				2		10		117		0		2

				8		26		9		120		18

				92		112		10		31		15933

				73		27		5		1		1

				77		1887		121		65		11

				2		9		118		0		2

				6		25		9		125		16

				77		115		11		37		15938

				77		23		5		1		1

				118		1827		107		98		11

				3		9		118		0		1

				8		19		8		130		16

				92		113		9		41		15923

				74		27		4		1		1

				98		1885		91		76		11

				3		9		118		0		1

				7		25		7		125		17

				81		102		10		58		15927

				75		25		4		2		1

				99		1853		95		103		11

				1		9		120		0		1

				7		23		7		127		17

				86		96		14		57		15925

				75		25		4		2		1

				105		1824		112		109		11

				2		8		120		0		1

				7		19		7		131		17

				90		94		14		47		15933

				74		26		5		1		1

				101		1836		105		107		12

				1		8		121		0		1

				6		19		7		131		18

				91		94		13		35		15945

				75		24		5		1		2

				116		1801		104		128		12

				1		8		121		0		1

				7		19		7		132		16

				83		93		12		36		15954

				76		24		5		1		1

				135		1765		107		141		13

				2		7		121		0		1

				6		18		8		132		17

				88		82		13		36		15959

				77		22		5		1		2

				130		1764		108		147		12

				2		7		121		0		1

				6		16		8		134		17

				80		81		12		36		15969

				76		22		5		2		2

				122		1747		105		174		13

				2		7		121		0		1

				6		17		7		133		18

				74		79		12		42		15971

				76		23		5		2		1

				119		1760		104		165		13

				2		8		120		0		1

				6		17		7		134		17

				71		86		11		33		15977

				74		24		5		2		2

				106		1805		96		141		13

				2		7		121		0		1

				6		21		7		130		17

				76		88		9		29		15976

				74		25		5		1		2

				96		1831		96		125		13

				2		8		120		0		1

				5		22		7		129		18

				72		96		9		25		15976

				74		24		5		2		2

				102		1819		98		129		13

				2		7		121		0		1

				6		22		7		129		17

				72		89		10		29		15978

				75		24		5		1		2

				95		1816		95		142		13

				2		7		121		0		1

				5		22		7		129		18

				69		89		11		28		15981

				75		24		5		1		2

				101		1807		99		141		13

				2		7		121		0		1

				5		22		7		129		18

				77		85		10		31		15975

				75		24		5		1		2

				105		1819		97		127		13

				2		7		121		0		1

				5		22		7		129		18

				73		89		11		29		15976

				77		23		5		1		1

				105		1839		90		114		13

				3		8		119		0		1

				5		22		7		129		18

				72		91		11		24		15980

				76		25		4		1		1

				96		1845		93		114		13

				1		6		123		0		1

				5		22		7		129		18

				67		94		11		25		15981

				75		26		4		1		1

				95		1843		93		117		13

				1		6		123		0		1

				5		22		7		129		18

				67		92		11		27		15981

				74		26		5		1		1

				86		1855		98		109		13

				1		6		123		0		1

				5		22		7		129		18

				64		93		12		24		15985

				74		26		5		1		1

				74		1873		98		103		13

				1		6		123		0		1

				5		22		7		129		18

				58		96		12		22		15990

				73		28		4		1		1

				66		1892		92		99		12

				1		6		123		0		1

				4		24		7		128		18

				53		100		12		20		15993

				74		28		4		0		1

				67		1899		88		94		13

				1		6		123		0		1

				4		24		7		128		18

				46		100		12		20		16000

				74		28		4		0		1

				67		1892		92		97		13

				1		6		123		0		1

				5		24		7		128		17

				43		99		13		19		16004






