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Abstract
This paper describes the development and implementation of a new pen-based approach to Chinese character input on a personal computer. As opposed to the standard method of keyboard input, an electronic tablet and pen is used to draw the Chinese character on a digital canvas. We explain how we process the collection of strokes generated by the pen and tablet, and how we use this data to predict the character represented by the strokes. Using 10-fold cross validation to analyze the character recognition engine, we achieve an accuracy rate of 74.9% on the top match, 86.4% on the top 2 matches and 90.1% on the top 3 matches. 
1
Introduction
1.1
Motivation
The Chinese writing system is markedly different from most western languages. Unlike alphabet-based systems, the Chinese language is based on a system in which each word is represented by a single character. In total, there are over 40,000 characters, although knowledge of 4000 to 6000 characters is sufficient for an understanding of most newspapers and novels. Even before the advent of the computer, the complexity of the Chinese writing system posed a significant problem to speakers of the language. In fact, even for native speakers of Chinese, the ability to write the language takes years of study.

When the computer arrived in China, the most immediate problem concerned the method of inputting Chinese characters into the computer. Clearly, no keyboard could contain the entire set of characters, or for that matter, even a subset of the most widely used characters. In light of this problem, several solutions were devised. The most popular method consists of first typing the Romanized phonetic spelling of a character (pinyin), and then choosing from a list of characters which match that spelling. This method of pinyin input is actually quite fast and proficient users can even input more Chinese characters per minute than English words per minute. However, two major drawbacks exist. Many Chinese people have no concept of pinyin and therefore, phonetic input is often laborious and frustrating.  Secondly and even more importantly, widespread adoption of pinyin input threatens to erase part of Chinese culture. According to a recent NY Times article [3], prolonged usage of computers in China for written communication has caused a slow but steady erosion in a person’s writing skills. Some Chinese speakers estimate that 95% of their writing occurs on the computer. As a result, they have forgotten how to write even some of the most basic of characters. 
Although this phenomenon has yet to cause a stir, as computers become more common in daily Chinese life, it is a real possibility that children may grow up never learning how to write Chinese characters. To solve this problem, a Chinese person must have the ability to input characters into the computer while also being able to retain the ability to write the character. In this regard, a pen-based system for character input is ideal. 
1.2 Prior Research

The problem of Chinese character recognition has followed two paths. Older research was mostly concerned with performing optical character recognition (OCR) on Chinese characters in the form of images. Romero, Touretzky and Thibadeau used probabilistic neural networks in their implementation of an OCR engine, achieving >95% accuracy on 39,644 characters in three different fonts [6]. 

On the other hand, there is online recognition, in which each character is represented by a series of strokes, as opposed to a bitmap image. This is the problem we face when designing a recognition engine for handwritten characters. On one hand, much more information is available since it is possible to determine how a stroke is written (i.e. left to right or right to left) and also the order in which the strokes are written. On the other hand, we must now deal with a greater variety of characters and writing styles as opposed to a well defined set of fonts. 

Several pen-based input systems exist on the market. However, their usage is not widespread, especially with respect to their claims of high accuracy.
We briefly tested the Twinbridge Chinese Pen system. The system allows users to use an electronic tablet/pen system to input characters into a box on the screen. After each character is inputted, the 10 most likely matches are generated. Since the software was prone to frequent crashing, no significant testing was performed. Sometimes, the system was very accurate and was able to differentiate between very similar characters such as the three shown in Figure 1.1.

人   八   入

           man        eight
 enter
Figure 1.1 – Three characters (English meanings below) which can be distinguished by Twinbridge Chinese Pen.
Other times, it had difficulty recognizing any of the characters we tested. It did seem, however, that the system could recognize a character irrespective of the order or direction in which the strokes are written. This feature is extremely important since people tend to differ in their writing styles.
The QuickStroke system is another online Chinese character recognition system. It is based on an incremental recognition system which attempts to recognize the character as the user is writing it, as opposed to waiting until the user is finished. Their implementation consists of 68 neural networks with over 5 million parameters and they claim an accuracy rate of 97.3% on a 4400 character set [4]. 
With this type of accuracy, it is surprising that the use of QuickStroke and other Chinese handwriting recognition software is not more prevalent. Some Chinese deem this method of input to be too slow and prefer the keyboard pinyin method. Others, perhaps, need something more robust. 

