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1. Introduction 

Motivation 
'Automated Essay Scoring' has been a large area of research since the 1960s. In such a process, a 

variety of 'features' are extracted from essays, such as word and sentence length and the structure 

of sentences, before the data is collaborated to provide a final classification [SHERMIS 03]. 

'Automated Exam Scoring' is a more objective mode of classification, in which answers are analysed 

for the presence of concrete facts or statements instead of using any continuous measure. This has 

been the subject of much research in the Computational Linguistics department at Oxford 

University, using an online study as the source of data, in which students completed a GCSE Biology 

paper [PULMAN 05]. The techniques employed are varied, but falls into two main categories. One 

simulating a human style marker defines the marking scheme via patterns inputted by an 

administrator, allowing for as many variants of an answer as possible. The clear disadvantage of this 

method is the hours of work required to painstakingly write these patterns, but this method yields 

high accuracy. Average accuracy in excess of 95% was obtained. 

The latter method adopts a machine learning approach using a set of pre-marked answers for the 

training process. [PULMAN 06] experimented with a system in which the answers are treated as a 'bag 

of words' with no semantic structure incorporated. A technique known as'k nearest neighbour 

(KNN)' was used, which initially removes stop words from the answer sets (words of common usage 

such as 'and') and assigns each keyword a TDF-IDF measure ("Term Frequency" and "Document 

Frequency", concepts in the Information Retrieval domain combined to indicate the 'significance' of 

a term). Each answer in the training set is then converted to an incidence vector form given its terms 

(weighting each element with the corresponding term's TDF-IDF measure), as well as the answer to 

classify. Using a distance measure, the closest k training answers are obtained, and the modal score 

of these used for classification. 

This naive method is subject to a number of problems, as highlighted by Professor Stephen Pulman 

in this BBC News article: 

"Professor Srihori asked human examiners to grode 300 answer booklets. Half Of the groded scripts 

were then jed into the computer to r'teach" it the grading process. The software identified key words 

and phroses that were repeatedly associated with high grodes. If few of these features are present in 

an exam script it generally receives a law grade... 

Professor Stephen Pulman at the University of Oxford has identified another potential pitfall in 

Professor Srihari's approach. "You can't just look for keywords, because the student might have the 

right keywords in the wrong configuration, or they might use keywords equivalents, JI Professor Pulman 

says." 

Thus if the answer requirement is a statement such as 'the cat chased the mouse', then an answer of 

'the mouse chased the cat' would be accepted despite the clear semantic inequality, due to the 

identical set of words. 

This project aims to extend this method by incorporating the semantic structure of sentences, so 

that for the above example 'the mouse chased the cat' would be marked as incorrect, whereas 'the 

mouse was chased by the cat' would be marked as correct. 

3 



I
 

I
 
CAndC Parser & Boxer 
The CAndC (Clark and Curran) parser uses statistical methods and 'supertaggirog' to convert English I 
sentences into a tree representing their structure, as detailed in [CLARK 07J. it was developed by 

Stephen Clark (a lecturer at Oxford University and member of the Oxford Computational linguistics 

Group) and James Curran. The output of the parser is a CCG (Combinatory Categorial Grammar) file, I 
representing this sentence structure. 

IAlone, this representation is insufficient for machine learning use, given that the semantic 

interpretation of the sentences is our concern. We therefore use a tool called Boxer, which uses 

Prolog to convert the CCG into a form called DRS (Discourse Representation Structure). This is I 
compatible with first-order logic, and thus can be used to make reasoned logical deductions (with its 

application extending to other systems such as Question Answering). I 
Consider the sentence "Julia saw Bob eat the marshmallow." Its CCG form is: 

Jl..lIia saw Bob cal: the marshmallow I 
'~D :.-:--''' 

.. ,:~!j.:l: ;jJ\(sr; "Jl}\}__P 

The graphical form of its corresponding DRS is: 

:10:11:12 

n.·'1""<1 .,>:1'1, ] . 1 -', ,"'1 
\1""'''0.1 ';J{ l. I "t,. r'-' t • 

1'1,,'0: -~, hm,~ 1 : ,r,,' i x 2 ) 

HI DT }...... 
(S.(toJ~'lTl.~~P ~...[nbl1'i N 

51dd] 

:13:14 

seEqx31
 
1,t'(Jpnsl tlO[J Ix4)
 

(-,,.,,,,,+ (x3) 

pat lent (x3. xl) 

~gent(x3. xO) 

:11;4; .5 

'?c-'t (:15) 

",·,''''1l 1.IX5) 

<:J9I?ntjxS. xl) 

p ... tlF.<n't(x!'i • • 2) 

I 
I 
I 
I 
I 
I 
IVerbs and nouns are represented as objects (here xO to x5) with predicates defining their properties 

and relations connecting them. 

The Data I 
All data is from students' answers to GCSE Biology papers (both foundation and higher tiers) from 

2001 and 2003. The anonymised data is made available under a confidentiality agreement courtesy Iof the OCR Exam Board. Maximum marks for answers vary between 1 and 4 marks. 

Weka I 
Weka is a suite of machine learning tools for Java, developed by the University of Waikato in New 

Zealand. It provides a variety of classifiers (including Naive Bayesian, Neural Networks and Decision 

Trees), clustering algorithms and other utilities. Downloads and documentation can be found at I 
hltp ://www.c5.waikato.ac.llz/~mI/we kat. 
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2. System Overview
 

In the scope of this project, we investigate 3 different methods of exam mark classification: a naive 

keyword approach in which the answers are treated as a 'bag of words' as described above (but 

using a more standard classifier than the 'k nearest neighbour' technique), an approach which 

incorporates the sentence semantics, and a potential optimisation of the latter which uses a new 

type of classifier. All 3 methods use a 'supervised learning' approach, that is, we train a classifier 

with pre-marked data, and use this to mark subsequent answers. 

Such a classification problem requires a number of stages: 

1.	 Semantic Conversion: This takes the answers in English (a CSV file containing the answers 

and marks), and converts them to a semantic representation, using the CAndC parser to 

identify the sentence structure. This is then fed this into Boxer, producing a semantic 

representation (i.e. a DRS). Clearly this step is skipped in the keyword approach. The 

conversion process is described in Section 3. 

2.	 Featurisation: A 'feature' is a singular property encompassing some fact about an answer. A 

'binary feature' takes the value 0, denoting the feature is not present, or 1 if it is. The aim of 

this stage is to provide some function which maps the answer (either in its raw form for the 

keyword approach, or the DRS for the semantic approach) to a set of such 'features' which 

are satisfied. For the keyword approach, the mapping simply produces a set of words the 

answer contains. For the semantic approach, the DRS is a non-linear structure and thus the 

mapping is more ambiguous. The latter is dealt with in Section 4. 

3.	 Data Preparation: Such features from all answers must be collated to provide a suitable 

input for a classifier. This data is embodied as a file known as an 'ARFF'. See Section S. 

4.	 Training: A suitable machine learning classifier is chosen, and is 'trained' with this data. 

5.	 Classification: Subsequent new answers are parsed (if necessary) and featurised as before. 

This is fed into the trained classifier to provide an estimated classification (i.e. a mark) for 

the answer. 

ARFF 

-Trainer (4) 

I
 
I
 

English	 ,
Mark.--t--._'­answer , , ,I	 , 

I
 
I
 
I S 

I 



I
 
I
 

3.	 Parsing 
I 

Our initial input data is a CSV file containing a list of English sentences, each with a classification. The 

aim of the parsing process is to produce a new CSV file, instead with DRS expressions representing I 
each of the sentences. There are 2 methods of parsing. 

One method uses the online parser found on the CAndC website l However, a more practical I 
solution would incorporate a server which can administer requests from clients and send the parsed 

expressions back. The CAndC tools include a SOAP server and client, which communicate with each Iother (potentially externally). The advantage of these is that the high overhead cost associated with 

starting the parser need only occur once in the server's lifetime, relative to once per parse request. 

Both of these operate on the same host, and we disregard their remote capabilities of these in order I 
to produce a Java 'wrapper' which gives this functionality. The SOAP client should not be confused 

with the remote Java client, the latter of which generates the parse requests. I 
What is required is a server which forwards requests to the SOAP client (which in turn communicates 

with the SOAP server). It may need to manage the requests of multiple remote clients, and thus we 

create a separate manager for each connection, running concurrently. It performs the following: I 
1.	 The SOAP server is started. I2.	 We indefinitely wait on a specified port for external clients to make a connection. When an 

incoming request is received, a socket and a manager representing the connection are 

created. I
3.	 In this manager, we construct an input and output stream from the socket, and continually
 

read from it until the connection closes. We read an English sentence from the stream, write
 

it to a file (given that the parser reads from a file) and instruct the SOAP server to parse the
 I 
sentence. Finally we use Boxer to convert this to a DRS expression, which is delivered to the 

output stream. I 
A client end of the communication is also reqUired. It sends the sentence to the server and delivers 

the parsed and boxed DRS expression returned to the reqUired resource. As before, we establish a Isocket using the host name and port of the external machine running the server, and construct an 

input and output stream to read and write from. 

IThe structure of the entire parsing system can be summarised as follows: 

I 
I 
I 
I 

1 This can be found at http:/bvn.ask it.usyd.edu.?uJ.1!aL/ca(ld(J.~iti/Demo 
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4.	 Representing Semantic Atomic Facts 

I 
As previously discussed, previous attempts at implementing a machine learning system to classify 

answers have relied on treating them as a 'bag of words', such that marking was based on common I 
keywords. However, this has a major flaw. The ordering and form of words have no bearing, leading 

to false positives. For example "Jack collects stamps with Jill" and "Jill stamps on Jack as he collects IJill" are likely to have similar classifications, despite their very different meanings and different uses 

of the word 'stamps'. In other words, there is no capacity for semantic representation. In the latter 

sentence, although Jill is performing the 'stamping', it could equally be Jack. I 
The aim therefore is to derive a way of semantically representing sentences that is complete, sound 

and most importantly, linear. That is, we wish to deconstruct a sentence into a collection of atomic I 
predicates (here described as 'semantic atomic facts') such that these properties are satisfied. This is 

an example of 'featurisation', that is, we identify a number of possible properties of the input data 

(in this case, the presence of each of the generated atoms) for the use of machine learning I 
application at a later stage. To establish these concepts of soundness, completeness and linearity, 

take for example a sentence represented by a and the 'semantic atom facts' we wish to generate 

from it by a set WI.... , ~"}: 
I 

•	 For soundness, \;Ii . a 1= ~,. In other words, all such facts are implied by the original sentence. 

•	 For completeness, (1\ Iv I~) ~i 1= a. That is, some disjunctive/conjunctive/negative 
I 

combination of the atoms implies the original sentence. Allowing the disjunctive connective 

to yield a may at first seem odd, but the necessity becomes clear when considering I 
sentences with the word 'or'; if for example "The kite is red or green" was split into "Red 

kite" and "Green kite". I•	 Linearity simply implies the lack of some recursive or complex data structure, instead
 

keeping the atomic facts 'flat'. Here, atomicity implies the absence of the 1\, v and ~
 

connectives.
 I 
We define a suitable function cp which produces every possible inference that can be made from a 

DRS expression a, that is, the ~i as defined above. Take for example the sentence "When jolly Carol I 
laughs, there is an earthquake". We can make a number of inferences from the sentence, 

representing looser forms: I 
1.	 When Carol laughs, some event occurs. 

2.	 When someone laughs, some event occurs. 

3.	 When Carol performs some action, some event occurs. I 
4.	 When jolly Carol laughs, some event occurs. 

5.	 Carol is involved in the sentence. 

6.	 Carol is jolly_ I 
7.	 An earthquake occurred. 

8.	 When someone laughs, an earthquake occurs. 

IAnd so on. To formally define cp, we consider all the mappings for all possible DRS sub-expressions to 

sets of 'atoms'. The DRS consists of a number of objects, representing nouns or verbs, named via a 

specially typed predicate. The atom produced is simply the name of the predicate (note that the I 
term after the colon indicates the type): 
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'fl(p:noun(x)) { p:String}
 

'fl(p:verb(x)) { p:String}
 

For example, <p( cat(x)) ={"cat" ). In addition, other unary predicates representing adjuncts can 

modify such an entity; this is an adjective in the case of a noun, and an adverb in the case of a verb. 

Its corresponding atoms consist of the name of the modifier and the modifier combined with the 

name of the entity. The nm(x) function simply retrieves the assigned 'name' of the entity x. 

'fl(p:adj(x)) = f p:String, p:String[nm(x)]) 

For convenience, we define <p(x) to be all atoms associated with the entity x. We similarly take <p of 

the whole DRS expression a as the union of sets produced by applying the function to all expressions 

contained within it. That is: 

'I'(x) = 'l'lp,(x) ; ... ; p,(x)) 'I'(p,(x)) u U'l'(p,(x))
 

'I'(a) ='I'(a,; ... ; a,) 'I'(a,(x)) u U 'fl(a,(x))
 

Binary predicates (i.e. relations) connect two entities, and typically represent a verb or a 

prepositional modifier. In mind of providing all inferences, the resulting atoms must incorporate 

every possible pair of atoms from the atom sets of the constituent entities: 

<p(plx" x,)) {p:String[e"e,] I e, E 'I'(x,) A e, E 'I'(x,)} 

Larger DRS expressions can be combined together using a variety of conjunctives. These must be 

dealt with appropriately: 

'fll a v P) 'flea) u <P (P)
 

'1'( aA P) <pea) u 'fl (P)
 

'I'(a =/is P) {"e, = e,", "e, = e," I e, E <pIa) A e, E 'I'(P)}
 

'I'(a --> P) {"e, --> e," I e, E <pIa) A e, E <pIP) }
 

'1'( -a) 'I'(a)
 

Such a function may initially seem disastrously hideous to a logician: negation is ignored, and 

conjunction and disjunction are treated in a uniform way. The motivation is to have as high coverage 

as possible of all inferences made by the sentence, with the only requirement being that the original 

sentence can be reconstructed from some conjunctive/disjunctive/negative combination of a subset 

of <p( a). Note that the equality relation is symmetric, therefore we must supply both orderings in the 

string representation. We do not treat a --> P as ~a v P given we are only interested if the inference 

was made, not if it was true vacuously when a is false. 

To demonstrate this definition, take the sentence "The big dog jumped over the lazy man." This 

could be represented in DRS by: 

dog!x,) ; big(x,) ; man(x,) ; lazy(x,) ; jump(x,); agent(x"x,) ; over(x"x,) 

In this example, the jumping is being executed by the dog (i.e. the dog is the agent of the jumping). 

Using the laws above, the following atoms are produced: 

9 



dog
 
big
 

bigldog)
 

man
 

lazV
 

lazv[man]
 
jump 

Relevance to Exam Marking 

I
 
I
 

agent/iu mp, bigIdogll 

agent/iump,dog] 

agent/iump,big] I 
overU ump, lazvl ma nil 

over/iump,lazv] 
over[jump,man) I
 

I
 
The above system is based on assumptions relating to a generic marking system. We assume that 

some number of marks are awarded for the conjunctive/disjunctive combination of these atomic 

facts. For example, a mark may be awarded for mentioning that the man is lazy ("lazy[man]") and I 
another for identifying a jump occurred over him ("overUump,man]"). 

IThere may initially appear to be a problem with answers either being too specific or not specific 

enough. Say for example that "over[jump,man]" was required for a mark. If the user was to answer 

with "jumped over the large man", we obtain "over[jump,large[man]]" and by deconstruction, I 
"over[jump,man]" also. Is a mark awarded for "jumped over the large man" if the answer required 

was "jumped over the man"? This is somewhat of an ambiguous question. In some cases, the extra 

detail may be unnecessary but not detrimental to the answer; we may consider that our example I 
merits the mark. However, there are some cases where clearly extra detail changes the answer. Take 

for example the answer "The act of putting magnesium in water causes a reaction." Then "The act of Iputting magnesium in water causes a fatal reaction." is clearly wrong, given that it grossly 

misrepresents the magnitude of the reaction. 

IFortunately, a 5uitable machine learning method can usually cater for this. Let an answer be a (e.g. 

red dog) and its looser implication ~ (e.g. dog) such that a --> ~ (i.e. a red dog is a dog): 

I
•	 For an actual answer a where ~ is not specific enough (e.g. where red dog would be awarded
 

a mark but not dog): a 1\ ~~ holds.
 

•	 For an actual answer f3 where a is an acceptable extension (e.g. if dog was accepted, then I 
red dog would also be accepted): a v ~ holds. 

•	 For an actual answer ~ where a is not a valid extension (such as with the chemistry example I
above): ~a 1\ ~ holds. 

These are all simple Boolean expressions which can be 'learned' during the training process. I,
Classifiers' ability to learn any such Boolean expression justifies our function <p used for Iinearisation. 

There is however one particular flaw with the definition of <p, in the way that negation is handled. It I 
is difficult to distinguish between "The dog was red" and "The dog was not red", since the negation 

is ignored. The underlying problem is that the binary value in the vector representation of the 

answer represents the presence or absence of a clause, not the Boolean interpretation of 'true' or I 
'false'. We could propagate the ~ through subclauses (resulting in sets like {dog, red, red [dog] } and 

{dog, ~red, ~red[dog] }), or use 3-valued logic (i.e. 0 for the absence of a feature, 1 if present but Inegative, and 2 if present and positive), but such attempts generally lowered the accuracy of the 

system (by up to 10% for some data sets). One might suggest that this is due to students generally 

avoiding specifying a correct answer before negating it. For example, the question "By which process I 
to plants produce oxygen and food?" is unlikely to be answered with "Not by photosynthesis." 

I
 
I
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5. Data Preparation and Training 

I 
Parsing and atomising from the previous stage will produce sets of atoms for each of the answers. In

I order to produce an input file suitable fDr a classifier, these must be collated. 

In Weka, a training file fDr a classifier is knDwn as an ARFF (Attribute-RelatiDn File FDrmat) file. The 

I file has two segments: the first is an ordered list Df attributes (each with a data range defined), and 

I 
the second a data table representing the instances (Le. answers) as vectDrs, where each element 

represents a value for the corresponding attribute (the last value being the classification for the 

instance). 

I Producing the set of attributes is trivial; we simply take the union of all the sets Df atDms. TD 

produce the data table, fDr each instance in the training set we use the value '1' for an element if the 

attribute appears in its set of atoms, and '0' otherwise. This is best illustrated by an example;

I cDnsider these 3 sets of atoms for the 3 answers in the training set: 

Ai = {cat, dog, mouse}, A2 = {dog, horse, rabbit}, A3 = { horse, monkey} 

I SuppDse that A, received 1 mark, A, received 0 and A3 received 2. Then the appropriate ARFF file 

would IDDk like such: 

I @relationanimal_example 

I 
@allribule "cal" (O, 1)
 

@allribule "dog" {O, 1)
 

@attribute "mouse" {O, I}
 

I 
@allribule "horse" {O, 1 }
 

@allribule "rabbil" (O, 1 )
 

@allribule "monkey" {O, 1 }
 

@attribute "classification" { OJ I, 2 } 

I @dala 

1, 1, 1, 0, 0, 0, 1 

0, 1, 0. 1, 1, 0, 

I 0,0,0,1,0, 1, 2 ° 

I 
NDtice that we must determine the maximum mark in the training set in order tD define the range 

fDr the "classificatiDn" attribute. Upon collating the attributes, it is beneficial tD maintain a CDunt of 

all attributes. Any attribute Dccurring Dnly Dnce is remDved, as it is deemed as having insufficient 

impact Dn the classifier. This has the benefit Df massively reducing the number of attributes, thus 

I making training and c1assificatiDn considerably faster. 

Training a classifier in Weka is near trivial using an ARFF file. We construct an untrained classifier, 

I and an Dbject representing the data in the ARFF file. After providing a reference tD this data in the 

classifier, the training process is finally invDked'. 