In written Chinese, there exists the equivalent of cursive English. When written quickly, characters look very different and oftentimes, the writer combines two strokes into one. Since each person has his own style of writing, it would be advantageous for a system to be able to learn how the user writes and adjust its recognition engine to a user’s peculiar style. It is with this in mind that we hope to incorporate machine learning into the problem of character recognition in an attempt to develop a highly individualized recognizer. 
2
User Interface Design
In designing an application to recognize handwritten Chinese characters, the design of the user interface is critical. Development is performed on the Windows platform using C# and the Tablet PC SDK. We choose Windows in order to reduce any hardware compatibility issues between the operating system and additional hardware such as tablet and pen.

The user interface is programmed with C# since it provides a simple means of creating a powerful graphical user interface. Not only do we need an area to write the characters, but we also need an efficient way to display the information for each stroke, character, training set and recognizer.

Another requirement is a versatile method of serializing data to disk. We want to have the ability to save all the characters we write so that each time we start the program up, we can load the information from previous sessions. Once again, C# provided this functionality.

Finally, the Tablet PC SDK provides a robust API for dealing with pen input. Collecting stroke information is an inherent feature in the API and no additional code needed to be written to keep track of where and when the pen presses down against the tablet and where and when it lifts back up. Furthermore, its Stroke data type encapsulates the
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Figure 2.1 – Screenshot of the user interface.
relevant information for each pen stroke and its Ink data type provides an easy way of representing a collection of Strokes. For example, when a character needs to be scaled and centered, we only need to perform a simple transformation on the Ink object containing the character as opposed to performing a transformation on each point of each stroke in the character. 

3
Feature Extraction

3.1
Overview

After a character is written on the Ink canvas, we have a wide variety of data at our disposable. Each character consists of a set of strokes, and for each stroke, there exists a range of data such as Polyline Points, Bezier Points, Polyline Cusps and Bezier Cusps. Thus, it is important to first extract the useful data (i.e. features) and to eliminate the noise and idiosyncrasies of the data before running the data through the recognizer.
3.2 
Character Normalization

The first important step in feature extraction is to center and scale the character to fit just within the Ink canvas. This allows the user to write the character anywhere on the canvas and at any size. 
Scaling and centering is done by calculating the rectangle which bounds all the strokes (this is done via a simple library call to the Ink object containing the character). In order to keep the same aspect ratio after resizing, we determine the larger dimension. That dimension is stretched to fit the canvas, and the other dimension is increased by the same factor. Centering is done at the same time.

3.3 
Possible Features 

In deciding how to differentiate between characters, a number of different features were evaluated. At the character level, two important features are the number of strokes in the character, and the bitmap image of the character. At the stroke level, numerous features exist. 
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Figure 3.1 – Eleven of the most common strokes and the direction in which they are normally written. Note that some strokes differ only by the hook at the end. 

In theory, most Chinese strokes are relatively straight, although some are characterized by a sharp hook at the end. Therefore, some recognition systems try to eliminate noise and smooth the stroke by approximating each stroke with a single straight line, or perhaps two straight lines if the stroke takes a significant turn. 

At first, this seems to be a reasonable approach. However, there are two major drawbacks to this method. Deciding whether the stroke has a significant turn is very arbitrary. It is easy to mistaken a curved stroke such as nà for a xiégōu, which is written in the same direction but contains a hook on the end (see Figure 3.1). Secondly, in practice, there are more than the eleven) basic strokes shown in Figure 3.1, some of which contain significant curves as shown in Figure 3.2. In addition, users often combine several strokes into one such as in Figure 3.3.
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都，隐，部
Figure 3.2 – A stroke with significant curvature and three characters which contain that stroke.
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Figure 3.3 – The two strokes on the left are often written as one single stroke as shown on the right.
Thus, trying to approximate a stroke by a single straight line, or even 2 or 3 straight lines, is not the best approach to take.

At the other extreme, simply using the points which define each stroke is also far from ideal. The density of the points is dependent on a number of factors, including the sampling rate of the input hardware (which differs significantly between Tablet PC, Wacom tablet and the traditional mouse), the speed at which the user writes, and the speed of the computer. Hence, the density of points per stroke is highly variable.