I
 
I 2 The trained c1asslfier is required for future use, so we use Java's FileOutputStream class to write the classifier 

to a file. File representations of classifiers are (arbitrarily) given 'model' as a file extension. 

I 11 
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There are a number of established classifiers that one may wish to use. Here is a brief description of 

the options available: I 
•	 Neural Network: This consists of a number of connected units known as 'neurones',
 

analogous to the functioning of the brain. Each neurone takes the weighted sum of its
 I 
inputs, and applies a function (usually either a threshold or sigmoid function) to produce its 

output. The network uses the training set and error minimisation via a process of 'back 

propagation' to iteratively adjust these weights. I 
•	 Decision Tree: This repeatedly partitions the training set on attributes, ordered by the
 

'information gain' (i.e. the extent of diversity in the proposed partitioning) each attribute
 I 
provides. This results in a tree, with each node splitting into two given the presence of a
 

certain feature, and the 'leaves' designating the resulting classification.
 

•	 Naive Bayesian Classifier: This uses simple probabilistic theory based on Bayes' Theorem. It I 
calculates the probability of a classification (given the features) by using the probability of
 

each feature given the classification and the prior probability of each classification, both of
 Iwhich are easily calculated. The classification which maximises this probability is selected. It 

assumes that each of the features are independent. 

•	 Maximum entropy modelling: A framework for integrating information from many sources I 
for classification. The idea is that it finds a model that satisfies the given constraints but does 

not go 'beyond the data', that is, it avoids a model not justified by the empirical evidence 

(i.e. the training set). Its advantage over the Naive Bayesian classifier is that it does not I 
enforce independence assumptions with regard to the features. 

IEach of these classifiers has its own advantages and disadvantages. For the purposes of the 

evaluation process, the decision tree and naive Bayesian classifiers will be used, given their support 

by the Weka libraries. I 
Given our 4 stages of semantic parsing, featurisation, data preparation and training, we now have a 

complete system suitable for testing. However, there are some possible refinements we can make I
given the specific nature of the classification problem at hand. TWO issues raised and explored are 

that of spelling correction, and a new form of classification that deals with the cumulative nature of 

exam marking. I 
I 
I 
I 
I 
I 
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I 
6. Spelling Correction 

I 
Exam answers, typically those of a younger contiguate, must be expected to be filled with both 

I grammatical and spelling errors. While the former are incredibly difficult to correct by autonomous 

I 
means, it is possible to develop a system which corrects spelling errors with a good degree of 

accuracy. 

I 
One must initially question the importance of this correction in marking. Errors in inconsequential 

words which form the structure of the sentence will be of little concern to the examiner. However 

correcting such words would seem vital in order for the parser and boxer to establish a more 

accurate interpretation of the sentence, and to reduce the number of attributes in training. On the 

I other hand, misspellings of keywords directly encapsulated by the mark scheme may heavily 

I 
influence the examiner's marking. While the 'examiner's generosity' is possible to approximately 

model, it raises the issue that 'desirable spelling correction' is a fairly ambiguous and 

nondeterministic problem. This would suggest that a semi-autonomous approach should be adopted 

I 
rather than a fully autonomous one. The system should produce a modifiable mapping defining how 

spelling corrections should be made, before mapping this (whenever the administrator chooses to 

do so) on the data. 

I
 An important observation to make is that a universal set of correct spellings is difficult to obtain.
 

Many words are subject specific and thus will not be found in a standard dictionary. Therefore we
 

must use a combination of the words in the data and words in a dictionary. A simplified version of
 

I the proposed correction algorithm can be defined as thus:
 

I 
correction(word) = if correct(wordi then word else 

arg max ( { score(x,word) I )( E suggestedCorrections(wordj } I-.J { score '(x/word) I )( E corpus}) 

I 
where score(x,y) and score'(x,y) are two different scoring functions for dictionary and corpus 

comparison. We distinguish between the 2 functions since we wish to take into account the 

frequency of words in the corpus. 

I Dictionary Compal'isoll 

I 
Upon obtaining a list of suggestions for an incorrectly spelled word, we obtain a similarity measure 

between the word wand the suggested correction s: 

score(w,s) = a.FirstLetterBonus{w,s) -13.LevenshteinDistance(w,s) 

- LetterDifference(w,s) - SizeDifference(w,s) 

I It was found a ~ 3 and Il ~ 2 produced the best results. A number of functions, of the type 

(String,String) H!II, provide various string metrics: 

I 
I Name Explanation Motivation Implementation 

levenshtein Distance The number of insertion, This provides an initial A dynamic 
deletion, or substitution well-established programming 
character operations cnmparison measure. Jlgorithl1l using a (n 
required to change from + 1) x (m + 1) 
w to s. For l'xamplc, the matriX, where n <1nd

I distc1nce between "kitten" mare rhe lengths of 
anu "sitting" is 3, the two strings. 
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First Letter Bonus 

Letter Difference 

Size Difference 

[(c'tUIT" I If the fir.,t letter 
oj hoth word.')' is the same, 
clIld 0 othen-vlse. 

Taking each word <IS a set 
of letters, it l'ounts the 
number of letters which 
are in one word hut not 
the other. 

The difference in size 
hetween a,/ilnd ,y, 

Regardless of how badly 
a vd)rd IS spelle'd, 
typically the first leiter Is 
CUITcct. Thu.s frnrn 
"rccieve", it is more likely 
th~lt "rert'lve" \vas 
intendt'u thall "believe", 
dec;;pite buth hJving the 
saille LL'vensht('ll1 
distance.
 
We favour corrections in
 
which the letters used is 
mDre consistent. This for 
eXdmple favours a 
cQrrection from "eloen" to 
"done" rather than the 
less probable "den". 
This gives more 
preference til a 'Iettel' 
pair S',V<lP over ~m 

addition/deletion, allll 
diminates cdndirl(ltt' 
corrections tuo differcllt 
1Il size. 

#[Ietterset(s) n 
lettersN(w)' I -f 
#flettcrset(s)' n 
letterset(w) ] 

I 

I 
I 
I 
I 
I 
I 
I 
I 
IWe keep the correction with the highest score, but delay adding this to the mapping given that 

this may be overwritten by a better match in the corpus. 

ICorpus Comparisoll 
When comparing a misspelled word against the corpus (i.e. the exam answers), the assumption 

above that the words are correctly spelled can no longer be made; therefore the frequency of each I 
term must be taken into account We can augment the previous metric to provide a new one: 

score'(w,s):: 11. log frequency{s) + score{w,s) - A I 
In essence, we provide extra weighting if the word is commonly occurring, that is, we can be more 

confident of the word's 'correctness'. The constant A ensures that it is not necessarily the case that I
score'(w,s) > score(w,s) (which would essentially discard dictionary comparison). We make a number 

of checks to prevent incorrect mappings: 

I
1.	 Most obviously, we ignore the pair (w,s) if w is equal to s (preventing the identity mapping). 

2.	 We ignore (w,s) if the Levenshtein Distance between them is greater than 5. This prevents a
 

mapping to a very dissimilar word if it is the best that exists (i.e. it may be the case there is
 I 
no mapping available at all). 

3.	 We ignore (w,s) if the frequency of W is greater than the frequency of s in the corpus. This
 

prevents mapping cycles, which would cause an infinite loop when attempting to map the
 I 
corrections on the data. 

IOther Consideratiolls 
There are a few forms of errors that cannot be easily detected by the above methods. We can 

correct these accordingly: I 
14 I 
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I 
1. Plurality errors: It is common for the plural form of a word to be misspelled. For example, 

I "babies" is commonly written incorrectly as "babys", and "halves" as "halfs". In the above 

techniques, it is likely that an alternative word will be suggested, therefore we must 

compensate accordingly. We hypothetically replace common incorrect suffices with their 

I correct equivalent, such as "ys" for "ies" and "fs" for "ves". If the new word is in the 

dictionary, we add this to the mapping and ignore any other correction methods. 

I 2. Words augmented with apostrophes: Nouns can have "'s" added to the end. The new string 

is not in the dictionary, despite this extension being perfectly valid. We check if the substring 

before the apostrophe is in the dictionary, and if so, regard the word as correct. 

I 3. Word splitting: It is common for certain pairs of words to be incorrectly merged, for example 

I 
I 

"aswell", "a lot" and "thankyou". To split these, we hypothesise a space insertion at each 

point in the string; if this forms two words both found in the dictionary, we add this to the 

mapping. This method can be problematic if not augmented, given that unlikely splits such 

as "aswell" into "a swell" can be made. This problem can be partially alleviated by favouring 

splits in which the bigram occurs most frequently in the corpus (i.e. "as well" is likely to 

occur more frequently than "a swell"). 

I Mapping the COlTections 
The mappings of incorrect words to their (hopefully) correct forms are saved in a file. This allows the 

I 
user to inspect the suggested mappings and either add their own or modify/correct the ones already 

present. The mapping is applied simply by searching for occurrences of each member of the 

mapping key in the data, and replacing it with its corresponding value. 

I A Demonstration 
Here is a sample of corrections produced when dealing with a question on 'vasoconstriction': 

I alat a lot hypothlamus hypothalamus 

ammount amount insulater insulator 

I
 aswell as well inturn in turn
 

bOdys bodies mantain maintain 

capi/aries capillaries normaly normally 

I
 
capilary capillary prents parents
 

capileries capillaries presonne person 

capiJlarites capillaries stoped stopped 

capillars capillaries 5uplie supply

I capillarys capillaries transfered transferred 

I 
capilleries capillaries traveling travelling 

capilliaries capillaries vascoconstrict vasoconstrict 

capiHiery capillary vascondriction vasoconstriction 

I 
cappillaries capillaries vasconstriction vasoconstriction 

cappillary capillary vascontriction vasoconstriction 

cappHleries capillaries vasilaconstriction vasoconstriction 

colser colder vasoconstruction vasoconstriction 

I 
dont don't vesseles vessels 

errect erect vessles vessels 

everytime every time 

I 
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7.	 Cumulative Classification 

I 
The approaches used thus far produced promising results despite the small training sets available. 

However, there is a significant conceptual flaw in the classification approach used, stemming from I 
the fact that classifiers have no abstract notion of 'magnitude' in their outputted values. Marks 

assigned may as well be replaced with arbitrary letters or symbols, since the classifiers cannot Idistinguish that a mark of 2 is greater than a mark of 1. This leads to some unfortunate 

consequences: 

I•	 As the maximum mark becomes large, standard classifiers rapidly deteriorate in
 

performance. Consider for example all answers which are awarded 5 out of 10 marks. These
 

marks could have been awarded in 10CS = 252 ways. Clearly, even with a large training set, it
 I 
would be impossible for classifiers to fUlly encapsulate 5 mark answers, when one considers 

that each of these 252 ways are based on multiple features, further increasing the 

uncertainty. I 
•	 We neglect dependency assumptions. If an answer is classified as 2 and satisfies some
 

property A 1\ B, then clearly if two answers both classified as 1 have the properties A and B
 I 
respectively satisfied, then they are strongly correlated. By ignoring these dependencies, we 

surrender a large quantity of inference that can potentially greatly aid in the training 

process. I 
A possible solution we propose is to introduce a notion of 'cumUlative classification', with just one 

fundamental property: I 
If two :;ets of properties X and Yare satisfied resulting in cfassifications x and y respectively, 

then the overall resulting cfasslfication for Xu Yis x + y (given that X is not a subset of Y, and I 
vice versa). 

This is an intuitive principle, and encompasses the way in which an examiner would mark a paper. If I 
an answer gets a mark for mentioning one point and a second for another, then one would expect 

this to contribute a total of 2 marks to their final mark. Standard machine learning classifiers cannot I
represent this concept. 

The method proposed can be divided into 3 distinct stages: I 
1.	 Segmentation: We divide the features into sets of features relating to each mark in the mark
 

scheme. These sets may not necessarily be disjoint, neither must they span the whole set of
 I
features. We maintain a classifier for each of the marks, with the corresponding sets 

denoting each one's attributes. 

2.	 Training: For each answer, we determine which of the marks are most likely to be satisfied I 
and which aren't, and train each classifier accordingly. 

3.	 Classification: We combine the outputs of these classifiers to provide an overall classification Ifor the answer. 

I 
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I 
In summary, we are delegating the problem to each of the individual marks, combining their results 

I to solve the overall classification task. The following sections deal with the motivation and 

implementation for each of the three stages. 

I Scgnlt' n ta lion 

I 
The cumulative classifier is a composite of simpler classifiers managing the classification of each 

individual mark. Each of these classifiers requires a Jist of attributes, and intuitively one would 

expect this to incorporate features relating to this particular mark. There are two measures which 

we must consider to determine the accuracy of this algorithm. The first is precision; the proportion 

I of features which appear in the 'optimum group'. The second is recall; the proportion of features 

from the 'optimum group' that appear. 

I Precision is important, when we consider that taking the entire set of features for all groups, which 

produces 100% recall but low precision, would result in poor classification, given that the system has 

no way to distinguish between marks. Recall is also important, given that neglecting important

I features produces a classifier that is not representative of the mark. 

Some consideration should be given to the relationship between the sets of features. Should for

I example the sets be disjoint? This depends greatly on the mark scheme in question. Marks tend to 

I 
be based on independent points to avoid ambiguity in marking, but it is very possible that two 

different marks will mention the same item or action. The sets need not prOVide full coverage of the 

entire feature set, when we consider that many points contained within some answer may be 

entirely irrelevant to the mark scheme, and thus not associated with any particular mark. 

I We construct 3 different methods that attempt to perform this segmentation. The first 2 of these
 

use a 'co-occurrence' matriX, that is, a symmetric n x n matrix (n is the number of features) where
 

I each element Mil =M" is the number oftimes feature i occurs with feature j. This can be interpreted
 

I
 
as a measure of the connection between 2 features. To compute this, we take a binary matrix A
 

representing the training data, such that each row is an incidence vector representing one answer'.
 

M is easily calculated:
 

I 
M =AT. A 

I 
This follows from the fact Mil takes the dot product of columns i and j (where such a vector is the 

incidence vector of a particular feature across all answers), equating to the number of times both 

I 
features occur across all answers (i.e. if both features are present in a particular answer, their 

product is 1, contributing to the total count, otherwise their product is 0). We could feasibly use M' 

for some k > 1 to improve the connectivity of features. If k = 2 for example, then M ' " conceptually 

indicates the extent to which feature i is connected to feature j via some intermediate feature; if for 

example Ucat" occurs with Ilfur" in an answer and "fur" with '{dog", but not flcat Jl with Ildog", then 

I M' allows us to make such a connection between "cat" and "dog". In practice this has an adverse 

effect for the type of data in question. We finally map the log function onto all elements of the 

I 
I 

3 An ir.itial assumption was that filtering the matrix to rows that received '1' as a classification may provide an 
optimisation. This is because each row would have present features mostly corresponding to one mark, thus 
increasing the probability that two features have a high co-occurrence due to them relating to the same mark. 
However, this reduced the training set to such an extent that this was not a viable approach. 
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matrix before normalising the columns'. This ensures that particular high co-occurrence values do 

not dominate and force other values towards 0 after normalisation. I 
Method 1: Standard I{-means Clustering 

K-means clustering is a commonly used method that partitions elements into disjoint sets (which I 
span the entire set) using a standard algorithm. The resulting clusters have been partitioned in such 

a way that the mean distance from each vector to the centroidS of its respective cluster is minimised. 

The process consists of simply clustering on the columns of Minto k sets, where k is the maximum I 
mark. Weka provides clustering facilities, thus the implementation involves producing a 'wrapper' 

which uses the matrix M to construct an input suitable for the c1usterer, before returning a list of I
sets, where each set contains the indices of the features in the cluster. 

The algorithm is fast and efficient, and provides moderate accuracy for most questions. However the I
disjoint set assumption is likely to cause problems for questions where high feature overlap occurs 

between marks. 

I
Method l: Iterative Clique Merging 
An alternative approach proposed here generates a number of seeds, where each seed is an island 

of closely connected features, before merging them into the required number of clusters. I 
Instead of normalising the columns in M as before, we scale all elements down so that the maximum 

element is 1. We define a threshold a (0 < a ~ 1) such that if M" ~ a, the bond between features i and I 
j is considered to be 'strong', and 'weak' otherwise. This allows us to construct an undirected graph 

G, where we define the nodes to be the features, and the edges to be the 'strong bonds'. I 
To demonstrate this, take an example such that the co-occurrence matrix Mis: 

A B C D E F I 
A 1 1 1 1 0 0 
B 
C 

1 
1 

1 
1 

1 
1 

0 
1 

0 
0 

0 
0 I 

D 1 0 1 1 0 0 
E 
F 

0 
0 

0 
0 

0 
0 

0 
0 

1 
1 

1 
1 I 

with features A to F. The value of a is arbitrary here since all non-zero values are 1. This produces I 
the graph: 

I 
I 
I 
I, More specifically, the function is fix) = log{x+l). This ensures that 0 maps to 0, rather than produce an error. 

5 The centroid of a cluster is the mean of its constituent vectors. 
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We start by identifying all cliques contained within the graph. A clique is a set of nodes such that 

there is an edge between every pair of nodes within it. From the graph, we can see that there are 3 

I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
,----~
 

cliques: (E, F), lA, B, C) and {A, C, D}. To identify the cliques, we devise the foliowlng algorithm: 

Let cliques = 11!
 
For (each row i of M)
 

If(cliques is empty) odd new clique (i) to cliques
 

Else ( 
Far ( each clique q in cliques) 

If all the bonds from j to each of the elements in q are strong, 
additaq. 

Else ifall the bonds from i to each of the elements in q are weak 
(and additionally, i was not added to any other clique in cliques) 

create a new clique ( i ) and add it to cliques. 

Else (i.e. we have a mixture a/weak and strong bonds) create 

a new clique: 

q' = ( i ) LI (j J strang(i, j),j E q) 

and add it to cliques. 

Presuming that cliques is not empty, we observe for each ofthe accumulated cliques which nodes 

the node i has edges to. Clearly If there are edges to all the nodes, the clique is preserved so we add 

the node i to the set. Similariy, if i has no edges to any element in the set of cliques (such as row E), 

we create a new clique (delayed until the end of iteration to ensure this condition is met). Lastly, if 

there are edges to some but not ali the nodes in a clique (such as node D with (A,B,C)), we create a 

new clique containing the node itself and those nodes which it has an edge to. One might initialiy 

think this is a polynomial time aigorithm' given the nested for loops. However, the inner loop 

becomes larger as cliques expands, leading to an exponential aigorithm. 

If we follow this algorithm for the above example, on each iteration we obtain: [{A}], [(A,B}), 

[(A,B,C)], [(A,B,C), (A,C,D}j (where the split occurs), [(A,B,C), (A,C,Dj, {E}], [{A,B,C}, {A,C,D}, {E,F}]. 

We desire oniy k groups however, so the sets above must be merged. Merging is performed by 

constructing an appropriate algorithm: 

Let groups:: cliques; Discard all 9 IE groups ofsize 1 

While( Igroupsi >k)
 

Let bestGraupl = 11!
 
Let bestGraup2 = 11!
 
For( each group gl in groups} 

For(eoch group g2 in groups) 

Take the cross product Of gl and g2 (gl x g2) and 

find the average band strength over all pairs. If this value 

exceeds the best so for, set bestGraup1 = gl, bestGroup2 = g2. 

Add bestGroup1 ubestGraup2 to groups. 

Remove bestGroup1 and bestGroup2 from groups. 

6 If this were the case, then P = NP given that a similar problem, the 'maximum clique' problem, appears as one 
of Richard Karp's original 21 problems shown NP-complete in his seminar 1972 paper "Reducibility Among 

Combinatorial Problems". 
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Suppose k = 2. Then just after one iteration of the algorithm, {A,B,C} and {A,C,D} will be merged to 

{A,B,C,D}, leaving this and {E,F}. Observing the original diagram, such group identification for this I 
particular example appears sensible. 

The fundamental flaw in this algorithm is that its unavoidable exponential complexity renders Isegmentation on hundreds of features (as would usually be expected) infeasible. Even if divide-and­

conquer techniques could be used on the merging to produce an O(n.logn) algorithm, there exists 

tens ofthousands of cliques produced from the previous process. Using singleton sets with each of I
the features as the seeds for the merging algorithm simply does not work as the resulting sets will be 

disjoint; in which case the standard clustering algorithm would be a superior aiternative. 

IOne should also note that a slight alteration in a can drastically alter the output of the algorithm. 

Clearly tweaking such a parameter dependent on the data set to improve results is undesirable. 

M.t'tltod 3: Mallual specification I 
A non-autonomous alternative is to manually specify the groups each feature appears in. Clearly 

manually assigning features to groups removes the problems with the methods listed above, and 

any loss in accuracy is due only to human error. Given that a data set of 150 answers typically I 
produces 800 features, the task is an arduous one and becomes impractical as the data set 

increases. A command line interface developed can alleviate this problem if the mark scheme is Ibased on simple keywords (see Implementatian Nates). 

Training IThe segmentation from the previous stage produces k classifiers with assigned attributes ready for 

training. In order to train multiple networks, we must determine a method of taking one instance 

and distributing this over the k classifiers. I 
Suppose an answer in the dataset obtained a mark of j out of k (0 Sj S k). Each classifier can only 

produce a classification of a or 1 (indicating whether the mark was obtained or not), so we expect to 

train j of these classifiers with 1 (where the instance is restricted to the features the feature set I 
corresponding to that classifier contains), and the remaining k-j with O. 

To determine which of these j classifiers are trained with 1, we rank the k groups in order of cosine I 
similority between the cluster's vector [with Is for attributes that occur in the cluster, and as for 

those that don't) and the instance vector, from highest to lowest. In practical terms, this gives a 

relative measure of the magnitude of the instance 'matching' each cluster. Once this ranking is I 
achieved, we simply take the top j elements from the list as the clusters that 'received' the mark. 

The cosine similarity is a measure of the similarity of two vectors by calculating the angle between I 
them. For two vectors A and B, it is defined to be: 

A.S Icos 0 = JAIISI 

We can ignore the Euclidean length of the vector corresponding to the answer to classify, since this Iwill remain constant as we vary the cluster vector. Thus the measure is simply: 

I 
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cluster. answer 

I Iclusterl 

Classificatioll 

I For a new instance, we simply restrict the answer vector to each of the clusters, classify each 

I 
instance, and sum over the classifications. This is analogous to a marker determining which marks in 

the mark scheme were awarded, before totaling their score. 

I 
Extending to alternative types of mark scheme requires little change. Take for example a scheme of 

the form "Award 1 mark for any of the k points, maximum n". The number of clusters remains the 

same, but in classification we take min(mark, n) so that the maximum mark is not exceeded. 

I A worlwd example 
Suppose a mark scheme consisted of 2 marks, with the following criteria: 

I
 1) Mention of a 'dog'.
 

2) Mention of the act of 'walking' or 'exercise'. 

I
 Suppose also the following training answers were supplied, their classification denoted in brackets:
 

A. The big dog started barking. (1) 

I
 B. The dog buried his bone. (1)
 

C. Adam enjoys walking and exercise. (1) 

D. The dog enjoyed exercising. (2) 

I E. The big lecturer scared the timid student. (0) 

Each of the answers would be semantically analysed and deconstructed into its constituent features. 

I For the sake of simplicity, we extract only 4: 'dog', 'big', 'walk' and 'exercise'. We could therefore 

generate the following incidence matrix A for the above answers: 

I 
I 
I 
I 

A
 
B
 
C 
D
 
E
 

Computing M = AT . A, taking the log of each value, and normalising the columns, we obtain: 

I 
I 
I 
I 
......._-­

dog 
big 
walk 
exercise 

dog big walk exercise 
1 1 0 0 
1 0 0 0 
0 0 1 1 
1 0 0 1 
0 1 0 0 

dog big walk exercise 
0.5 0.3B7 0 0.279 
1 0.613 0 0 
0 0 0.5 0.279 
1 0 0.5 0.442 

By inspection of the non-zero values, it is clear that the two groups obtained by clustering are G, = { 

dog, big} and G, ={walk, exercise}. This is consistent with the original mark scheme. We create a 

standard classifier for each of these groups (say C, and C,), and now use the rows of the matrix A to 
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train these. We define an ordered list L, to be the groups in descending order of their similarity with 

the row R. I 
The incidence vectors for the 2 groups are (1, 1, 0, 0) and (0,0,1,1) respectively. Since the Euclidean 

distance of these are the same, for this example we can ignore these from the cosine measure and I 
simply use the dot product instead. 

For the first row A, we have the vector (1, 1,0,0). We take its dot product with each of the group I 
incidence vectors: 

(1,1,0,0) . (1, 1, 0, 0) = 2 I 
(1, 1, 0, 0) . (0, 0, 1, 1) = ° 

Since 2 >0, this gives us LA = [G,.Gz]. For this first row, lout of 2 marks were awarded, so we train C, I 
(corresponding to G the first element of the list) with the row (restricted to the features it contains, 

" 
Le. (1, 1) ) and the classification '1', and train Cz with the row (restricted to (0, 0) ) and the 

classification '0'. I 
Using this method for each row, we train each classifier 5 times. I 

I Row. G, Row. Gz MarksI 

_L1-- . I -l--"-"'':'''''::':o_----+-- I 
L A_ 2 .0 1_._. ih.!L -+"'1. _.. _. to..OL
 

B 1 ° .~!.=.l_-J...'(~l''.:.0L --+ l\2,.2L °
 
I ° 1(D':::-lol' -.... j' 2 -~--.:'1=---1-'(('='°1',"'°0:'..))__ :-01- ll..l)__., I 

I • 1 2 (0, 1) -I i 
.E r'l i0 ---TO --10--­(0, 1) --r ­

'-__-.L':_._.. (O,-O) :0 I 
Now that training is complete, classifying a new answer is a simple process. For example, the answer 

"The big hamster had some exercise on his wheel" is converted to the vector (0, 1,0, 1) using the 4 I 
features. We take the vector (0,1) corresponding to the group G, and put it through C,. The classifier 

hopefully should return '0' given that a dog isn't mentioned and the 'big' adjective is irrelevant. Next I
we take the vector to, 1) corresponding to the group Gz and put it through Cz. The classifier shouid 

return '1' given that 'exercise' is mentioned. 0 + 1 = 1, therefore the final classification for this 

answer is 1. I 
Pre·Testing Analysis 
Before this system is tested, it is beneficial to establish a hypothetical upper bound on accuracy I 
compared with conventional classifiers. While cumulative classification has some merits, its 

cumulative nature leads unfortunately to cumulative error. I 
Consider the case where the maximum mark is 1. Since partitioning the feature set into 1 leaves it 

unaffected, the algorithm behaves the same as a normai classifier. Suppose that we assign a Iprobability p that the classification for an instance is correct, and for simplification, presume this is 

the same probability a:; classifying any mark in a mark scheme correctly. If a mark of k out of n was 

obtained, we obtain the follOWing probabilistic upper bound for a correct overall classification being I 
received: 
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mmlk,n-k) 

I L (:) CP(correct) = ~ k) pn-2r (1 - P)2r 

r=O 

This upper bound could only theoretically be reached if the segmentation is optimal, and if in 

I 
training we always identify the correct clusters for which a mark was awarded, This expression 

seems complex, but is a simple modification of a standard binomial distribution, To understand it, 

consider firstly the probability of the examiner classifying all marks correctly. This is simply p'. Now 

consider that the examiner accidently assigns 2 marks incorrectly, such that for one mark it was

I wrongly identified as incorrect, and another wrongly identified as correct. The total classification 

I 
would remain the same, since we are not changing the total number of marks, There are 'C, = k ways 

of picking a 1 to switch to a 0, and ('·'IC, = (n-k) ways of picking a 0 to switch to a 1. (n-2) marks are 

assigned correctly with probability p (giving p"") and 2 marks are assigned incorrectly with 

probability (I-pl. We generalize this to 2r mistakes where r is the number of incorrect pairs, and sum 

I over all the possible number of pairs of mistake. There is a maximum of min(k,n-k) mistakes, since 

we are limited by the number of Os we can pair with Is, or Is we can pair with Os. 

I To assess the practical impact of this, take p to be a sensible value of 0,85. Presuming a random 

I 
distribution of marks out of 4, the average upper bound for the probability of correct classification is 

0.55462. Given that errors in clustering and training are likely to lower the accuracy, this upper 

bound is bad news. However, accuracy is not the only method of evaluation, and a measure known 

as 'disposition' is introduced later to justify the usefulness of this classification technique, 

I 
I 
I 
I 
I 
I 
I 
I 
I 
I 
1------­
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8. Graphical User Interface 

I 
Currently all methods and operations discussed previously are only accessible via the command line. 

When dealing with numerous files across the conversion pipeline, this can be somewhat of a I 
cumbersome process. Therefore, a simple GUI (Graphical User Interface) was developed and used to 

facilitate such operations. I 
The GUI consists of 3 tabbed panels. The first allows conversion between various file formats across 

the overall pipeline. The first button takes a CSV of English answers and parses them to produce a ICSV of DRS expressions. The second button uses this and produces an ARFF, and finally the last 

button uses the ARFF to train a classifier (prompting the user to select between the different 

classification methods). I 
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A second panel allows the user to test the performance of the system for a given dataset. The user Isimply selects their desired training type and the folder containing the input data (which must 

contain a file named 'answers.csv'), and the results are printed. 

.H~J ~i;r.A.v.9m;t!j~~rB "'; 
~~u, 

r:l ..~,n!l.. j '"~, O. 'Jrli;nr..,l ~c"re 0
 

Cla"~lfl"d. ",,: O. C-L,q,nu !JC"'-" ;
 

Cl":5""t~,,,ct ~. ~"'~>r,d
W. '""'1'"'" () 
(1""s,ta·1 a,,: J. ~r,,,,n.. l ,,~"'<~ ].
 
"::las",!,,,d ",,, D. 0t1~,nil.i ~e·.·t ... 0
 

:1l~"'Lr"Ct: !' 
l~c~,.,,,,C'i" 52\ 

r.~ ,."'... n: ~S" 

i':"'\'~="'l\ ""CU"'",07' 53.S'3040"~56".SlS~
 

CN~, .. ll dlSp,,"H1L'n, O,i:;80701"i543B~5&
 

, ,0,1 

I 
I 
I 
I 
I 
I 

24 I
 
I
 



I 

I
 
I Finally, a third panel allows individual answers to be classified given a trained classifier. 

I 
I 
I 
I 
I 

There are two features of the GUI worth drawing attention to: 

I • Drag & Drop file selection box: The class FiJeDrogPonel is simply a component, and allows 

I 
the user to specify a file or directory qUickly. It has 'drag and drop' functionality, allowing the 

user to drag a file or directory into the box to make the selection. Alternatively (given that 

the file to specify may not yet exist if it is the output of an operation) the user can click the 

panel to open a standard browse dialog. The constructor takes a file type (enforced when 

I browsing) and a name, which is displayed at the top of the panel. 

!s.manb,.c5V......... ~-


I jB!. 112J 
__~JI 

! 

I 
• Looding bor: The evaluation process can be long, and thus it is desirable to give the USer a 

rough indication of the time remaining. Progress bars are easy to create and update in the 

Swing framework. However, an issue arises of GUI components becoming 'frozen' until the 

I 
entire evaluation process is complete, resulting in a jump from 0% to 100% as it finishes. The 

solution is to run the evaluation process 'in the background'. The abstract class 

Sw;ngWorker<Void, Void> has a method dolnBackground(); by implementing this, we ensure 

that updates to the GUI during an operation are administered. The progress is merely an

I approximation, with 0-20% progress for parsing, 20-40% for generating the ARFF files, 40­

80% for training and 80-100% for testing. 

I 
,;: "''Ii: I>"'" 'lH),'< ,"! if!< 

!(;;. :h:,i~~~, --:-,,_,_'!L:~,,'"'i! ."::':.-:'!:--!!.L:!!-.::__.::.'...!:-._.':_."::-<. 

I 
The GUI used the Swing toolkit available to Java. The 'Look & Feel' (that is, the interface style) is set 

I to match that of the operation system; as one may have observed, all screenshots were taken while 

using Windows Vista. 
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9. Evaluation 

I
 
The form of evaluation used employs a technique known as "lO-fold cross-validation", commonly 

used in Computation Linguistic systems. This splits the training set into 10 segments, trains a I
 
classifier on 9 of the segments and classifies the remaining 1 segment. The results are averaged over 

the 10 possible testing configurations. I
 
Each answer in the test segment is classified, and is compared to the actual classification from the 

data. A measure of the system's performance is obtained, encompassing two properties: I
 
•	 Accuracy: The percentage of answers that were classified correctly. 

•	 Disposition: The average displacement of the estimated marks to the actual marks. This is
 

potentially a more useful measure for higher mark questions, since for a mark of 4 out of 4,
 I
 
an estimation of 3 is superior to an estimation of O. 

I
The Naive Bayesian Network was chosen as the classifier (and for the cumulative classifier as the 

sub-classifiers). The decision tree classifier gave on average approximately S% worse performance, 

and thus was ignored. Results were obtained for the 3 different approaches: the keyword approach, I
 
the semantic approach using the parser, and the cumulative classifier described in Section 7. 

Results I
 
Keyword Approach Semantic Cumulative I
 

Approach Classifier
 
Q Max Num Accuracy Disposition Acc. Dis. Acc. Dis.
 

mark answers
 
2a 1 200 94% 0.065 92.50% 0.075 92.50% 0.075
 I
 
2bi 1 192 89% 0.115 84.87% 0.151 84.87% 0.151
 

2bii 2 190 78% 0.225 63.16% 0.374 53.68% 0.489
 I

2biii 1 200 98% 0.025 95% 0.05 95% 0.05
 

2ci 2 189 70% 0.335 53-48% 0.518 50.32(;/', 0.534
 

2cii 2 193 78% 0.220 79.92% 0.201 72.68% 0.278
 I
 
4a 2 162 73% 0.306 7474% 0296 69.01% 0.322
 

4bi 1 195 92% 0.080 93.34% 0.067 93.34% 0.067
 I
4bii 2 192 55% 0.465 43.29% 0.687 55.76% 0.504
 

4biii 1 L8 81% 0.186 78.33% 0.217 78.33% 0.217
 

4ci 2 195 71% 0.305 65,13% 0.3l9 46.()2% 0.612
 I
 
4cii 1 193 82% 0.180 76.29% 0.237 76.29% 0.237
 

4d 3 163 45% 0.625 37.65% 0.708 40.88% 0.77
 

Saii 2 170 65% 0.370 69.41% 0.329 65.88% 0.37
 I
 
6a 3 186 60% 0.490 53.83% 0.623 56.37% 0.506
 

6b 1 201 85% O. 155 91.00% 0.09 91.00% 0.09
 

6c 4 139 48.5% 0.644 50.71% 0.707 47.14% 0.636
 I
 
Bb 2 186 65% 0.366 69.06% 0.332 66.26% 0.382
 

9c 2 182 71% 0.300 6735% 0.332 52.7S°(" 0.47~
 I
 
12ci 2 168 76% 0.240 74.41% 0.256 66.73% 0.339
 

I
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12cii 2 158 62% 0.415 70.29% 0.316 58_17';'~ 0.463 

13bii 4 119 68% (J.52t 66.67% 0567 61.67% 0.558 

Avg 73% 0309 70.47% 0.340 67.07% 0.370 =------------------- ­
I Keyword Approach Semantic Approach Cumulative Classifier 

Mark Average Accuracy Average Accuracy Average Accuracy 
1 88.71% 87.33% 87.33% 

I 2 69.45% 6639% 59.83% 
3 52.50% 45.74% 48.63% 
4 58.25% ·58.69% 54.41% 

I
 
'1

100%	 

II	 90% 

I 
80% - 1----- .........-.. 

70% , I- ~ I--- r-­

60% 1-, I--- - ­

_.
50% • Accuracy (Keyword)

I	 40% 
[] Accuracy (Semantic) 

30% 
• Accuracy (Cumulative)

20%

I	 10% 

0% 

I 
I 
I 
I 
I 
I 

............... __... -_.
 
The first noticeable property of the above graph is that the semantic approach was marginally worse 

than the keyword approach. This is initially surprising, given that one would expect the set of 

features produced from the keyword approach to be a subset of that for the semantic approach, and 

thus the performance at least as good. There is a variety of explanations for this decrease in 

performance: 

1.	 Some variation of performance is expected given that the input data used was different. 

While the keyword approach used all input data, some badly spelled/ungrammatical 

answers were rejected by the parser, and thus discarded from the training data. 

2.	 The parser had the effect of transforming some of the words, such as changing plurality 

or removing tense, and other forms of 'noise'. 

3.	 Similarly, the parser is not 100% accurate, and therefore some answers will have an 

incorrect semantic representation. 

More generally, the results show impressive performance for 1 mark questions, but a considerable 

decline in accuracy as the mark increased. The cumulative classifier gave relatively poorer 

performance to the semantic approach for 2 mark questions, but better performance for a few 

higher mark questions. Accuracy had some correlation with the size of the data set, albeit small. 

I 
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Performance against number of answers 
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The disposition data did not yield any significant trends across the 2 classifiers, other than being I
 
approximately proportional to the accuracy. There was only one dataset in which the accuracy was
 

lower for the cumulative classifier but had a higher disposition. This is likely to be because the modal
 I
mark for each dataset tended to be 0; thus if a 4 out of 4 mark answer is classified (incorrectly) by 

the cumulative technique as 3, and as 0 by a standard classifier, the low frequency of such high-mark 

answers renders such improvement (i.e. a classification closer to the actual mark) insignificant. I
 
For a given dataset, the wildly variable accuracies for each segment in the lO-fold cross-validation 

are also indicative of inadequate training data. If a large dataset was used, one would expect these I
 
accuracies to be roughly consistent. It should be noted that the parser was not always successful in 

producing a parse, particularly for long answers. This is unfortunately unavoidable, given the poor 

quality of grammar and spelling in many of the answers. I
 
Cumulative Classif1er I
The poorer than expected results for the cumulative classifier can partially be explained by the often 

poor datasets. As identified above, the modal mark was often 0, and for higher mark questions, full­

mark or near full-mark answers were very infrequent (in some cases appearing only once or twice). I
 
This, coupled with the low amount of training data, means that many of the individuai mark sub­

classifiers predominantly receive a 0 as a classification in the training data. r 
It is curious that questions 4d and 6a had very contrasting performance despite both having the 

same maximum mark. Inspecting the mark scheme, this is likely to be because there was less overlap 

of features associated with marks in 60 (a question on plants, in which the marks were fairly 

28
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I 

independent concepts) than there was with 4d (a question on vasoconstriction, in which 2 of the 3 

marks made reference to blood). This strongly suggests that the cumulative classifier performs 

better when the clustering is less ambiguous. 

I Spelling Correction 

Question Accuracy Change


I 4a 73.30% -1.44%
 

I 
5aii 68.82% -0.59%
 
6a 52.78% -1.05%
 
6b 88.05% -2.95%
 
6c 50.90% 0.19%
 
8b 68.54% -0.52%
 
9c 66.76% -0.59%


I 12ci 7246% -1.95%
 

I 
12cii 68.13% -2.16%
 
13bii 67.69% 1.02%
 
Average: -1.00%
 

I The results show that spelling correction yields no improvement on accuracy. There are a number of 

reasons why there may have been a slight reduction in performance: 

I • The correction of words integral to the grammatical structure of the sentence led to less 

answers being rejected by the parser. This combined with the other alterations to the 

dataset leads to a minor change in accuracy, either positive or negative. 

I • The spelling corrections may be too generous - that is, an incoherent answer with key terms 

misspelled may be penalised by the examiner. This results in some classifications in the 

I
 
training set being too high.
 