In general, we need a way of expressing the curvature of the stroke. Furthermore we also have to ensure that we extract the same number of values for each stroke since the machine learning algorithm requires a fixed number of inputs.

3.4 Sines and Cosines
In order to extract a fixed number of values per stroke, we interpolate 32 points at equal distances within the stroke. To get a sense of the direction of the stroke, we calculate the sine and cosine of the angle formed by the line segment from point i to point i + 1 with respect to the horizontal axis (see Figure 3.4). We do not use the angles themselves because an angle of 0o is equivalent to an angle of 360o. The 32 values of sines and cosines are sufficient in providing a description of the direction of the stroke.
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Figure 3.4 – The angles are calculated as shown.

3.5 Location and Size of Stroke
The location and size of each stroke within the character are also important features. For example consider the two characters in Figure 3.5. They both consist of the same sequence of strokes (top horizontal stroke, vertical stroke, bottom horizontal stroke), except that the top horizontal stroke in gōng is drawn relatively higher than the one in tǔ. To the human eye, this difference is easily distinguishable. To a computer the difference is not so distinct.
工     土 

gōng                   tǔ

Figure 3.5

Next consider the two characters in Figure 3.6. The positioning of all the strokes in both characters is identical. The only difference between the two characters is that in wèi, the top horizontal stroke is shorter than the lower one, whereas in mò, the situation opposite.
未     末  

                           wèi                    mò

Figure 3.6

To express positioning and length, we use four values for each stroke – the x and y coordinates of the starting point of the stroke, and the projection of the stroke on the x and y axes. These are all expressed in terms relative to the size of the canvas as opposed to absolute pixels.

In summary, each stroke can be described quite accurately with only 68 values (32 sin, 32 cos, x, y, projection on x, projection on y).

4
Character Recognition

4.1
Perceptron Algorithm
We use the Perceptron Algorithm as the basis for the character recognition engine. This algorithm is chosen for its simplicity and for its ability to handle a large number of classes.
In this algorithm, suppose there are k classes. We associate with each class 
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Given an example character x of class 
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For each class i, we take the dot product 
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4.2
Classes with Different Stroke Counts

We must now adapt the algorithm to handle characters with different stroke counts. In order to do this, we divide the problem up such that a there exists a separate recognizer for each stroke count (a recognizer is simply the collection of weight vectors for each class). Thus there would be one recognizer to handle 2-stroke characters and another recognizer to handle 3-stroke characters.
With our implementation, both the number of recognizers and the number of classes handled by each recognizer increase dynamically depending on the training set. This is implemented by first using a hash table to store each recognizer. The index into the hash table consists of the number of strokes, and the value it returns is another hash table. This secondary hash table contains all the weight vectors for the different classes it handles and it is indexed by the character corresponding to that class. It is simple to add a new recognizer or to add a new class to a specific recognizer.
5
Results

To test the recognizer, we input 1512 examples from a set of 245 classes (i.e. characters). Therefore, there is an average of 6 examples per character. In terms of stroke count, characters range from having a single stroke to having 19 different strokes (refer for Appendix A for the list of characters).
The recognizer has difficulty differentiating between characters whose strokes are of the same shape and direction but differ in size and placement. For example, the recognizer often confuses the pairs of characters in Figure 5.1. However, the recognizer succeeds in classifying characters which look similar but have different stroke types as shown in Figure 5.2.

a) 大 丈
b) 工 土
c) 土 士
Figure 5.1 – Pairs of easily confused characters. 

干 于 千
Figure 5.2 – Three characters which look the same but are still accurately classified. 

It is also interesting to note that the recognizer is better at classifying characters with many strokes than characters with fewer strokes. This can be attributed to the additional information present in characters with more strokes since the length of the weight vector for these characters is longer.
Quantitative results are achieved by running a 10-fold cross validation analysis on the training set of 1512 example characters. We divide the characters randomly into 10 groups. For each group, we first train using the 9 other groups, and then run the 10th group through the recognition engine. This process is repeated 10 times.
On average, we are able to achieve an accuracy rate of 74.9% on the top match, 86.4% on the top 2 matches and 90.1% on the top 3 matches. Refer to Appendix B for complete results.

6
Conclusion

In terms of input speed, pen-based character input will never be able to match that of keyboard pinyin input. However, pen-based input still has many applications. 

It is especially appealing to students who are in the process of learning to write Chinese. Although typing a Chinese essay might be faster and neater, many students still forgo this method in favor of writing essays by hand, even when they are familiar with keyboard input systems. The primary reason for their unwillingness to switch to the computer is that they wish to practice their characters and thus choose to write their essays with pen and paper. Pen-based input systems solve this problem and let users practice their writing skills while also entering characters into the computer. Furthermore, this system can be adapted such that it can teach beginners how to draw each character. 
By incorporating machine learning into the recognition process, we have developed a system which can be custom tailored to a user’s writing style. At this point, the algorithm and recognition engine is still in the developmental phase. It is our goal to improve this technology such that the recognizer will be able to recognize Chinese characters written in a cursive style of handwriting. We also hope to improve the recognition engine such that individual stroke order does not affect the performance of the software. Thus, there are still many areas in which this recognition system can be improved, but we are pleased with the preliminary results.
Appendix A – Character Classes by Stroke Count
	Strokes
	Characters
	Count

	1
	一  了  
	2

	2
	人  入  十  二  
	4

	3
	飞  女  才  千  久  大  天  乏  及  也  乡  口  丈  上  与  已  凡  个  广  亡  干  么  亿  土  习  川  工  万  三  下  士  己  门  于  义  
	35

	4
	长  天  元  世  公  分  不  认  以  今  中  五  从
	13

	5
	过  印  加  生  立  民  出  他  本  四  平  用  达  白  且  可  对  处  乎  发  好  成  主  
	23

	6
	地  那  年  机  行  此  先  各  并  全  似  任  件  老  讲  她  团  成  进  合  有  自  这  师  在  岁  会  休  如  还  传  
	31

	7
	里  但  没  听  批  作  我  员  报  何  条  住  别  否  识  均  来  体  完  即  你  告
	22

	8
	单  制  居  组  怪  规  定  行  和  选  到  织  治  实  国  其  的  往  金  取  度  法  建  参  使  
	25


	9
	界  闻  是  政  觉  总  统  要  标  思  律  宫  美  通  很  宣  给  举  说  家  种  首  面  
	23

	10
	根  样  钱  能  竞  都  高  课  部  旅  础  起  效  难
	14

	11
	符  媒  道  得  做  领  据  基  
	8

	12
	雇  普  期  然  确  量  最  就  善  
	9

	13
	简  想  满  新  
	4

	14
	需  懒  榜
	3

	15
	
	0

	16
	激  儒  操  磺  篮  镜  镗  融  螃  橱  醒  噤  篱  瘾  澡  薯  懒  樵  鲸  镖  瞰  憾  薪  器  壁  膳  薄
	27

	17
	
	0

	18
	镰  
	1

	19
	警  
	1


Appendix B – Results of 10-Fold Cross Validation

Trial 1
	Group
	Total
	Top 1
	Top 2
	Top 3
	Top 4
	Top 5

	1
	161
	126
	(78.3%)
	144
	(89.4%)
	150
	(93.2%)
	153
	(95.0%)
	153
	(95.0%)


	2
	151
	119
	(78.8%)
	135
	(89.4%)
	138
	(91.4%)
	138
	(91.4%)
	138
	(91.4%)

	3
	136
	110
	(80.9%)
	119
	(87.5%)
	122
	(89.7%)
	123
	(90.4%)
	123
	(90.4%)

	4
	158
	110
	(69.6%)
	123
	(77.8%)
	137
	(86.7%)
	141
	(89.2%)
	142
	(89.9%)

	5
	139
	108
	(77.7%)
	124
	(89.2%)
	127
	(91.4%)
	129
	(92.8%)
	131
	(94.2%)

	6
	138
	97
	(70.3%)
	114
	(82.6%)
	128
	(92.8%)
	131
	(94.9%)
	134
	(97.1%)

	7
	162
	120
	(74.1%)
	146
	(90.1%)
	150
	(92.6%)
	153
	(94.4%)
	157
	(96.9%)