I 
I 
I 
I 
I 
I 
I 
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U:IO:3B schemagenerator/CumulativeClassifier.java 

('on:.l~IlS .; 2:': . se t ;>Cass =r;c:.",x ( L1S tar,ce".'u cay [:c J . nl1:~'1I_:: - 10 ~"Les (~ 1:17: /, P"."trl,,:,r ti,e ~n.s"3n,-:"e only to tI-;e ""~[Lt,:;,tes 1, 
~ .2·5 : 1:<6 : -OO'll" :u9"qer:t ':"',:-;Ke,y to .'n,~k" [11,. ~nst,~ncC" S' ltable for 
1 2"7 : 1 8,): ',,_'-.0 ~ C 1 (',~ t .i.Jr,. 

.2 3 : /; S'!'EF :;: C. _·1--'5~~£Y ;-h:" rc,"'tLj'-~cd J.".~r-1ncc. 

- 29 : / I t"(Jv.' J-'-JjJ ,,'atC' i-};", ~nf;t,'Jn,~'2S '_'])j~,,:,r for eacr (lL • ,"e ,:.cdSS] f:ce! ~ 1'} : c,. -".dd tOCJe:!'~I aJ 1 Cli15SlfJ.ca+-l·:'J1:',"'. 
I..: ,j : 10/: h. Cap til'? 'IliU k c''- maxM.,r.... 
IY Md.':.:i;;: 0Mx In5L.L[h.::(,sRed:1e: . ~0tVCl-:- r lX,' rc,f' _~_",', Jr,C(cS (.illS I. ''lr,:.~eo,) ; - 93 : 
I !: 194 : double lct~l C.O; 
"'): for (int l < QYX.llc.rc",:,ws(', II I I ... ":
 

J4; '':iF;: for (int 1 = C, ~ < classlfle;:-s.ler.9,::n; i--.-" l
 

3::>: daub le [1 r~)w ~~l;{.q~ti'i<) ..d~) ; I'F' double :::eS-;-I'ict(,d::ostan::e = ·l_ste.![~t lIs
 
1 'OJ,: 198: .:;w l.\'JWr~f>=:" c ct"'S;'oCl'--.s' cr : c ~ust er;- . .-:H"t ,; i), l~ S Lance 
1 -;7 : if Ncc>ri tc [.ind c:lusteJs '!;/S Ii'OS'. ",~mllaI to 101: . tc,Loub] 'CArr;:,y (\); 

1 lR; L~st<T~rpger> clusteIsO~j~red CIJzt~=Ut~15 :leo: double~_1 wlthArbl:-;.ralyClass':::-C3.tlL'n = J.r,per.dClao"'~flcatl.Jn[ 

1 39: .y",~Cluster:-sBy.s,-m113.'lty(:·('W,c~lus:e;s); )'~'1 : re~trlc~edin~tdn~c, 2.0); 
, 40: int r;;lassl1'lcatlcn = Instanr:f-7.c;PeadcI' -I.I] 2: Ins:-,}nce instanccB = new 10STd:1C~~' .C, 

41 : .qetCluSSlfication(lnsrdnces, 1); 20:<: .. j thl'.rbJ tra:::yCICl~S]flcat.lon' 

14 ~: 204 : lOS ta!:~c8f<. c;",CData=:e t (lr_sL"'.rcosArI'ClY '1); 

143 : II WF Li.ke the f~rs~ /c~ass~t~c"t".Hl' clu,o:ters fr('m ordered 70,,: try f 
144: II ell1.<c[er8, and trdlIl the "etwc'!'."'" for the."''' clust~·rs. /1]6 : double d cl aS21 f lers [11 .'.::L.ls31ty-n"tance (In,,,t-JnceB); 

145: for (int j = 0; J < clust~Ls . .o;~7c(J; J'") 207: t()~al + d; 
1 -16: II Tra.Jn elwHer 208: catch (Except_on e) 

i 47: 20'): throw new Ert'o:)r(e); 
118: II Eut E~rst, nc,~d to COfl",tTiiC't Ll1starJce! 210: 
" -19: II To do tiLlS, we snnply m,Jp lncLdcn,-:p vector tor ell2ster 211 : 
; 50: /1 on thp [ow. 2' 2: 
151 : doubler] c.il~sterAI'rCly = 2"13; if iLJtal ,.. [)\iJ.XMClIk)·~otal max~J.rk; 
152: Cl ,~sterUtJ 1s. qetR('"Rcs tri(_'c e,jTcCl us Ler ( 2 -I ~ ; 
153; Cll1s~'~I'".qet(C'.L:.steloiO~-'le:-ed.geL:~ ), row); 215: retut'n tctal; 
1:::,4 ; Tnstance ~nstan(,-e = new Instancc(clustct"Array. IcnqIh I- 1); i16; 
I:,::,: nsta"ce. 5e tDataset- ( 1 nsr ",[~cesAI'I'ay[:: Ius ter:'Ordered.:;e t (J) ] ) ; 21 I; 
I :d;' for (int :-: = 0; k ~. ,.~lusr""IArray, length; kT' 21[,; prl.Yate double [] o.ppend':l as",--:] cat~on (double l] cArr ai, double ~_[)l'.ppcnd) t 

-:Ji 1Qslancc.setValuc(k, cl~st~rAlrayrk]); ?-1 (;; double! I cl'.rTJ.yNe,,' = new double[cl'.rl'ay.lenq:h T 1:; 
1 ':18: if (j <:" Cl'",,0'0'1tlcat1or.) { )20: fot' (int 1 = 0; '-- <. cl'.rray.length; J+,) 

:>CJ; n"t3.nc";.:;;E:tValue:,~ll.=:terArI'Cly.len,}th, "1"); 721 ; cl'.LJyNewlJl c.o,rrclyl;]; 
': fiG: e se 222: ct"layKcwCcAr-ray. :cnqt:,1 Lo1l-[ire:1d; 
1;; 1 ; :'S"_clr,cc. set. Vc,lue' (:::: Ius '.8r'i'l.I'rCly. 18;]9 tL, "0"); :'23: return ~AI:OyN~w; 

I;::? ; I :"j: 
161 : .:'..:'.~, : 
164 : , 'lst ClncesA'- l-ay [cl ustCI'sCr,je red. qet i. J ) 1 . Cldd {~ll S tane", i 7 ;',6: 
16:'; 
166 : 

b f; 
68 :
 
'·;0 ;
 

11:) : STEP j: 

II F~Ildj_I}', huld tile Cl.-ic's"'[lcrs L.'=.i,-J(' the l.,'stanc-:e.·; obJccts. 
/2;"

'I] : try [
 
74 : for (int 1 0; < L):al::'J'Js-eI,,; lTT) 
''1: c 1 aSco1': i'3rs . t: ~_ljC1 '0"-':00::-1' .LeI' (1 n.c;tanccsP.:-::: 3.y 

, J F,: catch (~xce~tlcn c) f 
/ I; e. p!" .L n t3tClekfl <lee I \ 

"78 : 
79 : 

" 2j: [<'or thi" <_'2e.i- [0 sep, pr.1 Ci-: the melT" -",':ileme 
~ 81 : .';,~'l'OmaCtllS. pc, nt (sl us l e-s, a:: ~ ~ ,OClt FoS: 

~ 32 : 
; "3 : 
1,:",1; public double c 13Ss1fi-=ns'_-3-T1(-r-_i:::_sl_~lr"c" ::-:_~~·.-3r,~,~ 

:<'); throws ~",·/O. I ~C'q."::x"",!~~_' 
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15:15~{)5	 schemagenerator/Groupldentifier.java 

package 5(" ,--;~ d- -	 59 : 
"'::' >', "."; , s new -< ',,:. _:"S-!~:-

lmport -:; av ~ . boolean :1J ,j:" A;:"!'-on,i true; 
import ~c.'.-O-. -: ~c":J=-_ 0'"':.; ",2.: 

'J: llnport • L - >C. ~: for .,,,,,._< > ='; ':'> ,,~, - '
 

"'; import -:;3'J,] •._ I ~; I
 
"~' new ~~~~3~~<!!~~l';2'>
~~c(IntPg~:> ~:r 

8:	 import "'8;;':.L.';c:n:.~atr:..x; \;;: ::O'~ _ ( • ,: I,coger> w9akB'--':ld~ new HdshSet<lnTegr'l>();
 
(,7 :
 

1 C: ;* k ,,6 : for -:::',:e::;;'~~ ;-~ ,
 

'ih-'-s ~- l"S_~ .~·'}P.rJ:" -,-C',' ,-L '=["~,,, ~t '\eti:-""7ds:' Ie',',. ',9: if (j !
 
'J~.y:p:? ,'):: fe."itc"es b",,,2Li .:J." t.h,., tL'.~LI..'::t···; r'r;c~ reuce. C: if ,-'ri." :.t",,,,:.~,,,:,c: ,fl>~X •.--;" ~.~~ ~-"':",- -~ >~:: ..,~'.'~"~' to ,,",
 

'i'he ~nfendcc1 (.'Li~Pl!t of S,JC1~ JIlctnocJs ,'S ., i~s: or sc:rs, -:::r:,L'
 
',,1112:-e f:>ac," '~e;; :-,.,p:es~,,~s " g,,,Cip of fe" l.!t'<· (~n _,"rlex 7' : else W'c'ClKiior,dE. d,~Li (J.' ;
 

1 ~) : to!m) . ,2.:
 
'16: @a:lthor Jdmt2 I j:
 

"/ 74: II System,out,pr~[jrl!l{"Stronqbonds: 1I','t!,"nqBOJ~ds);
 

1 d: 7:5: /1 Sy.s~cr:.(~ul.prJ.:)tl!;("j,"',·akbor2Js: "~ .. c·,>jidkJ!lJs);
 
19: public class Gr(JLlp~c,=nL~._~_ 76 ; 
2 _. ; 77: II Tf l.e,,,kBo,.do; LS empty, til".!) the e/~rnen: becomes pdl< I>:': 
.~ i : ;" ~ l;.~ ~ .,,'O! ~ •
 

2" : * TI;ls J/:ctnoa' L~2S 3ta.'xlard :5"-111.0110' }(-.'i,('ans) clLister~11'7. 7[;; if (weaklkll"jS. 1sEmply () )
 
1:3 : u 79:
 
21; public static [,lst<Set-<}rlLeqer» ~LiCrlL'-::y':;roJps:j~j;:-_9C::',~s·_cr.:-.g("!Cltx~x :"e,:"T.lJ. 8e; group.add(J) ;
 

re';; r::eC\,;tLMx, =- t;:<~;t: ::-.9'> -"e",t~:::-2", int :"..l:~C~lJsti-'r."'~ 81 : dldntAppen,j false; 
?~" [ 1',2 : else if(st:~r.,;~-<~ .1:o,_s::::np',y':! \ 
/6: -8a' ,1'::'cSt:-e:oq:-nMx = I'.,".:,~ _.... ;:'!. 1 ~ E . ::,,: "ci .: Sr> -:: ':\~"x : ~e J tv :-eS ~ L'8Ylg~I:Mx) ; 83 : 

-" ': Cl~~:-~:~~W~OPPCI ~w new Clus~ 0~erWI ."r,rx,r (t'2iit ureSt n"ngtl,~lx, numClus c il4: it strongBonds ~s empty, !,":er. We' !Jeed t:J C!'<~.'He ,OJ 1. 
CIS) ; ew set 

7 S: ,~,,·,i:'ll:;._:L ,s'e:--e;' 1",2::",.:'("'5; B5: II C":ltdln.J.nq just th.~t fearure', fJOWEVF.R, rhJ..s only oc
 
/.9 : return ,~w.letCll1ste:"t;(); curs
 
';0 : fl6 : II 1F the teatlH'e WriS [lot added to "1n,. ,<:et.
 
3 ~
 67 :
 

:',2.: /1 Pu( 1/] wlnd ma(r~x 1." nDrrrul..:..,;""d. oj:] : else 1
 
33 : II A{;yd~i!1g L1nder vai:1e ~S' cOI;",~derFd <i 'I·..eell( bo,.-';' 8'3 : II Dotil .-;[p)ngBonds and weakBunds IS nOIl-~mpty_ 

!L: .J.,,!,:,:, 'Lg ilbi've ~~. ,--'o, .. ,,;-c,-je:' 'streIJI]'. 98: II ~'c 3:;'[I..'Ly make a nee,' g1,};;/-, e,',;:~I; ::-.e s ~"7"q£.'onds 

j ~: final statlc double »~L~-Wj~-':_BOr1D (J.L;; 9: II and the eh'ment tu add. ~r'.'~e Or'..(g~nal gI'~l!P is 
,,,: 92: unaifet:tt>d,
 ,.. 53: f't :-c:,.ga'~:1Qs.a,::o (~
 

,18 : @depr'c':ccl!('d ?~ ; r8wClrolJps. udd (c,:t L")!\,,-:-Ruodc') ;
 
P!.:id~'~e;5 :-':E' Q:'Cc-'I'5 l)y i3""n~~!Yl[Jg cl.2lllJ.C~· (where" teatun~ "J') : dldntAppend = false;
 

LC: T](-,rifO'" 1Javc' ,1n edge betwc''c':fJ Lh,.,m .i.f tile,r ,'oW'ect.!.on l~,; '1t;'
 
,;, : si[E~c-'-t'!L;! .-·l~Or;'-l' D('10~c' .::,':':;;:...-;g t};('::: :;'-(' d",s'r2d ·n
 
,,; : ':::lop!, C" (j!C'!.'>-. ail :
 

13: .j 9": if I Q~ :::ltApr~'=;:::)
 

"'1 : public stat~c '::e:.-.::,!~·,<~- 9"e:-» _de-·_<y':':c:..:]::.coU:::~' ;.ql.eMen:;.:c"c;J (Mutr J x Feel 11J 11: I
 
':i',.9r~F:r,yx! o Se,<::;.--2,.>--'r''';O new :---.3';'o-,,··;.:,-,~c~>(
 

4'): 
, c 

". :'!.d,1 (i) ;
 

46: :"','-, ~""~':;:'\:x • '. Xl~;~ ~ ~",', ': ,', ~l, osT ;~ax ( ':("",,- '.]r",~'; c_reng' I:Mx) ;	 1 C .,,,,w',:Jrc'·,.Jps. add (" 'I 

>,:
 
<.., : 3f'l (::;<:-':<cnc",;er» new :-:a",:"S,;t<S9:-<~-~e~C'~»' 1 ~I:i: ~T(-"Jp'", 'iodAJ 'L (n0WC~GUps) ;
 

I :6: 
4 (~ : for(int J,O; ]-<feCJrure2~[,:,ngLl:Mx.llLlITlJ:<~JWs':1;lTr)
 

'), 1 08: return Q,rGUps;
 
.sy",te'· -,--"t-';lI"Processing row ",L'
 

52 : if \]~ ('L~'_". _siorq,ty,
 
5':: :
 ';11 : 

5; : 3.lJ."I'lc 5~ilrL ca.~e
 

s:; : -~~"",,,>;):c: new ,;2, ',C,;'o~) publlC stat~c void Ll1aln,':;-::1 1"I~ll ,.,rq~\
 

:::;;; . .'-'. ~ '-1 '.j: I
 
:) 7: ,1 r'~"'!PS. '-",J" , "ct-' .d)cJve ,/:--, :.p ,l'o"! ~.!.!'~: ,)t~c'~
 

"':,' else 



02/20/08 
15':15:05 schemagenerator/Groupldentifier.java 

17 ; ["lSI. oV'-lr > Ffoci',dres new ~ir.Ke,:,LI.'3-<SfI.-.'J:>:\	 -:-.X ; • "'-' • '0':'; ­

:;; ",~.:,- • J i "A'"	 1 ,'co: ;m','. 3(",'1 ,~J.~"ll\",n:- l,.' , ; .2, 1 ; ,.	 ,re 3. -, . Fo,- . 3. -...:' "B" -"'= 
:eat =~-·.,3 oJ '''e'';	 1 ':)1: .'1"-1. S21 S2.c·· ,:23- ~Pc.'i ."0", ""'. 50",' El'",·o'- -,;..
 

'22: i ",a L 1I re3 ..""d,~ : "E") ; 'UJ ";.X,'. ''- _,,=,
 

~ L ~ . 1->- :-~.3. ,,:i.~ "y"	 S,; : ~Xj • .s(' ~;ler\,·Ll(3,~ 0.0;' 
724 : lr·.'i~u:-es.ad':J "G")	 "-,X).3;'·,,:e·-p:_e. :,:0, 

L:; : -'"'Od:'" 'r-es.-.J.j-j "H" 1df: ~,X ~. SteL r~12ITlen:- (~,	 ·1, I • J J ;
 
e
1 26 :	 ')'7: ";.xJ. s,--< C 2--'._'=.~.-: .0) 

2. 7 : M'Ot!:x 111Y. = new MJ'::rlx(4,41;	 1 Hi;: mxj.sc;lf.l02'''<o::t(~,5, I ,,~, 

I 2Ci; rrx. s", L ,=,:-;?-r,'. \ ' , -', 1.'	 ,j? l:'-LMx(:-lX~'\; 

1:9:	 "x.s(,;:.Flenlc~L(D,l, C.'J); " '10 :
 
j J : :-.X.5"''- ',""mc"," ,L, I CJl : Lj J "L.pS = Gr'OI~r': ,i<o 0 t l f ie)" . l den t I f y G·' ;Jl,psll,; j ng(~llf:;'.leMe!'q,--rJg {'nx 3;
 

l:n: mx.seLFlemF,rl~{(],J, ", .0	 1"2: g~(;';PC" '/er--::e··.:-c~'?p:;:'() r~" ,:':]\:,;5, '''X~, )\; 

137: IT_x.!':",,~_Fle.-·e:,'_(',1,	 Scheroc\Ut i 1,.,. pr J n L (qcoup8, fe.ntures);1.r	 1 "3: 
133 : mx. ""tf,-emcnL (1 ,;;, 1 .0 '4 :
 
:,4 ; lllX. ~·;to:-;:lemeLL (1, j, G.0) ; 1 "5: Sys'::p~n.uu,: .prlotln I,'
 

13:::: rr.x. seL SlemenL (L, /, I • C; ; I CI~;
 

1 3G: mx. seL F18J1lCnl (2, j, i .0) ; 197: AI·t£Rt!,Jder ,), '" new ArI'fRSCi::V'l ("./files/13bll.-O.arff";
 
,}, i' ;.x.:;e:::::l;o'Tlc:.'.(3, "~ '.(1\ ; 198 : Me;. l I'ix !CI.x4 = M--J.trlxUt II >;, qe LIncldcnc",Matr eX (Cil . gctJ-.'.at I : x,~ ) 1 ;
 
13B: rnirTurMx(illx) ; ~ 99: ~ Xl, V:dt':"lX;: ~ls.rL-:;r:T":~,,,,=,T~~ax:7.11:4
 
, 39:
 ?[]O: 
1 411; Set< Set < [r.xegt':[ :>;. groL.p:' '= Group Lie,H l f ler. ~[kTit ~tyGro\JpsUsj ngC LlqueMe 20' : II gt'Oi1PS = Gro:.1plcic-n:! fl ('t'. id'.'lJ t ~IyGrOL~ps (mx1) ; 

IQ1f:a(;nx) ; 2CJ2: II SchemaPrJ nLer .prJIl' (groups, eli'. ':JctAt U"lbll res ( , 1 ; 

41 : Scrh"lca:j, i lS.;:H·-=-:l~ (gril,JpS, :~_Jr\1~e"l;	 2 :<~ : I, System. au r . P::'J n t J n ("Menu "-9'" ; 
142 : 204: qr'oups = Hc"gc-r. merqe(;l oups (groups, mx4, a r. gl:' tMaxfHark .J) ;
 
· .; j : Sys~'2~. . pr lrJ:; 1r, 2(JS: II SCheJ"iiF'l"llJ teo'!'. prnl L (gr(JIlpS, ar. ge-tA t t rl1,11 U'S () ) ;
 

144 :	 2 ~,r;: 

1 45; "1'l'_~lX mx2 new ."1"itrlx(:', 5);	 )07: LJst<~~et<lnle(,J",r:>:> cJusters '= Llf-'otlryGr()upsU~;iIl'JC1\1s(erlng(;TcX4,.'it .qe 
146 : mx2.setr:lem(";r,I~(II,lJ, 1.0);	 ~At,r~b~Le~(; ?c.ge~~ax~ark[ll; 

· 47: Tx2.seLFlsm<'lLL(C,1, 1.0;;	 708: ScherndU t l J '> .pr l nt {clustcrcc, ,J [". ~lf'tr" tI'l bll I,es ( ) ) ; 
145 : mx)':-'e(i':':"e:rf;nc\,J,2, 1.~:; ,'C"! :
 

14'0': ['lX2.setFlemf~nt(0,~" G.O); / 1 c:
 
- "0; :rJ{2.seL,.'=-e:·'el~t{,~,L., ~,~;	 .11; /H 
151 : mxi. setEIE':mf-'nt (1,1, ',.0); 7'1/: ,).-1",-/ hy tn(' dr.7;D	 lO copy cJ t·'li,:,IU'.=ll' n,atrlx !J~,[) 

- 5,,: -.x2.~et31",,,,,,;::::(1,2, 1.C);	 ;I'd: ~ lts dlaqonul reflectlon s,~ UI.Jt Lik' resuJt-lnq m_ltI~X 

153 : mx2.sel21eill<::;jt(1,3,0.0); r,,; .. .:.5 Syl',.metr2,-.
 