	8
	119
	102
	(85.7%)
	110
	(92.4%)
	113
	(95.0%)
	115
	(96.6%)
	116
	(97.5%)

	9
	163
	113
	(69.3%)
	131
	(80.4%)
	136
	(83.4%)
	137
	(84.0%)
	141
	(86.5%)

	10
	183
	126
	(68.9%)
	155
	(84.7%)
	163
	(89.1%)
	167
	(91.3%)
	171
	(93.4%)

	Avg
	
	
	(75.4%)
	
	(86.4%)
	
	(90.5%)
	
	(92.0%)
	
	(93.2%)


Trial 2

	Group
	Total
	Top 1
	Top 2
	Top 3
	Top 4
	Top 5

	1
	147
	110
	(74.8%)
	123
	(83.7%)
	126
	(85.7%)
	126
	(85.7%)
	128
	(87.1%)

	2
	158
	117
	(74.1%)
	131
	(82.9%)
	141
	(89.2%)
	147
	(93.0%)
	149
	(94.3%)

	3
	137
	104
	(75.9%)
	122
	(89.1%)
	125
	(91.2%)
	125
	(91.2%)
	127
	(92.7%)

	4
	170
	130
	(76.5%)
	146
	(85.9%)
	151
	(88.8%)
	159
	(93.5%)
	160
	(94.1%)

	5
	151
	101
	(66.9%)
	122
	(80.8%)
	124
	(82.1%)
	132
	(87.4%)
	134
	(88.7%)

	6
	167
	131
	(78.4%)
	153
	(91.6%)
	157
	(94.0%)
	157
	(94.0%)
	160
	(95.8%)

	7
	143
	100
	(69.9%)
	123
	(86.0%)
	129
	(90.2%)
	130
	(90.9%)
	132
	(92.3%)

	8
	134
	96
	(71.6%)
	113
	(84.3%)
	117
	(87.3%)
	120
	(89.6%)
	121
	(90.3%)

	9
	155
	115
	(74.2%)
	137
	(88.4%)
	141
	(91.0%)
	141
	(91.0%)
	142
	(91.6%)

	10
	148
	127
	(85.8%)
	139
	(93.9%)
	142
	(95.9%)
	143
	(96.6%)
	143
	(96.6%)

	Avg
	
	
	(74.8%)
	
	(86.7%)
	
	(89.6%)
	
	(91.3%)
	
	(92.4%)


Trial 3

	Group
	Total
	Top 1
	Top 2
	Top 3
	Top 4
	Top 5

	1
	131
	102
	(77.9%)
	112
	(85.5%)
	119
	(90.8%)
	120
	(91.6%)
	121
	(92.4%)

	2
	138
	111
	(80.4%)
	122
	(88.4%)
	124
	(89.9%)
	130
	(94.2%)
	130
	(94.2%)

	3
	166
	123
	(74.1%)
	141
	(84.9%)
	150
	(90.4%)
	153
	(92.2%)
	155
	(93.4%)

	4
	171
	135
	(78.9%)
	146
	(85.4%)
	148
	(86.5%)
	151
	(88.3%)
	157
	(91.8%)

	5
	150
	114
	(76.0%)
	134
	(89.3%)
	141
	(94.0%)
	142
	(94.7%)
	142
	(94.7%)

	6
	142
	102
	(71.8%)
	121
	(85.2%)
	128
	(90.1%)
	130
	(91.5%)
	131
	(92.3%)

	7
	145
	112
	(77.2%)
	129
	(89.0%)
	136
	(93.8%)
	139
	(95.9%)
	139
	(95.9%)

	8
	156
	123
	(78.8%)
	141
	(90.4%)
	150
	(96.2%)
	151
	(96.8%)
	151
	(96.8%)

	9
	156
	115
	(73.7%)
	134
	(85.9%)
	140
	(89.7%)
	144
	(92.3%)
	146
	(93.6%)

	10
	155
	111
	(71.6%)
	127
	(81.9%)
	132
	(85.2%)
	136
	(87.7%)
	139
	(89.7%)

	Avg
	
	
	(76.1%)
	
	(86.6%)
	
	(90.7%)
	
	(92.5%)
	
	(93.5%)