- 54; JTQ(;'.t'etS':'eI:"f;nt(" ,4, r .Co:; 2'15; .. /
 
155 : ;T,XL. "e - ::-iemrln: ': 1. C) ; i' (.-: private static void iTI1r:',:,,~x:Matclx "lX~
 

1,,6 : mx2.s c LI'·"lemf)IlL I , .0); ) I 7 : 1
 
':;/ : ",x2. 0'2: ::-=-e:"·~;,,:: 8 : for(int !<O; r<mx.numCc.l~rr.n,(I; r.L+)
 

I SB: rlx2.seLI'ls:n(:IlL( ,), . J) ; /19; foriint ~",,'; ;::e;
 
1 _o_~: -x2.~e: :e~0~t( 4 no: rrx. "et,Eleillpr.L (.r, ", ~lx.gel Element it ,r:,) ;
 

He: rnx2. seLf'leLl!(:Ll ("-,4, 1 .en;" 72' :
 
· to' ; ,'C: :y~Mx':[''-X7''; /22:
 
1 f, 2.: ",23 :
 
',6 j: gr u-Jps G' '''up ~,len-::l flsr . ldcn L i :;:yG'-0UpSUS ,d'(JC 11.qucMerq l iFJ (lllxl) ; 
- oJ,: :;,~~;E;--;"Lrl_s.~:-"·t·~,::::r'),-;..-", :C,,,·...Le3 ; 

1G'~: .SY""~r~n,. ''.l;:.prln~ln(''''j; 

,. 
i 6 I: MaLrlX mx:-'- new ~1i'i'_r'lxit),OJ; 

· 60: 7x3.sel~lem~;,~(1,O, '.0); 
1 Ge:: mxJ. 5e(Ei~'.Tl"'~.C: (:-,1,
 
- -,',.
 -,xJ.ccetE:lerr.en::(1I,2, .(:':;
 

...11: _ • "0'0 '. 2:-"-s::-.,,:,.;:: , : , J , . ~, ;
 
, i 2;
 :'\x.l.s,:::~~len'E'nt (1.1,4, 0.01;
 

:- x -" • "'S --::: co:" ,~",-=
 

", : ""lx·.se-:"'.,,'.:'nt;",I, :.0:
 
X·.5=· _'''':''''_~ (' ,2,
 

. _=1 - r"r_ ',:,
 

'y ~""t ',:1"" .', ( I ,4, . (I \ ; 



- - - - - - - - - - - - - - - - - - - -
02/20/08 
15:17:26	 schemagenerator/lnstancesReader.java 

package scbe"lJ.'"Jer-,"ra t 0r;	 8.' 
L:	 • "0' ~p -=.' , =-~,'l"'X 

import return ,new :"~.l[:_" _ (, c '. ,,:J .-P:: ::"i :, .' 
lmport ",UVd. (l'_ 1.L. i_1 ~I ,'''' .8,
 

fe' ,.
 

l':	 import wej{i.J.~(::-e.i\~t-:'~blJte; S-1: 
lmport weK".C,.n'o. L;lS'c1~_<P; 

lmport '.• 81.;-.. reo =fl3'3:'.·~·C'S; 

lmport w,::kJ.c-'re.Ma-r~x; 

, 1; 

1.-: ",'rJi!~-=-'",,'; f1.r,·-tEi.ca.deI U!.-:fCi;!.f, er;i-' ::c'.1.';:·e.~e,~:a~-L"-p "r",,:_x cl.n:l C~[;e-l 

'~; * Liat3 ~'lJrr: en: ,_~rIf fl)I';-, ,<-1:,.,; !,rovJdes surl11:;r ("Xll-ci;',i01l from 

'I,: * an Jnsr'1lwes ob]c, t. 
@c~l.~i.or J-;.,-~e 

1 p,: 

1/: '-j 

"R: public class l'l:s'.cwc.::ccsFec.der I
 
I'l: public static t~'l.1..rix g('~MCi~_r:LXOI(-,mlnoOt".n(:es(lns(iin::;Es:J;SLClnccs)
 

i 1 : MiltrJX mx = new Matr"lx(11,,;ol'1rlCc'2.nIJm~n"1..a!lCrS~' 

2:; : "'f,ST,c:nc·, .TH.. rnAL~: :~,",~e;3,
 

L J:
 
'::·1: for (lnt TOW = oJ; rr,,- < lrlstQnc:cs. rll..lTI~rl"'tCLnCcs,:; t'JW-r' I
 

2. ~: 1:-:5:.-a,.c" = 2-;,,;ta::ce;':.2-nO'tClnce(rcw); 

2C' ; double r J In,;.''~-L rf ~ tis. I sD~n.lbl [~". r I ClJ': I ; 
21 ; for: int < =-"",,:,l;"'.C"'" .;"'_~"",;>;' ~c ~.~tes':' _1; :.·"l~ ,) 

2t!;
 
29; mx.se(El(Om€nL'"I~'W, col, l:,~,.~'ci';'U""\:"~
 

2~: ; 
1 I ; 
12 ; return IT,X; 

-' J: 
3,1 ; 
J." 
.'iC: publlC static int 9,~t"iCixMclrj{( fnstant:es lnstances:' 

3l< : double m"x;.fd,-k = [j.D; 
39 : forlint ~ow = '.1; IGW < lLs:a;",.cC's.rL;n::,.~r_lr.,.::"S,); 10W,-) 

,~ 

Insconce lnci Jnstances.1.-"~'>i;""(~e\;,,,c,w);'" : 
4. 2: doublel . .:.r,:i.;J,.:--:"y = _:-:s.-c=-,'-':::;:'7-!'·:'~"Y(}; 

-1 -;: double c .. a3::o-:d', (~,~' 1.:>:' lIlsArroy: 1 nSld'~Ce3. n'.J:lv\T t 1'1L\)te.;~ ( 

1]4 : FdxMar'-;: (C_~~'l'lC~~l('">~~A~~=kl ? C_J. ;~~-l~~ -- J :(\'~: 

:s: 
'16 ; 
"i return .:::.",,-:-J_'(~.',new~, __':-;: 

'12; 
49 ; 
"; ~: public static . :3t(S:~~~~> g~~AL~: ~.,':e~:lr..s~c1:Jces ~nc;:_~nces) 

r 
:-> 2: _~3,<:;:r-_~. I" ol~-l'_::C,:-e~ = new :'_'"l.s:::_'.O'.<:O:~_:1~'>'); 

: ~-' : I/Don"( W,~:lt the la.o't dlull,lute (wh:Lch 15 'score') 
LA; for~int l=r,; ~<::.!,sta:lCco;.:- ;fes,'__ I-At-~ 

~,G ; I\Ltr-.lOcl'.e ,~~t = In",L?nc'~s.d.:::tllDu~_ellJ; 

ii ~ t~ iT";· e~. :d,; ~ 

58 :
 
'd; return -.l::" :(-'.1'=.0
 

f:,' ; 

'.J ~ ; public static int	 "~"'e ~nt ",=,,,,, 



- - - - - - - - - - - - - - - - - - - -
02120/08 
15:23:47	 schemagcneratorIMarkSchemeLister.j ava 

~; paclta<;;lE! - '-.c'" ~'~'c!)c:Cc,'J'C; 

~ , 
import ,\" '::",='" ~c~;
 

import ,',',. _ . .~':. >3. -;',"r;
 
import ""._ r'-0"-C:-_;;:~"-.i,=~· 

c;;	 import "..~. "'--~i~"-:c=~; 

import "-'-'. . .. 1 ~_-;",:i=-_~c 

3:	 import ,'..~. - '" ~
 

lmport Vee'
 

import ~\'
 

import . ~\ ... -~,·,,",:'-~d~-;
 

import. )"J'. --_~.-=.t:ct=3~·_ 

- j : 

. 'l: 

':,; i'.'='<',1 tc ~()r:lvprt "i J1arK?('.hI:>.~", £~le lnto a _"l,,::.cl~.S't flle. 
~(,: /\ 'Ild,'ki 1St f~Jr' ~s il iIIL'!'C corl1Ten~e!lL fS'TJn Eo~ manual 
'7: ~'dllJn9, and h~_c, il.nes of the form: 
1~; .- "(C,,(,3["C [l~_"t 01 9roups-~t-appeLnE-Inl" 

i';l; It 'J 'i Ie rrJi31fJ.:7"Hidlst IS placed J.n a test d~reC'tor:y,
 

l.rJ: thlS ""'ii overr.;.de iJle mark <]roiJps.
 
'.'1 (dauth"!" Jdm~e
 

U.: 
l3: 
7.4; public class M"rkSclle1!,c:,:Lst'"I' { 
;>':>: 
7(,; lItat ic Mdn<';T t :LrLq, Set< T~tegtol"» gr'oupMappir.go3 
2'1; new Tceel·L"1p<Strlnq, Set (lntC'ger» \ 1 ; 
28 :
 
2g: public static void mclln(St.t'lrlg[l args) throws ::xcept.lon {
 
30: if(ilcgs.lcnC'lTh ~GI 

J I : I 
'j 2: :0;1'03 '_en. ont. pt' i :it In ("USAGE:" 
3 J : ":1'" ~ err. :mt . pI in'_ I rL ("\tMarkSchemeLi ster in. markscheme 
3,1: SY::-<'J'~"ollt.prin:lil{"\t\tor">; 

f J: 
.,j 

",:; : 

','C: 

:;? : 

7 i : 

'".<, 

c, 
76: 

'H: 
7 <:: 
t1(;: 
81 ; 
d? : 
KJ: 

[\4 : 

8:0: 
86 : 
87 : 
R8: 
89: 
<:>0 : 
0, : 

~:': : 
9::!: 
9!l: 

out. marklist "i ; 9:': 
96: 

3:,: S~'Sl<::,TI,OlJt,prl!llln("\tMarkScherneLister In.rnarkllst out.markllst":-; 97: 
JG: Sysr,~'n.exlt (0); '~H : 

37: :-Jj: 

lfJ : "ljO: 

';9 : 3~'II:g l~·P\;tO:L~e = 3rgs[~']; 'UI: 

.;.:' o;l!_ng ,-'_,trll~rile = Cl!""g.s[1]; 1 'J): 

';1 : ~ J : 
,; 2: F'!,Jd 1 n ~ : 4 : 

" 1 : 
",; : 
4:, : 

if 

;3-l:{8rccFI.p-"' ...."":::-: ­ new 8'-=-==s·wiF-sade.::-'ne.... 

.,;,."._! ",,-',' ,,-'-;;,-,"markscheme"j, 

r::'2?~""jC'~- .:--r·\,c;.:-:"",), , ~7 : 
. ~'6: 

4 G: 1 ~ g : 

<16: int 
'~ j _ ":; ~ c; 

",,'.'''.!:,< 
...::.. ','eJ:::_

=; 
~,-::' ' 

4? : while t· . ~"''i;'ly'' 

-a"V~!:'<-T; 

~_1 : ~r.~~~i:"_~e 

S'::: 
'>3: :";1 _ -::J ':,SC; , i 5: 

°.-1 : ;Y""'-,u'1t.pr-'..n:":'r("NOTE: There are "lx~3rk~" groups." • 1 r,: 

55 : " 17: 

"6 : '--:":10-' ;>'Je aItIlb~;cc'" In 123L, , "b: 

57 : ~ff!;: ~ ClLl:'S''''',lL-s~.rln-;J':1,a-::c:r",_~e:-;:;;tfl '_1 \ .. c,: 

5'-\ ; Il,'-<,c;c:_,, ­ > ",t::clt-'..:tes = ne.... ::"':'I,k",:iL1S~<:::t:::-::.~.;;> :;r,' 

':;U; :'~~ ll.'; ',,'0/ = -"c_,::.'::~,.o3p: "," 
to(',­ for'int l.<'"dtt.'::,O,,,,- !cnqt.h; ;,++ o~'::rlb,~-e2.'1·)~;,,,7-r,,2,l, , ~ L: 

•
 

F': ,,13P, .nti: c,~l ",.1.-01..1.."-,,,' ~" ,.o!n!,c. '.,,( ,1. C. "]0 ,,-'o,:_c: 

for 3'_" ~::; 'l.-::::r "-~ . - ,,",0 

.;r:"~'~-':Y'l.PP.J.~,gs.'~--,~,3":7: new ',~' ,';.1(" : C' ,
 

else
 
_'\san ':"o,:J<:" ,,~ 1:2--,-e
 

:-;: ~~,o:J<,.,:r:::l:,":3 = 3''':i,e:T'dT:::l:;'~'';;: -~~~~~; -:.~;,I[~.,."
 

_"~~"" •.le a. CCJ."Jr:ia.!':a .:._';r "e~"'~';== (,,"(i..:.~! '1;0'2' T;O:":pc' 

."''is:e~'.---:·-~.9::'''-- "Commands:"'; 
"'1'''':8,°',:):-::: .:;.~:':: ,-:::=--::.:"\tASSIGN attr groups" ; 
3ysterr.c,I~.,...._, :li,"\tCONTAINS word groups'" 
?-yste:'".c'.1~ .;;~~n-::: :c("\tQUIT" 

,::ys'_err.oll:.;ct" n-::: n("···· ..•••••• ...... ····"' ......•• ...... "' .. • .. 

~~i=ered2eildcr b~ = new Bu:f~redReadcr( 

new ::nput ':>1. n:-wlReader (System. 1 n) 
boolean qu~t = false; 

while ( ! q',Jl t) 

Sy"tem.CJ'Jt.print("> ");
 
Strlng ~lne = br.r~adLln~();
 

Strlng[] lineParts = Ilne.split(" ");
 
if(llne?arts(IJI.equals("ASSIGN"l)
 

{
 
StrlIlglJ groups = lirJ8l:-'arts[2j .SpllL(","l;
 
for(int Jdl; j<grOllp~.l,cncrth; .JH)
 

qroupMapp __inQs .get (l.lncPaI ts 11 ). eidd (
 
new li1t"qeI (groups [J))~';
 

O'JtpuL(OutpL;tl;j lee);
 
) 

if ( 1 : nfcPar't" [0] . equa 1 0-: ("CONTAINS") ) 
[
 

Str ng[J groups = ll[ieParto;[2J.spllc(",";
 
for SLrlr,q aL:::r Y~-("JpMapP.lfi')3.k~YS,::'i(:'
 

f(ottr.~ant31Ils(1~nc?",r~sll i I 
for:int J=J; ~<'~~'-\lpo..~e:-:-_r[l; J'.) 

qr'~upMapplf.gS.!Je: : J,I.· l', . i1.c~d ;new :: .. 6J(,'- ,1: '~.lPo3 [~,' ) ) ; 

~"I ~.~-::: (C-·ctF ~"~~9: 

if ~,·-?.-'l=-ts[~': .e~,'~'1~~ "QUIT"': ,J'_~. true; 

::::'.::::":J~e 

public statlc void ;;~t!::L.t .::-~;.,l 7 le:;.:;.; throws i':x '''', 

:~rl,_-:::W'::-1:::e:::- p" = new -·"~,·''''~l'_C>'(~:'_L«I,,-r,
 

for St.::- .'-f·g ?.t t:· ; qrcJ-P/o:~'P~::':'Ys. -;l'y:';,="
 

P""';'::Lr,~'att:r"\t" :
 
pw pr l n ~ i qrC:lp~3p;':':I'~cc. CH,~ L'" ll, .
 
P'" pr:nT:ll,:
 

pI-i.'::' -:;"e:;; 

,e, ~, • 

http:n("����..������......����"'......��......"'..�


- - - - - - - --	 - - - - - - - - - - •
 
OZ/14/08 
18;3~;14	 schemagencrator/MarkSchemeModifier.java 

package 3':~le~IOG-E'.':~eJ 'iL"r;
 
L'3: ~y"+:,,,m .. Lr, - ~.­ . ~ - ~ '-,- ";''? •
 

import . ,-s' "d:o"",J • "'.! 
">
'J~' 

~:	 lmport :av~.~ ,.j'l~C~€dd~r; ,.c=: c -2: ,-,,:'r ~". r,,-"j- ,-!Jr. I : ; 

:,:	 lmport 1"-""0..':-' ." r.,- 1".:'0 ;:'-c}-.3,·Cc". "I: if ! d~ • '3r~"o j " "" , 

import ~'T.~.~ ~·_-.:'·,·:_-s=-; r,,':; 

import ,aVct.:,tli .fl~~nSeT; r, " ; ::;r: ~.;,:~' _J'~;:;: --"c:,--p.c,el('C:lc,d,.S~·ll,.I" "'; 

~: import ja'"",.,o LL~.~,t''''e8. ,,' F1 : for (int _' =:,,; ) (ell -, 'DS. j crlgrh; -=-, r 'l':\o.'(.·r,.)UpS [ne 
import ~:3 ~; w ~'<~cJCtlqr--:'l.~:,slJ]J-i"',irJ',:"J; 

~mport :3.. I. t i! . 2"t; 6:; ; 

11 ; ;:;6 : 

2.; I' ~ 6':
 
;;ldp f-'r"''-'6.ted
 ";ij: 

,, ~J0ULhur J:lmlf' '';9 : SY5tc~.~~l.prlnr!p!"----------------------~---------- ") 

i 'J: 
'iO: .' c,: 5,,-'3":';'- , ,;:~:..:_L:.. ..;~"Done, writinq to file."\; 
if: public class M~~kSchem~Modl[ler 

~I:J: pUbliC static void J;ci~~..:;- i'-~ ;re: \ throws ~'x'-'<O'p,- lor, : 12: ?tJnlWl'lter pw new Fr'..(,~~:r-l ret (O\.:iLP'lt::-l_e); 

if('iX'92.:'.-er.gt~j= (J~ 7'l,; Y·"'.P: ~::::-l...«al,tc:.h_Le-",:; 

74:	 ::;,!steI11.8'JT.pr,),I.l:-r-'iI.t;Ilhutes~JC: 
F: ~:,J--r.('":-.p.!C ~_~::"':"USAGE:"';	 'IS; for(int i 0; l<l1Iiix~,'[a'K; ::..' r~ { pw.r,",lr,t-!n ,.:ncwGr-cl.p=, :ll); SY-'3-~'TI' 

n: System. (l'..:.t. pI l~, L :n (It\ tMarkSchemeModif ier in. markscheme .OIlL.prlnl:i., (nc·....('roups C.:.i J; j­

out.markscheme"); 7G: pw.,:·lco:e~);
 

n: ,"'r.SCCr:l.l'X~~ ;:1; 7 7 :
 

i4 : 78:
 

2':> : 
3'rJ::g lr,~,'·~rJ'L~'" = )~'JS~2" : 

2. , :	 S'_::--=-~.g ~,t,;tp,)'.);"~!e "lrg~' [1 I ; 

2!3 :
 
L') : E.lfi,"-n:cd?f!c'Jd,::~' ('r new i'L:.: te~'",j;'Coij-=: [new ;:-.2- leokyl.c:I ~.;:,\;+::-' l1
 

eJ, 
~ ':1 : 2'.r:crq -'ll.t"IS = br."r~CldLl;1(,,(); 

31 : int m6xMClrK c;
 

3? ; W'hile:t:~.:'eiOly[\
 

3 ~; 1lIC!x..'.\ii.:-k, ~;
 

~/I : b:- .~'c"')dL',n(, (
 

3':: , 
3f:	 br.cl~~'c,(
 

Syste:.ll.)uL.p('inr:inl"N(lTE: There are" ;axHo~r<:"" groups.":
 
';1) 

-:! : N~w pllr a~t:Jb~tes In lJS!.
 