Trial 4

	Group
	Total
	Top 1
	Top 2
	Top 3
	Top 4
	Top 5

	1
	134
	101
	(75.4%)
	118
	(88.1%)
	125
	(93.3%)
	125
	(93.3%)
	126
	(94.0%)

	2
	163
	133
	(81.6%)
	150
	(92.0%)
	154
	(94.5%)
	154
	(94.5%)
	155
	(95.1%)

	3
	147
	118
	(80.3%)
	132
	(89.8%)
	133
	(90.5%)
	133
	(90.5%)
	134
	(91.2%)

	4
	153
	96
	(62.7%)
	125
	(81.7%)
	131
	(85.6%)
	137
	(89.5%)
	138
	(90.2%)

	5
	154
	119
	(77.3%)
	135
	(87.7%)
	139
	(90.3%)
	140
	(90.9%)
	145
	(94.2%)

	6
	156
	118
	(75.6%)
	138
	(88.5%)
	144
	(92.3%)
	145
	(92.9%)
	147
	(94.2%)

	7
	154
	123
	(79.9%)
	138
	(89.6%)
	142
	(92.2%)
	145
	(94.2%)
	146
	(94.8%)

	8
	130
	105
	(80.8%)
	113
	(86.9%)
	118
	(90.8%)
	120
	(92.3%)
	120
	(92.3%)

	9
	165
	127
	(77.0%)
	144
	(87.3%)
	151
	(91.5%)
	154
	(93.3%)
	156
	(94.5%)

	10
	154
	116
	(75.3%)
	131
	(85.1%)
	136
	(88.3%)
	139
	(90.3%)
	142
	(92.2%)

	Avg
	
	
	(76.6%)
	
	(87.7%)
	
	(90.9%)
	
	(92.2%)
	
	(93.3%)


Trial 5

	Group
	Total
	Top 1
	Top 2
	Top 3
	Top 4
	Top 5

	1
	146
	122
	(83.6%)
	137
	(93.8%)
	138
	(94.5%)
	141
	(96.6%)
	144
	(98.6%)

	2
	161
	135
	(83.9%)
	143
	(88.8%)
	147
	(91.3%)
	148
	(91.9%)
	151
	(93.8%)

	3
	143
	103
	(72.0%)
	123
	(86.0%)
	130
	(90.9%)
	133
	(93.0%)
	135
	(94.4%)

	4
	162
	115
	(71.0%)
	141
	(87.0%)
	148
	(91.4%)
	151
	(93.2%)
	152
	(93.8%)

	5
	145
	97
	(66.9%)
	123
	(84.8%)
	126
	(86.9%)
	130
	(89.7%)
	134
	(92.4%)

	6
	155
	118
	(76.1%)
	133
	(85.8%)
	139
	(89.7%)
	146
	(94.2%)
	146
	(94.2%)

	7
	150
	119
	(79.3%)
	128
	(85.3%)
	131
	(87.3%)
	133
	(88.7%)
	138
	(92.0%)

	8
	160
	123
	(76.9%)
	142
	(88.8%)
	146
	(91.3%)
	148
	(92.5%)
	148
	(92.5%)

	9
	144
	119
	(82.6%)
	133
	(92.4%)
	137
	(95.1%)
	138
	(95.8%)
	139
	(96.5%)

	10
	144
	95
	(66.0%)
	120
	(83.3%)
	128
	(88.9%)
	128
	(88.9%)
	134
	(93.1%)

	Avg
	
	
	(75.8%)
	
	(87.6%)
	
	(90.7%)
	
	(92.4%)
	
	(94.1%)


Trial 6

	Group
	Total
	Top 1
	Top 2
	Top 3
	Top 4
	Top 5

	1
	148
	121
	(81.8%)
	136
	(91.9%)
	138
	(93.2%)
	139
	(93.9%)
	139
	(93.9%)

	2
	127
	99
	(78.0%)
	116
	(91.3%)
	121
	(95.3%)
	124
	(97.6%)
	126
	(99.2%)

	3
	155
	115
	(74.2%)
	132
	(85.2%)
	135
	(87.1%)
	136
	(87.7%)
	139
	(89.7%)

	4
	161
	119
	(73.9%)
	139
	(86.3%)
	145
	(90.1%)
	153
	(95.0%)
	154
	(95.7%)