4 e, . "tiC; '= Clt-Lrs.sut)S:-.rl[;g;i,:}fLI'5.~O.<;-;-:"( ,~~;
 

4 I ; -<:;',~::..n,~> J-c'.":.'=" = new ::'.,:-,:,-,c:'.s-l-<S':.·'::"':--1>
 

- 2: S~~'~,g: ,:;.+:trs) = ':lL1r':c;.t:~'1.2-t(", "l;
 

43; £or(int l=O; ~<d['rsl.:'.'~ngrn; l.i~la:(t~bu[Ps,~ddlac~':-s2:'1"
 

'~4 :
 
,: _. :"y'='. '" ~ ~,. ::.t:'-"i"For each attribute enter a group from' to
 

"-~?xl-"cjlk·" to place it in,");
 
~{) : "'1'0' c.r';:':'·,t:'.1 ("For Illultiple groups, separate by spaces.
 

<1 ,.	 Si SI '~~" (.\.J r , r,r 1 I, '_:in (" -- - - -- -- --- -- ----- - - - ---- - -- - - - - -- -- - - - -" 

'/ No,,' g,,~ Ij, ... ,"~·,).~ps
 

:iC-C::,,=:',7e,::-e:'> '~,,,,v,,:;~~-~;,s new :'",r ~o;X"",--kl;
 

:;;2 : for(int 1=:'; l(m"x~'1or<:; l·+)newl;~)'_r'f,rl'. = new ndSl\:",C"'(=lltC'JS;
 

> i I; 
~ ',' 

- ~:
 

~'r' = nQW ~c t-;e'reclr<2dCc, new -l~ .. _,· ~:,~',,~>,;'
 

H': for .
J.nt ,'''i' 
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15:26:02 schemageneratorlMatrixUtils.java 

-

I; packaqe : . ."0 '~"'2- ~.",:C~'=':'.::c~.: ;3.:<.:.,,: '_' ~~; .:'S'~·l"'I.Cl';ler!er,J:"r; X~ : 

H: 
unport '"'".z,,. ·~',t·e. ~~, 'Or dn ~":::;
 

~: import -:.:: l;;~",''''' ,( : return 1<;.::2;
 

import :-"".:.:.'- ..(;
 
,;,~: 

7: / •• ".': 
8: UtlJlt.I(-'O' r..,lCltHh/ to malrlX 1J:'Jn.lpuL~[J.'-'I1. 

~da1.'r,'lU:- ~ ~e 

public class :.:a:-'·,,;· I" 
-J; public static ":"'_t 1X 20r-;-.,,' ~_",lJ:'13-X;Y:0r!~A n;..: 

I J; 
14: 1/ WfO Lake the leY' of cjjl tile v,dlje~,-. 

1'0; TillS PJlsur,'c; very IlH7h val'lt'S -ir> no+- 8C"IP 

1 6; pve.cythH)9 t-'lse down. 
I; The!) Iov'e sC<3Ie evcTy!'!;:"CJ .so th3r !,';C' mdXJrliJiri ]5 

1 R; 
1(\; M,)tIlX cor_,y = (Mc.l··'.lc:) mx.clcJfleri; 
; I): 

21 : F.lnd mdX
 

72; double ca:crentMax = G.G;
 
?:< ; for(int :!--o; l(;nx.~·L.lr'L'<.,-'w,,(:; :'.~~)
 

24 : for{int l Q; J<mx.nil;d<ows(); ~,,) 

2~, ; 
76, 1/ S"f element tu ch.~ log (If 7 t. 
27 : /i We plus 1 SllKe 10g(0) JS !.J/jdef~Iled. 

23 : TlJerefore () -> 0 ciS Ioo.'an!cd. 
20; c,-:;,::y. "12'. F:~"";:l2(.l" :.:.., J ,!-':2. ~D. ~,<J (c-::~py. -:;e~ ";~e; .2~ ~ - • : : j ; 

30 : if (r(if.JY. 'Je':::E I cmtont (,-, ~ , >c: urrenU1':<x', 
31 : <:!lcccntMax copy. gctEl'::menl (2, j' ; 

] 2: 
~ ~: 

3~ : 
J:::: lJ]v:..de '.'\·,-;.yth.lily hy lIIax 
3(- : [JJ.agon31'· ,J''''' se, 'L' 1.0, 5:,cJl ~f;dl , feature '..·iJI ,,"'(,',oy.5· match 
37 : II WIth .1.t",<:"lf. 
38 : for(int l=O; ~"mx.numrL\w'3(); l++ 

for:int l J; C<'T,;.::.nu[[1'~'""Ows() .1'+) 

.,<: if;2 '.,\::::::;Jy.<:e-~l' 0',8:'-::(':", 
~. 

-'Vi.ge:.l:~CIrLp.n~ -'J' ~'.::-·8:-::~.-iX'; 

4. 2 : else C)py.s9~Eleillcr.:(I,;, 1.e 
43 : 
44 : return CODY;
 

.;:::
 

.;6 :
 
-\: / ':.:'i.H~Jii"lS ',·,"Tf.!\ 
,',6: public. static :>1,:ltrlx g('"[l:~~l;lenc"",Moc'lx~~>1"'.ClXmx) 
4": return mx.:.J<'lnt;p',SE'().ml.lllp:y(ml<:); 
':li,' 

public static ?--'):::;.:: ~.C::::-. ,) .• ,,;0 _. _'..:.::,:'.'" '<J-:-' x --:< 

" 
Md:-r;;.:: rllXJ new ~3.'.r'x(ITIx.r.uITI><·~\~O::; IUX.:'.UII ,1,jiT,no;(J,I; 

r,",' Normal.1.S"'" co I 'J[M1S 

for (int .:.<fI1X. ~.UITIC("):Lu.',n:s' ;; 1- f J 
:;';. 
:;,': double s ;~)r=:i:O'-..:· 

for int ~ J <~ x." ,.,,, ~,'o:' 

S'1Il'lJ,',iS;j;;1~~ Y'!LlI.'l.pOW:IILX. ;'.;-1:. ("',mt<"" 1", ?' 

"q'-l3rcc! :u" t~ai.:'l_t;ql·l· i.o··~,.'3.rc-',1. '.111'\; 
foriint :~" .'<"';'::.[.j"-r-;'~''''.3' 

5 
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-

15::10:21	 schemageneratorlMerger.java 

packa~e ~: .S~~~2~~~~:~c: 

1.:
 
import .:-:':.0' .-'-''c"
 

~: lmport ,"',. _L :-1. ~-;et" ;
 

import \>·e":<",.~· :--2.X3-:"_X; 

I; 

6: I *~
 

c
 A ~,'"s_" ~'-' :;:e~}·; gro~'us (CO[Jne~ti'L1 '-'ompor.tcnt,;.J iIJ(" n ~) roups 
1 J; by U,'U::'e] tr:f' ft",,,turf'	 stt-erhl[(lS i.J'_'~'~"[, ',':.G.lr- !!oae.­

,'\-;c-_~-:-;3:-." cpj 

1 1; {da:';"!Jor ,]dmle
 

- ."i;
 
, ~ :
 

lS: publ~c class McrgF~
 

~ ":
 
" I: publlC static SeL <Sl:' t <I n ;::eg8r» lIler(Js(;rC''':9~'(58 c<3e'. (Ir:c.egc:::» groups I
 

'11: )~,,7I"";'; rea;::,;:::e?C".-;:;]L-;;·:x, int :-1:
 
1:':
 
20 : _Ie un ly wan t .'l qrlJup~', 1herefo~-e we r.eed 

~,:' :"C • .c;J<" g:o:n..Jps ~'i '-h,_ l~ljrrent lIst tntll 

;: :' II tJJ,'rc ~s a suIfJ.Cler,t ty small number.
 
2~ :
 
2"1 : / / To p1 L,k ..-hl c:'h pal! L'~ ,Jr'QUP," to m~'rgC', we
 , II fJ.nd the ,'lJaXlmllm ult,..,r-0rollp bond SL~prj;}t::,
 

<: : D}' ~~l:_::'1 t.';(' .T\.-e,-",gf' 0: ,.'] t;:e e}e.rT'C": P,'1.['5'
 

7, I I 2_'\ the crc;'-';s prodilct. 

S, 
L9: {Cd.t\;reSt~engthMx Mdt. c2xiJ llls _~,o:'II1dl::c~cTOMilX (feat.llreSt:-2nClLhMx I ; 

10:
 
]. : /1 F~rst, ",'p .'"e,1.!.>>"p a:J}' ,}.'"oups tllde u.cly hi!vE' onf'" el>OI{;~nt. i.p.
 
~'2 : II it h,;s no clJr,IJec,'I011 w~tjl d.nyLhinq.
 
13 : SC~L<Se;::<Tnl('g(;l» ::r:'-".Jp:<::C::;y ~
 

J 4: :Set< SpL <I~,' "'c:;"':-;';':' 'i lJ,3.S~'''€~ <Sel.~, ::'n' "",,,,: '» qrollpsi . .::::10ne ( ) ;
 

J'::>: fOriSf>L<Inr.sger> 'Jr"'l\[) grOl:pS}
 
j'i : iLT~.~;J.,L=e(.= :;. __,.3:';:y.~",··--r·· ,J:''-;
 

c;I~UP" 'Jc·OL:.psCopy; 

le: 
if .': e,'O'_ c,::e.":'':.H,;"gl.J-:Mx. ~ 'J:' j.';,·...'s () : =f e",t l;reStn~n(ll.hMx. numC'.2.l(mnS i. ) 

4 'J: throw new F:rr:Jc("Must have same number of rows as COlUIIlOS.") 
" . 
-L': 31's ;:C~:~. ~)l1t . pc 1 'I (1 n ("Merging into "+ n-'-" groups."); 
-13 : 
,;.::: while 'C;;' '.·~1'5. ," :~. " >:.' 

1,:': 
4(;; ""s:c:-"'",,::.vr-::l:'"-. "Current group size: J;;:'J;;oe.s:":e(j '-; 

(>c'~ < _,,~ ,:'<]e' > t'eC'~ G~"_' _pi null; 
4fJ : :oet,<lntcGer> l:)<:"c:c~·:.lLP/: ~ null; 
.;,> double ~',.,~. ::--0: 
':>~, • 

';11 : for , ~e-;;< -:-r :"~Q' ..;::-:-~.::;" 

:;; : for("e~<.:_'_;qc:;. ';nuclp2 : 9TCL:~'''\ 

:; 3; if (~qroup- . <:':j,L.ClJ ;;\<;:ro,lpi.I:' 
54 : 

~nt 1~no;C>-uTJ n; 

c	 double :'e- . ~-ci . ~,; ~.::::-," 

for (:>:::-.' i"c:lc'-: CJroIJp1 ' 
for I ::'r,~e,l<cr ,rL"-~"pL, 

n~"" ~;','2.rS2'~'le+ 

-C',,- : S-."- :-.:. :T"'~" ~s -0. 

- - - - - •
 
63: 

'_'"J 

c'<:' : double "'.' :;::O'~ ,,~ "'~~':-"':~'.-c
 

new D'~, .L~,''- _' 1 :i«(·.."IT.: ,I;
 
~,r1 : if.~v};c-:e>ie~:~~:~
 

--; 0 :	 beS".Pall·Scc:·'" ~ ;)""',lS~';,;:'<::; 

;;8.'3-> .",. ­

7 2.: b",st ~:'('up2 g.':-()up2;
 
7]:
 
.. 4. :
 

7':; : 

-, ': 
78 ; II Sysr.em.aul.. prJnlln("Et'st pal~- 9('"or",,: "~i.'cS,~P6.J.rScorp-;;
 

J 9; /1 3yste~r.au~.prJ."~1"("Eest '.11"0(1):.' "+besLGI,JUp)};
 
eo: 3ystem.olll..prJnll11("Ec-st .'!J'o'Jp 2: "-fb,ostGroIJ):.':!);
 
B1 ; 
22 : 1/ _Merqp 7 g'OI1]':=: 
8"< • 1. Add el~mcTJ' 'f ,~~~cund to f1..!"st.
 
f,4 :
 

f,S: for(ln\.C'g('r _ bestGr-oup2)hestGr:)up1.arid(2);
 
flo:; : II.'. /)plcte second [rom llst.
 
t]7 : II System. out.print1n ("RemOViJ1(] "~b[;s~Grol)p2+" from "+9rr'~ps);
 

l,if,: I I DOiJl"dIl It'moved r;/J'(>ups. rc-r.IOVI-' (b,"sc(;. ')Up'I);
 

89: I I Sys .~elll. au t . .or ~n t 1[; (;'~.'"lovf>d.l ,.
 

gO: S'~~<S~L<I"lteger» neWer')\.lp" = new lJacl11SeL<Set<Integcr» I
 
91 : fOr(SeL<'.nteget> gruup : g.=-,."ps)
 
? 2: if ( ! ',,:-O\lp. cqlldl s i L,.c;,; l Cr :)up2) ) ncwGroups. arid ('.l:"~up) ;
 
93: group" = n'~"'GI'OUpS;
 

JL; :
 
')5 : 
96 :
 
9/: return }~c\..:cC';
 

':!P: 
99: 

':JC: 
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'5:36:D6	 schemagenerator/SchemaUti ls.j ava 
package	 ;,. J.nt c;·.·,:;.""~,,,:.e: 'i'..	 u 

;:; : 'J';': while 1:: .: "J~
 

import .. ,.'.-J ~~-S' s-i.--=<-",.-i,,:-;
 ":':
 
.;: import >? .. O).-is:-; C.",; .Ld\"o' l.:;' ,1 'cC\r;''.,,-n2 i
 
.,: import :0V .~as~.Spt if'" ,,= '" 1 r
 
,,: l.mport -ave!.. ::.-::. ... ! ':'J:k;cdfl?t; c r; : 11st<S:'-111r;> ".,'.:!_Dl.. c·co; = new :'_r,,,,,,.:'.~ :.3-::<.3' .:.~>
 

import -0.','--;. •.• ::-"-. ~2l;	 :,9 : /1 Ei"cldlIJ<7 c1ltrli'l,te~;
 
.., .
~"I; import ~av.-;.·.ltl) .:~cl':';	 'Ine = Llr,e.su)j-",rr'~n'ol~·,Jln'2.';'~:nclc1, 

import ~ cj\'cJ. \... t J l '..·c T ;	 SLrlnq(] l:rh",'r.r·_f' ,tl('.'P:C'c'_ 
import .; "Vel. c. t ; 1 . T [f'-o:M.Jp;	 . 2: for(~nt ,=,~; _<I:..r,e~':lc·s,';'t~:):!Li.; J'-, 

': import _I.-'V;). L+ ~ l. Tn-'~C''2t;	 aLtl Ibu·"''' . .-,,:i.J "loecc;t::.,,: ';i 
1 ;; : ,. ~ :	 if ( ! aL t rID:H~S. ,~~['l.}~ S ':i::" r: :::h. -=-es ~::<::- ~2:". 
1 '~ : ' 'J: throw new E1 :;-,.":, "This mark scheme file is not" 
11\: .. P'-oVJd("s lltJ1ItIes I-'-!th rcqards lo Ie"'Ollh) ,"clCltk ,sclleme/l1st 16 : "compatible wi'th the traininq model. " ~ 

1 e,: .. [\ 1 t"S. 17~ "Ensure that their attributes are the same."}; 
"6: • @rtulhor JamIe 78 : 
., I; 79 :	 else i 
18: */	 80: I I R,'tr(Jve 
19: public class ScnemaU~lls l	 8'1 : iilJe = i1ne.sc.bstr::-.q! ,.lr'.c.l<ooqth()-'J); 
20: public static void r,[lrlr (Ser<~-;8r.<1.[\Leqc.t» yP~'~~J_S,	 8;.': S>::ring,j 'L~neFaI"~s = J~;,,,,.scLiL(", "~i 

2': ["lsL<.Strlng> feacll.!.('t-;alllC,s)	 81: Ser<I:-,l~gf")"> ::;.., ~e, new c!.'l.3f·.'~er<]:l1..~q-~!")(); 

22:	 84 : for(int -~l~~sPar's.!cnqL~; j'+l 
23 : for(S2~<In(egcr> grOLp : gr0~ps) 8:' : c ~c:o~e::-. Clcid :new Il11-eqcr (J i:1ePar\"s [l] 1) ;
 
;; 4: 86 : cJ ust.:r s. a,'id,:: ~'Jster);
 

;'5: Syst,..,rr.o'JL.prInt«"{ "', 81 :
 
/6; II Pr'.tnL each group 8R:
 
2. 7 : Int (; 0;	 59 : _ .... +-; 

2i::l : for(Icteqer 1 gro~~: 90 : 
:"q: 91 : 
~ ,1 : if(c>~)Sysr.'?r.I.cJur.p!'lnt(", "); 9;': : return C.LustCl·S; 
31 : Sy:; '. "::1.. ;]1,:·•• pr i!lt ([sate] rcNal1'cs. get (i) ) ;	 '3: catch :Fx.ceptlon e) { 
32: , ; 9,: : throw new Err:.'r("Problem readlnq mark scheme file",;
 
j 3 : ;'C,'
 

34: Sy.ste:n.. ~<.;r .pc:cnt Jr: (" }"); 9ti :
 
3 S;
 
)6 :
 92: 
.' 7 9': : public static llsj<Sf'l<J~~teqet» readMalkLl'--'<''-l;e·~;:;r;:lr.,.;=-npdLr.L.~, 

j tl; public static void p!'lnt(Ll~t(Set,rnteqer» qroups, 1 D,: : L c St<S'LL1I'Cp att.l"lb'-,res, int m.lllLC1usr.cr:,),0 : :"'~<;'/St r::.nq> fea'L'-JIs't.Jelires)	 'Cil : :r.,''3t(::;(~t<~IlLegeL).~ cluc,ters '= new ~JrJ)(ed,.l"l<;::<-ot<:n;:s'Jer»(); 

1 02: for (int 1=0 i i<numC1llsters; 1- r! c1.;st(:cs. a<jci !new I!d2J::Se~ <Tr.re:;e~'> I 
for(Set<~:1te()e~> ~a<'\lp : 9C0'..lpS) . 03: M_"t,< _~'; r ::::..ng, StOL <1[1 tcgrc!'> > gt"oupMap;:' t:".-:r3 

<12: 1 0t.: Scher~a;jt I 1". 'Jet'::;;"'\Jpt~apiJ_ILls i '~!lP,-- cF ~ cE:; ; 
t.? : SY""e~> .r'Ut.pI"Lnr ("{ ")); ·'.1'0: 

'14 : II Pruit "<:Ic1J group	 , c't:: We have lo coltibJr,c 'J~rrlb:!tes' Dnd "q:o:,pJ..'apr~nqs' to c}C~32' 
>1:) : int c: = 0; '(; 7: II 'c1usten';/. In tJn~ m3ckL,;ot [,ie, groups n_'Tl'e[~' '1(' FI'(Jr.1 1 to n, 
'1" ; for (l:-,t"~~"r : group) " G:3: /1 l-lhf'r2"s j[] 115(5 Io'e rfo'/ere'lce D to [J_l, so ..'I;' c>'ed,ct 

; ri9 ; II aCCl)lclln'11y. 
t;; : if(c.>G)Syste.m.out.p:-lnt!", ");	 1 1 0: for(~nt '..=0; l<3'LrrIo'",te".Sltei;; ::::.. 
~ (0' Sy :;;trol1'. O\-,l .;:->r J :;:lL ( reCl~ u~cci3.r.~,; ,gel. (J )	 ;' , , 

. .:;~~ i ;;.~. r::.bu':es . '::let : 1)) ;'~4 +;	 l' 2: Set< Ir,t(YJ~I).;)CJ\lP'" 

le~!'JI'~up-l\ .ddd(l);1 1 3 : fori I flCe,]er qroJp 
:>.c; SysrenL.oUf,pr~i~ti[l" }";o; 114: 
:>3; 11 ':>: 
S-1 : 1 l' 6: return c1us~ers; 

pUblic stat ic J ,:;, ,., 1.. <Scot. <. :".LC'cJt;r.~) :-eadMa 1-~3cr:e';".eC:;, :.".-;:>V':.:=-l Le,	 , 7: 

"G: 1 C~:>- ~~,q> ClL,v"L"'L'~" ~ .co:::/{	 I :): 

S i: l' g:
 
~"j : .C.,,=, ~ <':-.' s,::;e: > ... new :_~k0j' :~~<~,..,:<!~t~g~!»~); 1 I':': ?roeJcit.C3 oJ I~cir :);: ..c~_ !>:t.~'OS :,,( c,: }: -'p"
 

1 <,': 2"'L ";J~ Tc7'CPO.";u.'" ]~('5' OJ ":i; ~- J{ =! ~ _I f' J­

",', try " I.::::: ~~3 ;!\F'''T. 