	5
	151
	104
	(68.9%)
	123
	(81.5%)
	130
	(86.1%)
	133
	(88.1%)
	135
	(89.4%)

	6
	146
	121
	(82.9%)
	130
	(89.0%)
	133
	(91.1%)
	135
	(92.5%)
	136
	(93.2%)

	7
	171
	135
	(78.9%)
	153
	(89.5%)
	157
	(91.8%)
	158
	(92.4%)
	160
	(93.6%)

	8
	144
	107
	(74.3%)
	120
	(83.3%)
	126
	(87.5%)
	128
	(88.9%)
	129
	(89.6%)

	9
	148
	104
	(70.3%)
	123
	(83.1%)
	128
	(86.5%)
	132
	(89.2%)
	136
	(91.9%)

	10
	159
	114
	(71.7%)
	131
	(82.4%)
	143
	(89.9%)
	148
	(93.1%)
	151
	(95.0%)

	Avg
	
	
	(75.5%)
	
	(86.4%)
	
	(89.9%)
	
	(91.8%)
	
	(93.1%)


Trial 7

	Group
	Total
	Top 1
	Top 2
	Top 3
	Top 4
	Top 5

	1
	146
	102
	(69.9%)
	121
	(82.9%)
	126
	(86.3%)
	132
	(90.4%)
	133
	(91.1%)

	2
	164
	122
	(74.4%)
	135
	(82.3%)
	141
	(86.0%)
	142
	(86.6%)
	144
	(87.8%)

	3
	146
	119
	(81.5%)
	130
	(89.0%)
	135
	(92.5%)
	137
	(93.8%)
	137
	(93.8%)

	4
	160
	116
	(72.5%)
	135
	(84.4%)
	141
	(88.1%)
	145
	(90.6%)
	145
	(90.6%)

	5
	145
	101
	(69.7%)
	131
	(90.3%)
	139
	(95.9%)
	139
	(95.9%)
	141
	(97.2%)

	6
	144
	117
	(81.3%)
	126
	(87.5%)
	130
	(90.3%)
	134
	(93.1%)
	136
	(94.4%)

	7
	139
	108
	(77.7%)
	124
	(89.2%)
	130
	(93.5%)
	132
	(95.0%)
	132
	(95.0%)

	8
	160
	121
	(75.6%)
	135
	(84.4%)
	139
	(86.9%)
	145
	(90.6%)
	146
	(91.3%)

	9
	137
	102
	(74.5%)
	112
	(81.8%)
	119
	(86.9%)
	120
	(87.6%)
	120
	(87.6%)

	10
	169
	120
	(71.0%)
	140
	(82.8%)
	145
	(85.8%)
	153
	(90.5%)
	156
	(92.3%)

	Avg
	
	
	(74.8%)
	
	(85.5%)
	
	(89.2%)
	
	(91.4%)
	
	(92.1%)


Trial 8

	Group
	Total
	Top 1
	Top 2
	Top 3
	Top 4
	Top 5

	1
	151
	126
	(83.4%)
	137
	(90.7%)
	138
	(91.4%)
	139
	(92.1%)
	140
	(92.7%)

	2
	139
	102
	(73.4%)
	126
	(90.6%)
	131
	(94.2%)
	133
	(95.7%)
	134
	(96.4%)

	3
	131
	92
	(70.2%)
	111
	(84.7%)
	118
	(90.1%)
	121
	(92.4%)
	124
	(94.7%)

	4
	144
	97
	(67.4%)
	121
	(84.0%)
	127
	(88.2%)
	131
	(91.0%)
	132
	(91.7%)

	5
	161
	122
	(75.8%)
	140
	(87.0%)
	147
	(91.3%)
	151
	(93.8%)
	153
	(95.0%)

	6
	164
	128
	(78.0%)
	141
	(86.0%)
	144
	(87.8%)
	147
	(89.6%)
	154
	(93.9%)

	7
	156
	116
	(74.4%)
	136
	(87.2%)
	141
	(90.4%)
	143
	(91.7%)
	149
	(95.5%)

	8
	177
	139
	(78.5%)
	155
	(87.6%)
	166
	(93.8%)
	168
	(94.9%)
	169
	(95.5%)