,.':': 
.~,. "-'s ,j t: new ~·~.'~!'''"tS.'''0l~2;''new F: _":'Pea:!,,: ,r:"J~'-'L'''o, , .'..; public static :<3.,<"~~_~.;::,?~~,,, '":;,"' ..... ;- 'Y'·.''''r'~,\.':,''<''''~'''.':IS 51:1[.,,; :..r'l."J' "".L'" 
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15:36:06 schemageneratorlSchemaUtils.java 
- 2:;; 
I / h: \' ,n/ '-' r c ' :'Q, ::::,~, < T-, e"''J''r> '> 'l~ ')lJp'1-,,,-,!',' '-,'J,e 

I i. 7: new ~e:·<'i.k'::; .: ~ , ,­ "= ­ <. - -. ­

- L:; ; try 
'1'-'; 

-,' 
-':,,:-·~.",e oc::.=, 

whi Ie (,D1 . ready r 

new .Oo __ ='--:-2::?;:",'::=:'new ~':-_'_!-[;"'-~':'~ -~'r..::~=~~'~\\; 

',U; 
-.CO 0'_ .:c"'-"od' -n"I1."c::~ ,. "\t"); 

1 .,,~ : Srrl~q aLtl ibure LnellJJ; 
I "le;; '=;,_ "';,J:a -,.:p ..­
- 2' : ~::c "J."l.:.b,,·_r_r'(lll.J_n·II].leng~h\i-I).sol"ll(", 

17 ; 
. :15: 

yr:llJpMa 
if;:::: 

VllhJS.pL'.t'.,c.r.l;-ll·'.tt', 

=~_=_ "'[]" 
new Ir",p.ooc'<,Ij~i-'J£t>, 

1", ? fort nt I 0; '<;L.~r,'.lp",.lc!lgl;'; +'j 

1 41J: ')r~ UpI-'JpplW;J"_'':::''': ;.),~' =-G'.'=-':"~ ."'~~ 

- ~ ; new :':r:tegl"":' (orccl.-:;;s Ilj)); 

I'; 2; 

1'13: ) 

catch{~x~~pt_o:: ~)j 

. ~ 'i: ". ),:'1 :Lr.t St ucJ.;: 1'.=-0('", ( ;. 

"0 : 
1 -1 i: return Qr",upl-Jo.9plngs; 

",'1l1: 

<i;: 
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package p_fJtd.Lne; 63: Stn r,q l:'..n~ = br. t"ec'id! If'.(--' () 

2 : import c,v ~ . .LeJ. Bet ': e~ edPeade::; (.4: if:lE1F.lnd<oxC: (''It''' !=n: 
j: lrnport ",'."\. r,~,.!'_leke0J.e:; r;r;: ! 
'1: lrnport ,J~~.lu.~rl.!ltS~re~~; ,~ F: S'cc_,ql: -.lr.eF-H~~ ·".:·Tl.:..t\"\t" 

import '>'.,. ~,~.l':.LnL·"":l:-e:; ( , , lrnport '"V.'i. ll(11.C:a.sh."13p; 013: int -"e:<:,J:o= = new ',,-. 1"( ',_lj,~~I':t:·-s '"II' 

lrnport,, lrnport 
',"",;,3..l.tl: .llll,(Cj[""S~; 

-,"iV·3.,tll. IS:: 
69 : 
7C: 

if(t:-.",.';c-,;r">I1'ox';';,.. ,-) I' 'JX 

S'~Gr('",. ada: - ;]eS('(l r rc I ; 

',lL"" = l:,c';;('. n::o; 

l.mport 'nc"ci.'Jll. ap; .Se,(Q:.r':"L';p sC'· :,",:L~,j",,:.··'-"Z'" :":;',_c?dr:s:"j:'; 

1G: import ; ,,'fci. ': r 11. cr:; 72: ~-:-;)::-.Sets.a'-,d(sct,; 
import ~ci':;'.:'1-.~r,~c.3c::; 7-' 

. 2 : 

import ".co,t n,: =':RS=-i""l:i",:,; 
.;.: 

75: 
-':;5.;;::;' ~·_~;"L."Successfully parsed line "+'_'_:1.':".:...r.e5-"."'; 

, <1 : 7 E: :,.~-.--, "C's~~; 

-'i: 
" EO: / .. 78 : 
" ;; Gene!" te.-; an ayff f~lC'. 79: b::: .:::l::1s£: 'I; 
'8 : 7'110 lnput tile ~s d ::S1/ wiLl:! tab separated fJ.elds "score DRS SlllllQ". b:) : 

J~ extrdcts rill the ~emant~c a~OffiS from each DRS, collates them, B1 : ps.pr"n-;::l,,("Num lines: "+n'_;n='2.Ileh: 
2[ : ,lrJd then pror1ur'es a b~nary table ",OJ th the atoms as the column". d 2: 
21 : ,iCii...!LJJOl J<.llllie 83 : II Work out segmenLs 
22 : 84 : int st3-rtPo5 :); 
2:1: 'j 85: int 5egm~nt':"engtt: = J; 
24 : public class ArilGeneracor SE: int k=O; 
25: 8/ : 
26 : static SLrlllg lnp\:tFile "./files/Bb-answers-processed.csv"; 138 : while (k<=segIlumcer) 
),7 : static SLring oulpuU'lle "./files/Bb.arff"; 89 : ( 

I:IJ: 90: startpos >-= segmentLenglh; 
~9 : II I( LJllS ~s seL to true, dtoms winch occur only 7 Llme 91 : segment Length = numL1Iles I numscqlll(;!"lts; II lakes dlv~50ri 

JO: I I J n tho corpus a re removed. 92: numsegments--; 
31 : final static boolean COND~NSE = true; 93: rtumL1nes -= seqmentLengLh; 
37 : public stat ic ,"oid maln (S lr lng [] args) 94 : k++; 
J J: I 95: 
]4 : Systcm.out.prlntln("Usage: ArffGenerator INPUTFILE.csv "+ 96: 
J 5: "OUTPUTFILE.arff") ; 97 : 1f (!exclude) { 
IF: qf'"necclrr:Fl 1 (' (Cirgs fC 1 ,a~gs r -I] " ,0, false, System.our) ; 98: start";)os = -1; 
J I : 99: segmenU,cngth 0; 
JIJ: 100 : 
39: public static void gcncratcF11e(S:;rlng ,nputFl1c,St:-1ng 0\:r_p'.,rF1l~, 10-1 : 
40: int num5Cgmcn:s, int segnumber, boolean exclude, 102 : II want a sec wlth ~ll tile ,"toms (i:mt We' wa."ll 
41 : F": n l S Lce<1rn ps) 1 J3: II to 1qnore llJe tcst.lnq iieqmen~) 

'1/' : 
'!.J: 

10'1 : 
1 : 5: 

for tint , .:..=C; 1<atcmSe~ii.sl£e"; 1~+) 

14 : ps. 91 1:'_ t .Lr, ("EXECUTING ARFF GENERATOR" ~ 1,;6: if ( ! (.:..>=3;'<1C: c-'r;s&"l (ii~ -u ._ ' os· ~(·Jrr·("\- Lp:tqtn: 
45: F>S.9,·::,.tL~("Input file: "·':'"_p-llI-~~e); 1: 7· 

15 : ;-s.P!'~:.tln("Output file: "-'-2,-,tp,----::::.o'lle) 1 ~'8: S~t<S~.:::~~g> atc~~ d'J1~S(:"_S.:Jr~ :.:..:; 

'17 : for(S:':::':"~] 5:0­ : ,::.:;\ 

4~: .St<.:.te:;;e:> sc;cces = new ::'':'':::'!l:eciI..lS'-< r:tege.:::>(, 
'Ei: .sc<~e_<~t~_~J/> ~:2~Se:s = new ::'l:::.~e ::'_s:~Se_<S~r_~g>/(' ~~1f'3. "l·':·'")::-''''.~t;: ~.null'd~:"~~~~s.p :3+~, 

':>:::: :-:0.~<~_,_:::;,':':_:eJ2r> d:":"At::::::-.s = new =as_~~~p<S::.:..::g,':':'~ege:->(,' , '2.: else c: :A:0~5.~_~:)~ • : ;._- ..... ,0 • ~'" ~ 

::>1 : S·,·.<~:;-.:,::;;> '~l:'..:LA·_ ._':"3':. = new -=.:::ee';e·_<';~.:::~:"g>:' 

51.: " -,;: 

53: try .. :;: 
J4: I " '6: 
c:o':>: 
':>0: 

-\l-;: 0,'ecJ,,"':t::ie:: c: = new Bu::e.:::ea..;-',e;:;.cie:': 
new . l~erteddeL (l~pLc~lle) 

" , 7 : 

" ~ a : 
II 
II 

I:E aD. 

..-e'.re 
a.~o.'r: lias a COl1!l~ of ""e 
!lO~ COJJdcr;s~nq tLe J 18(. 

,J!I;Y lI;c:~~'dc- ], lE 

,! : " 19: fort2t.rlng 3-tcm dl::'Alo11S ...:>::y.o;'··T (' 
:,6 : int ~~x22~rc = :; " 2~': if (a _ l!'. t -::m" . q~t , Cl ~ JiT) > 1 ) ~ ~ "c':"A·. ' ... St. add, Ci t: ";:1: ; 
,'} : ~nt r ]-: or,,-::os=. " 21 : else i.i:,~'~Or\')""S.:" f,: to' ,=,_.,-(l·j''::.:cH}; 

"',~ 

~ , while'L .l--o-o.dy::' 
62 : I Pr Lr, I:.'wrl tel' :;w new Prl:--IrWl-~t,-,: ( '.1 f .' I· ) ; 
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14:30:38 
1 ;- S­

-27: 
; ~: 

I?":!: 

I j 1 : 

~.:: : 
1-0:3: 

'';: 
'i',; 

o~ : 

I ? -; . 
:,:,. 

1 J"l: 
· I, ~ : 

1 <11 ; 

'1/ : 
""-3: 
141, : 

","-5: 
146 : 
147 : 
, ~8 ~ 

149 : 

1 S 1 : 
, :,2: 

l LA: 

· =",: 
1:'6: 
, :-" 
152: 
15:1 : 
I 6r): 

; E1 : 
· 62: 
- ;0: 

" 6~: 

· ,,-,: 
/(1':; 

1F,ti: 

-c'~ : 
178 : 

1 / L: 

',7"; : 

- - - - - - - - - - - - - - - - •
 
pipeline/ArffGenerator.java 

if -,(; 

;:".,..;.. "% This 1.5 part of ill test suite." ;
 
>=,..,.(_,;1:1._,.,,"% Took all lineS except II '_:'-~'r'~'" to
 

~ .. _ 1 ~"."
'~" 2~:;:~ ":
 

p\-';·p~lIH~llil;
 

r". ::,:-=-r- 1-:' "@re!ation m:'example"\ 

for'~~'_r:r>;:r dt-~,:< r c' ".:.. ..',~_,:::nIT.ls-·, 

P"'.~':'l:.t':"lL'~"@attribute \''''~o.( ,[n-"\" [ 0, 1 }",; 

St: ,rIg .,;,:rj[~Sr:: I :-_CJ "@attribute score ( 0";
 
forrint 1='; "<~mCi.xS[·or{-O; :,+lS'-;-'-'f"S'::rJ,;1g+= "", ;
 
t;Cc't-2S:, ~"rJ~= .. }";
 
pw.pr::-n",L' ,;coreSr:rlrLg);
 

r;w.prJ"-lln(i;
 
{)w.pr'.n:.l::,"@data"l·
 

int l = 0;
 
for(Set<Stt L:1Q)o at."lnSei. cltomSets',
 

if(! (l"=sLJ.r:!<,s&&~<.c'~3:':"LL-'cs+';e.~"lmcntl":lgt"h)) 

for(Strlng dL"~L ; 11ilalAtol!ll'LsLI 

II C!Jt'ck to C;'.'(' .if the atomSet j'ii" ch.Js 
if:a '~,o:'::;",~.c:·.';::.a.::.",,,:':;'7:J.~;'9w.~_:,:'-·["1" ; 

else pW.9Tlllt("O"j; 

P'N·P~ .:-;-: 

pw .pt-; IltIr_: S8ores. (~e'::. I J.) :.; 

~++; 

p';,' • .::'_ :sc:); 

atom. 

PS.prll,t:;'ll("SuCcessfully generated file" ,'lLp' :.Fl.l'?,; 

catch :i'xc:e.r1 I.J!) R) { 
c.~r :.:.C;:J;;k-!O\cel' 

throw new Er :-"t': "Stopped") ; 
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1: package l-' l'':: 'rLe; ,i j: 
,.1. 

if: ~ser~e2ce.eqL~is:""l· 

~: 

c: 

c: 

import 
lmport 
import 
lmport 

lmport 

.. 

", . - " . ::; 
.-l'" 3. . ·cr,,~,~.i~·-; 

",,"'l. ---; ­

. ,"Jci.:-, _-_',~!::--,,~; 

-.,'~-v·,t.: __ ro ~!;:ci:; 

,c. 

.,: 

"~ : 

L; 

s­ ,~",.",~~~. ':;J = 

if, : ..:::::-s;' :'=-::'::l'''''-Jc,.:C~3 

--",.",;::::~.,;.rCf!::'''·''' "/"," 

i- ,". v __ 

~.'~'. ;:·r' _, 

else 
• 0::- ~ 

:~ 

:::'r. ' "! !! PARSED OK" 
~~. ;'C ~ "\t" 

"XXX FAILED":; 

or ", 

c'....!,L,;,.,;; ,·S'." !~_ :)f F'_~'~~"_" ,,:;:o';,'e2 ","-,:,.1 ::::C!ive~-:s 

" : ; (h~o.~: l!ILO !.)i\;:; s",rkl:H1C ':X'I~; .::~.';9 ,'.'; ex:'O','1:;;! '4 : 

1-',':S":[ . 

1<;; ia",Utf,('! ,..J,im.le
 

1 '0: 77·
 

1 f; * I 7f; ; ps.p::-l;:tl:'.("*** Finished processin~ sentences. *.... )
 
1 -l' publlC class Fl~e?ci: o;e1 ( 

1 R: 2: ­ tcr.c::'ose(l 

19; static $lrlng l!lIJuLFile = "./files/8b-answers.cs'Y"; H1 : pw.c':'ose(} ; 

)J; static Sllln'J uuq:..>utFile = "./files/8b-answers-processed.csv"; Po:' : 
21 : Ii 3: ellen: _<::1 ose (J ; 

:n; public static void ll\ilin(S'"rlngl] 31'g5) { 1i4: 
73: !JtU~~5SSe!lLences(args[Dl, args[l]. Sy~tem.out); Po') : catch (:":xcepl:lcn el { 
2~ : 8ti: e.p::-lntS~ackTrace(); 

2 L
, : 87­


?fi: ," .. * B8 :
 
27: .. Pr,-,c('SSCS a 5Jnq]c sentence, 8'1'
 

.:'8 : 90:
 
2"; public static Stnng proccssScntenc:e(Strlng ,;en:!o'J]ce) 91 :
 
30: (
 
3"1: Cll<cntCAndC clIent ~ new ClientCAnrjr:r);
 
32: try
 
33: [
 
JI!: cllpn'. C:OOERcr () i
 

35: Strlnq d:":;;Strino = c:lent.getDR3(sent-2n(;e);
 
JG: return d:,'Stl2-!l~;
 

37:
 
38: catchiExC:-':'f.-'tl,~r. e\ I
 
3S': throw new 2:!'-:::'.·r ("Falled to connect to server.");
 
4C:
 
t,1 :
 

IU':
 

',l: public static void t'··:~,-"'s:;e:"."'e:"-';25rST;:-::'.,Jllip",".E"lle,
 

44 : SL~lr',J ('..l~;'-l:cl"C, ~~ir:.St:!"eCim os}
 

15 :
 
:; r : try
 

;:;,s.;::-- ~,~~~.("*** ProcesSIng sentences. ***"; 
,;:-: 

; .c:'.::t,~o 'C~- new ""-~~i'"::'GC ,; 

"cr.'.. ': -:l:',~.e,:: : , 
:::~: '-',;f~c'"cd:<c~cc-~ c" = new :='.==,=:ei...:::;,~=.G~e new :'_~e2e0.8e· ~T."F: 

:-'~'~r,:'O'I~J:cr t::,w = new '?'l~'."":'::.-er\;::,';:::'c.-::;::.::'e!; ,, wh1le i 8~. "c",iy:
 
5 PS.I~··lr.t:,.,"Readin~ line"
 
5 s~ rl:""')' ';'::".e be. P=c.(JLlr.e '.
 