	9
	148
	109
	(73.6%)
	130
	(87.8%)
	135
	(91.2%)
	140
	(94.6%)
	142
	(95.9%)

	10
	139
	100
	(71.9%)
	125
	(89.9%)
	127
	(91.4%)
	127
	(91.4%)
	128
	(92.1%)

	Avg
	
	
	(74.7%)
	
	(87.6%)
	
	(91.0%)
	
	(92.7%)
	
	(94.3%)


Trial 9

	Group
	Total
	Top 1
	Top 2
	Top 3
	Top 4
	Top 5

	1
	157
	123
	(78.3%)
	132
	(84.1%)
	140
	(89.2%)
	140
	(89.2%)
	145
	(92.4%)

	2
	172
	136
	(79.1%)
	151
	(87.8%)
	158
	(91.9%)
	159
	(92.4%)
	160
	(93.0%)

	3
	148
	104
	(70.3%)
	126
	(85.1%)
	130
	(87.8%)
	135
	(91.2%)
	136
	(91.9%)

	4
	132
	83
	(62.9%)
	102
	(77.3%)
	110
	(83.3%)
	113
	(85.6%)
	121
	(91.7%)

	5
	146
	101
	(69.2%)
	119
	(81.5%)
	127
	(87.0%)
	130
	(89.0%)
	133
	(91.1%)

	6
	145
	104
	(71.7%)
	127
	(87.6%)
	130
	(89.7%)
	132
	(91.0%)
	134
	(92.4%)

	7
	157
	116
	(73.9%)
	131
	(83.4%)
	141
	(89.8%)
	143
	(91.1%)
	146
	(93.0%)

	8
	162
	123
	(75.9%)
	135
	(83.3%)
	142
	(87.7%)
	148
	(91.4%)
	152
	(93.8%)

	9
	138
	105
	(76.1%)
	118
	(85.5%)
	122
	(88.4%)
	124
	(89.9%)
	127
	(92.0%)

	10
	153
	111
	(72.5%)
	135
	(88.2%)
	139
	(90.8%)
	141
	(92.2%)
	145
	(94.8%)

	Avg
	
	
	(73.0%)
	
	(84.4%)
	
	(88.6%)
	
	(90.3%)
	
	(92.6%)


Trial 10

	Group
	Total
	Top 1
	Top 2
	Top 3
	Top 4
	Top 5

	1
	163
	115
	(70.6%)
	133
	(81.6%)
	140
	(85.9%)
	145
	(89.0%)
	152
	(93.3%)

	2
	143
	112
	(78.3%)
	131
	(91.6%)
	136
	(95.1%)
	138
	(96.5%)
	138
	(96.5%)

	3
	146
	100
	(68.5%)
	124
	(84.9%)
	132
	(90.4%)
	137
	(93.8%)
	139
	(95.2%)

	4
	176
	130
	(73.9%)
	148
	(84.1%)
	158
	(89.8%)
	160
	(90.9%)
	163
	(92.6%)

	5
	151
	103
	(68.2%)
	127
	(84.1%)
	137
	(90.7%)
	139
	(92.1%)
	143
	(94.7%)

	6
	141
	99
	(70.2%)
	120
	(85.1%)
	128
	(90.8%)
	130
	(92.2%)
	130
	(92.2%)

	7
	128
	93
	(72.7%)
	112
	(87.5%)
	116
	(90.6%)
	118
	(92.2%)
	122
	(95.3%)

	8
	162
	122
	(75.3%)
	145
	(89.5%)
	150
	(92.6%)
	151
	(93.2%)
	153
	(94.4%)

	9
	151
	111
	(73.5%)
	124
	(82.1%)
	129
	(85.4%)
	131
	(86.8%)
	136
	(90.1%)

	10
	149
	104
	(69.8%)
	130
	(87.2%)
	132
	(88.6%)
	133
	(89.3%)
	135
	(90.6%)

	Avg
	
	
	(72.1%)
	
	(85.8%)
	
	(90.0%)
	
	(91.6%)
	
	(93.5%)


Cumulative

	
	Top 1
	Top 2
	Top 3
	Top 4
	Top 5

	Cumulative Avg
	(74.9%)
	(86.4%)
	(90.1%)
	(91.8%)
	(93.2%)
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