5':\ ;
 
5.~ : int -_x~ :~_::.,~:i",x::'::: ~"\t" ,;
 

S'_l::'~"J 2'~C'.r,,= = _1':e.3l."sr~-",c:; tCX-;::?0S '1 ; 
.. 1: 

"-.': 'c', '. 1 2 . -':9[; L"o: '~'e SJC5-~'-~0ItcX-;::?0S); 
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package ;:: ~ "'. ::-~_~'; 

llllport -<J<J~ •• ". ~::l"redr,,-.}?p~ 

import .' 3','-, ··-=-~sr,,=",·_j,,,: ; 
import )-}V".~-_L.I:Oil:3.:·;'~r; 

import -Y'-'1. U~.l .yja~'; 

import oav~.;~ .. 38-, 
import -:;3Vc\.UTl, .'ir(~Sr.r; 

(:': 
. ­ : 

'): import p'l.rc,c, _;!,~-;rc,~,je:'; 

'I " ~ : 

I b: 

U:-.;2<:1 t0r lc.<;lJng purpuscs only, 

",-.:' ~'~pp ~ - r:e. 
(G.iuth'Jr .ramIe 

:;-!;,,-, ~ci;" ,,,5 (he 7.(),",~ [.:<Jp'--',' 

dJJd IS 

cO ~·:J,-:'S • ,"C eLi'a 

[Jor LiSF-Li i[1 l,"'" 

Hi: 
I~: 

I rj: 

)': 
;'/: 
2 J; 
2~: 

2); 

~( : 

0/ 
public class KcywordldentifJ~r { 

statlc 3r1111'1 l'lpu']:'JlfO = "./files/5aii-answers-processed2.csv", 
public statJ.c vOld "-,,~r::::>~~~~a:J o.:'gs) 
[ 

lfrarqs.12r,q',f,> -')qeneL)te?Jle{ar(jsl'JJ~ 

else qenetcjr-el'lle(=-r,pU-:::?lle); 

2.": 
;: ~; 

3 Ij: ,. 

public stat~c vo~d g,~nercileF::.-.Ic(.st_r~ng Inp'J~?clci 

Map<StL 1 ng, Tnl€,Jje.:-> 0~OI:\COunt_ s new [1,'l5[~~1">J<S- r .Lnq, Integer> \ 1 ; 

1.:'; 
'j3 ; 

3,; ; 
.n,: 
.1ii: 

3 i' 

~ t'; 

3Y; 

4~' ; 
,,-', : 

4;: : 

'H: 
.;-,: 
'16: 

try 
c 

Buffe.L'c(ig0a:_k~r .:.c. 

int n'-.lmT,::.-nc,,~(J; 

while'c'.~eei~Y 

new ch.:Ee: cc"~"l.e_';.js~ ;new :.. ~ :'.s:·>:ccidc ',- \ ~ ~,r;~: roo. - c. 

oS 

~',::::;) ~l:",('" = h~. :-eo.oc,::.-n,c 
~fl-Llnc.l..nde.x·J:i:("\"j ! 

r 
';~r::.-ng~_ :"'l;"',,~to.r~,," = _,ne."p~-,· ,"\t" ; 
Sct<Stll ~.;p ssL I)RSl'ca.d':::T .at lW-Lze (lin,~F3." ~.~; [11); 

for ,'::'-~7 3. 

f 
if ': ,'. C:T:::: -,'::: t,~ . :;J":;- 'J- . r; =null \ J ',')ITCc.'-.ln L s. ~j'...J c ': a l..:,m, 
else c.t,,:n':'o_rt,s.[·l·_(~'-or, 3.;:~~<:r~nt":o.gp~(a~ )fT, + 

1',; 

4 S; 
<1 0,: 

, 
:)1 • 

rJ' :',,:...'; ne ~ + + ; 

33 : 
~ cl ; Y'3_-::L '~'r"'0 l~Et 1:'J­ t!;e at,'InS' :"c,';-'!','=. 

~, : 

'LS: 

new T,e~'Se L <, 1'1> ,len (,~ com-~,~ur,: s. V,) l'-.lSS t,~2t<1;"'t~Q~:) c~u,ts 

for \ =:_. (:::;2' 

for (.-:;tl J 'lll 
if 

:'ye' 

::: :,__ 5 

',',.)_ : 'ltC!n',\"llr,~s.ri':"':O"-

-'-=i_ .2:: ."".' 
-"l' .pt n~_l:l.l· ,~~ , 

catch,:"" '~P-l ,,:" 

=. (':-2..[: I.. :=::tac ,,':::2:: eve ~) 
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package 1- :;:,ellne; 
,,: ~mport ., v'.l. 1'_, ... ' . '"~; 

import .v '1. ~ .l-r": t _~7 :-'" ~--

import . -,.	 0' ~ 1 ,:>r~~~,3,j.~,; 

import	 -)Sl'-'-':'~-, -'-,,-; 
~mport ·iVn.~.·.?r~!j~~rl~d~l; 

f:l: ~mport ;-;C ,)( r_l,3.,l';:-'_""~-dr' ~ . ~".:~'-' ~ 0;: l _ 3.'; S _ =_er ; 

J.mport WrK~. ·:dcld~~lc:2. __ ~~E __ ~~:· 

ullport W~~~. ·1~~~~~le~~.baje5.:~~_Ve~a:e~; 
~ . .." -~ - - co _. _ •• _ • __import \,T<:"2. cl.S=' 

.; ; import ""''''",--, .. _: e .. 

-,,: 
,: 'J'dkes <.In	 c..i.IIL [2:1E' ~D ',3:-: -' c;C~'·=;.-.. ~, ~,pe ..-.;:':tl, ai"lc1 an -nstan('p 

6 : (,J cl"ss~ty, .l!l.lL1i111y ~'1 {HiS ,'cOr""'. ,"r0d')ces t.':Je number o[ 'flar';-."C 

7 : UJ..i..-; Jno:t.i!JCe hdS hee!1 d ....·C1IL12d. 

- "l: ~j'-Hilho~	 J"m~e 

19: 
.'ll; 

21: public class '[rCliner 
0-,. 

!3 public static void truln(SLrir.g t~alnlngFile, String trulnedModc~, 

2~: ::;L~ .I.ng 1 euc"r'.1 ng'J''l.'pe, ?rH:tSt~eam ps) 
,0'-,: 

)~: try 
27:
 
2t1: ps.prlntln("** No trained model found. Creating new one."l;
 
2') :
 
]0: P; lcReadcr reader new FileReader(LraJr"nqFilpl;
 
] 1 : I !lstanccs lnstances new Instances (reader);
 
."12: Ins t ane-os. sctClassIndex (E1S tances. numA Lt ri h,Jtc's ( ) -1 ) ;
 
] j : 

],1: C',3.ss1fler dr - new NcilveBayes(); II default 
]~J: if(leanllngType.charAt(O)--'d')dt new [)0C1Sl"nTdL'i,,(j; 
jlJ:	 if(lC'ar~incJ'~YDe.cbdrAt(O)=='j'){ 
37:	 II LeaTn.lnq type .is e.lther /j/ ia stanr:l.'l"I lIicirk sch'."[1I~'} 

38:	 II or of the form 'J-k', where k ~s the r,~t.~i .L'O::O:;jlbi,: ',u,'ks 
39: I I obt 1.lnalJle before .1 t .is capped t,1e m.iX.LIIILH!! [;loll k, 
<til: II (C'.g. "P.ny- of the k iol1a"u{;<), !''13.''·lt:iUm '1'" 

';1 : 

(, 2 :	 h'e 510',' ,")Fe:! tc' see li there -,-5 5 ',"('Ll!1.m.~.r.i.,.-l~",~' ',i" 
,; I :	 l!' ,1,.0 ",a"lC' f,~l,-;er F.S tt;p :rd--,-,,~n9rl Ie. ."'() , iU'''' '~. 

t.t.. ~:'':'Il'.;J '··Jr": -, st?- - C = :;:e:;:-c:":ier ~::·Cl.:..:-,.~'tg;;l 1,,: 
';S: "/main. markl ist"; 
,;,:;: if'!(new ;~:"e "-3:-'-:''-5,:"-=''.ex,:,,s+::s'''-'3.rk;-ls:F::i.R null; 

c;"j: if::~):'~: '.'3~- c!=null
 
,;,,: ;:'-" .,< _: . "Using the manually created mark scheme."';
 
.::::
 

if '-2, •. ;, ... -; Y':'C" :..e:-.:::----::-_' ,j-=: new :-, a- :Y=:::"--J:-;,,_: .e: 
<-;: 

,~' c~'3~·'·J2':":. 8:-,;0 _,-;;- ; :::~a~:-_=-;-::;-;:".:..:"e, "markscheme": 
4: else~c = new ::c;~a:::~ve=:..~2s~:~e~
 

C,: :11 cc ~' ~.. :' •
 
E:	 c':an'.;J-2"" ': 011.3 ~"': :::~3."-:-_=-:-_:;.t:;':""=,"markscheme"
 

new C-:-.<C'j<CC _",~r:-".:..n.:;=y;::e.sp~_ '- ("-"i [1],':;
 

5~	 : 
if' ,r·,1"'1~;(T'yp" ,,:,,,">.::-~-,'~,, 'n"-":'-=: new ~\J-'i"F'lY"'-" 

,J, .ro':ll i~:"a"" =-=Hor (=-,:~,tLl~~ 

"/ : 

- -	- - - - •
 

poo .:;J~ l:ll ~ n ("**********************,*,"
:".:,: Doo .;c~ .L:~' n {"EXECUTING TRAINING'" ;
 

p,,-.!:,'r,-:::,,:-_,"Using learn~ng type: "'1' " ·:T'/I.'cO
 

Oc: -,-,00. pc--_ r,-;: l:-_ ("** Saving trained model to
 , .. ~ c , ,.:. r:",j\I, j",.i. ,'" • " , ; 

. 0: ;"'r1.;::e ~rGl~r;,-~d ,];odel ~-:' fl~f" 

.. -': ,,,,._,.!:JCJc.:::r_,Ju;:;;c.'_:;~rca::- '::J0S = new ~':;~",:'.cO': 

new ;:-.:..:"eOu':;J,:t-"'tre,~,: ":-'l=-m,,'.i~·: 

~~.w:.:..:s~o:::r,dt'; 
i :	 s. =:!.c.BIl':'
 

_~O:9: :
 -, 
catch ~A~8~c_- p 

c: c,r~~:::~:~c~-!a p,' 

H: 
79: 
« 
l'l : ('f,aUlP.'> tile eXfCD:;;lO,1 of a f'Jl",ndilie. 

1:\) : .;
 
6j: private static S:r~D'::j ~r.a:~]e"xt;f'nSlo;:cC:;t:-lr:a i,j,lcNu!nc, StrlLg :_ew"x:)
 
134 : <
 
13:.; int pet; = L.d8tlcHrp.163Llndex8f("."1;
 

86: :-eturn	 [110N3.m"".o;ub:O'l~lng(O,pos) • I ne";]';xl; 

HI: 
hR: 

89 : private static 2t.r:'!l<J g",tFolder(Strlng flleN'J'llcl 

10 : 
11 : int	 pas = flleNdrne.lastTndexOl ("\ \"); 

92 : pos = ]'.l3.th.JIdX(pOS, flleName. ,nd"xot ("1"));
 

93 ; return flleName.substrlng(O,pos);
 

94 :
 
9:':
 

static final Stri:l<J lralCll~.'1Fll,=, = "./files/testing/5a~i-O.arff";96 : 
97: static final StriLg tLllncdlohrk<i = "./f les/trained/5a~i-O,model"; 

98: public static void maJr.(SI::.r-'-.llg[J (lrqC'\ 

t~ Cl-'.f1 (cralnlngF_Ie, t ~a :n,-,:r..i~ud,=, 1 ,"d ,~~ys Lcm. '~',It- " . 99 : 
100 : 

101 : 
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1: packaqe r-.L~l.lnF>; 

import .'''i'·l e1.-=-, E'_=tsredR""ccie: 

import _av~.-=- .• ~ __ ~~~~~~: 

.,: lmport J,~Vd.l'_. =lq r,':;, ;:,c-cllnr~b..ldeI;
 

<.-; lmport "'", 3._ ~. '",' ~ ­
7: import ~"va_nc:·~.~-'L;
 

.c1: import
 ?v'}.~s-:: __ 

o 
'" I ~* 

II: lin dl rern_~ 1 1 V," Well' 0 f POi!:;; I nQ Enql J si, sen fem-es 
",'n - c_~ lEe~' 'l~' '. ._-:~,=-: rr: :i[ ~ !:c C,\r;j(' pa~ seI 

,'; and l:'OXfCT. TiJ~c" -'-~ ,ic,"e,)ldble Eor 5l.!lgle pnrses, 
'';: b-,' 1'>'0':':'0 be C:1r:s:d"'·-,...d .~nt~.:'"o~-~al beJl.~vl()l.ir 

"',' t,:] pCJ:-.,-,e "nd t'nt-lr-fc' d,lta :;;('t. 

'f: '3.~ .U:or J'i.T1C
 

1/'
 
. "J:
 

l~: public class Weus:-tePa:::scI
 
2 ~;
 

2", : I'" URL to use.
 
22: final static S':::~l:.g \';r'~ = "http;//svn.ask.it.usyd.edu.au/"+ 
23: "demo/demo3. cgi ?sentence="; 
21,; final st<!tic Str-',;JQ '.J;'12 = "&printer=prolog&model=a&resolve=yes"+ 
25; "&SUblUi t=Parse+and+Box%2,"; 
}'i :
 

27; II Usr'd If) rfl'_' 'l'cJ[TI method [oe p"r!"J.llq an enlJre fl.lec.
 
28: static 5,::,:..1 '_:-:p:,t5'-:.le "./files/Bb-ansloO'ers.csv"; 
7'J: static Sc r .Ln',} ~;lj Lpllt.-FIIE' = ". If iles/Bb-ansloO'ers-proce5sed. csv"; 

final statIc int ['xS":',p:eI.J--:::cl = 120C; 1/ do dJl ,~f ~hem 

'31 ; final static long delay 2GOUC; 1/ ZO.secoJJds 
~ 2: 
j); publIc static STring qetLlrsF:·OilcWc;b(;3l:'l;.g Se:-:ltu,,::<;;'
 

~ 4:
 
3:, ; try
 , . 

37 ; ~~L:"lng ':':1.1:;1..1 = lJrJ~IJ?,L rlcoOe..:'.tc'JJcud", sc:,~e.,ce: ,,--,r1);
 

:18 ; Sys-:;e:-. '_ LJ- • .G1 -' -, T 11', ("Read ng from: "-t'.Jl':' 'J~l) ;
 
,'<; ll"f, wcbLrl = neloO' UEL(tu'L 'J:::-l:;
 
4 ~; S,.:-FP:c-:l}/c",j,:c '~JEe:\~er = new -,-lu-:fc:'edRe:od c_'r (
 
1'1 ; new . rll--'u r S~ r,"-3i1cr-zeiiCl('r \ w"cUc 1. upc:;S- rSiOlTI ( j :' ) ;
 

': 2:
 
1:;: Int 0;
1 

4 ~ ; ,~+ ;":.: ~ 'J"';:S:~ ~nc 

4':\ ; while \ur: Reii,jer. ready ( ~, !'.&', <= 1 ~)
 

~.; :
 

': 7 Scr'.\:1q I::..r;c llr_l"2~J.~) ,r"',1,;~':'n··(:
 

';8: 1£:.\= n;,
 
r,C):
 I 
"0. Int _"l2L.'c2C.''',8cI',~',s = _l:-,e. L,stIr.~2){D£ (' J '); 

51 : :1r33' r::..rc-, = ~":-',t:.":"'L<' :c.r.']iC, :;'dst6:'c\~O{f'ct <'8S, _Ll 
:J) ; 

:,3 ; 1 +. ;
 
'it,;
 

·,5;
 
)c: ~~i~'·~~~~.~~-se(~ 

L) 7: 
If'~l'~:;:, .to(;.~cl::'S "''')throw new :::J;'~l i"problem obtainIng "t 

':;) ; "DRS strJ.ng." 
~y~~ .1::'l:'''ObtaJ.ned the DRS: "<-J:',c:-''..''.:.:.g); 

return i;'~ 

L j; catch C' K ":-cD -::.,·· 

4 : ~ r.:' - ~,~-;, .,c_ ~':-r 'J",r~ 

return null; 
·'f'; 

~·t ;
 

.', ,;
 

, " 

12: @dcpI'er-;a.Lcrl 
'-j; (Ise 01 Lfic~ U;·;.'i'~C 1-'<''',_,<''' ]2 3, ~'r;t~,,'e d.'J~d _oe: 
!1 : 25 s:rOI1g:y dl"'C()~Jr,~"!,,,d. (J!"e F~l,-,PdIser IJ1ste-"ici. ., 
If: public static void l1'iuni:-;1.r1ng[] S~'(Js) t
 
,.;.
 

'IR; try
 
7~! ; ,
 
b i : ; Duff""redHeader br '" new BufLerf'cdReddsr(new l-'llc!--'r:rl.cieJ (inputFlle));
 
Q i . Pr.i.:1:Wr:.~c:::- pw '" new .2r.r;'..W~::..:c:'~o:~;:,p~:',?: ~,. 

hi.: int c~xampleC012n,L = Ij;
 

co J :
 
B·: : while (Dr. rCedy () &&eXCimp i cCl~'lnl <,-x,JMpler,im1 t)
 
lEi;
 
Be,; Str.Lng lUi'" br.Tca;';Li.ne(i; 
A7 ;
 

fl.B: int tcxtPo,; = llnr,;ndc;.cOL("\t")j I;
 
AU ­ Stt''..ng score '-··",'-;'--,r",::,..:-.--,gf~',lcxtl''-)s·1\;
 

90:
 
'J! : "r 1;(;" urs3;:,r1.L'JJet ~rslo :-onWec (1. ne. S:los:.r II:g I ;- EO:'" ~ ::'00-; i
 
'}2: System.o'Jt.prllltln("Obtained DRS: "+drsS'_rIr,q);
 
'}3: pW.~lr~ntln~sco!e-"\t··+~-.--sSl~,--ng);
 
')4.:
 

:=K'),~,;:;" CCO:),I; ~ 1--; 
~f, : , ,3Y=;:"O!':".O'..;'L.p'::-J.n'::::":' ( ..... Sleeping for 20 15econds";; 
,,~ : Till c",d. "leC'p (oc·1ClY) ; 

1 nc; 
t)r. C" ~~'Sf'c ( ; ; 

1 02; pw.closc;() ; 

10<[; catch(.2:x,~ppt'Gn (') 
e.F:, .~~~~~~~~:r: 

1 D6: 

, 08: 



• - - - - - - - - - - - - - - - - - - - ­
02120/08 
14: 14:54 gui/EvaluatorPancl.j ava 

package 

0.[._ "d"
~mport 

"n"~mport 

"J" 

import "DeCISIon Tree", 

import .1-" :-- "Nalve Bayeslan Network", "Cumulat1ve Classifier" 

l.mport 

new ,,_~ LtO: _'~l.mport 
.import
 
import '.c -::
 -L,I 

import 

import "-". ­

.lmport I'll ": new
 

import
 • 0] t i [': 'Pel' t,=," 

l.mport ,'j,c.;'; • _,',,; , 

lInport
 
',I" lffiport ~:~ ,,".-' new '''Status'' ;
 

lmport ;;. c',, -). n'" X' '" _',' - '1 new
 
~. 0 

-'-co_ ,I.,'" -j,lmport 
:; 1 , import ~'/_',;.;. ~\II ',';.I",p:1i-o . B,.:, I ,-; 

c,): ,1_ l, new X 1_', I r~,J r 1 i1 , ' lmport 
;.c-_2 '; . 

~, ,import '-'1 J ,-~~ , c-,~ r', 11' lIl':' new 'l ':,] 1 -L.~ ;fd' ,0,'-,1 >-ou: ; 
--co. falseE' 

0'1 : "'" ·,LJ,'I~-_",_._o.~l'j",Lr ,11' 'l,e' 

2. ~ • 
'-1 1:'- '"_,,,_ new2;:" : 'I 'i'e' ~\ ~CI" 

'cJni-'l.,ct'J,j TEo,"'" F'_ ,I'"'
~ , ; 

"L:J~' ; 
2';,,:(, I ''l.E':·i,I;",,'Je.,T,C>:t-_''~ ?I'I 

; 2 : public class ",,> \' ~,,~, 'fo' extends -- "~> lmplernents '1-''= ' • 1'" 'e '- : 5'
 

: l' ''-,1I ,~I, 1/ ler:,e'y.:')' .';;('1,,--1:
 

.~ : final _;- ~ •__ 1 ~ "Create a new folder, containlng either
 
"of the £0110w10g:\n"
 
"* answers.csv - a file of the source answers in English. \0" public void ,:, 1."1, - l~ ~',!---' ~._'!' L,~<,'I"E\-'
 

"* answers-processed.c5v - a flle of the parsed sentence.!;. \n'" ,f "progress"
 

ThlS skips the parSlng stage."; , '-'" int \.1 - 1: ,- , : ;-,- -o,;r' 'v' .(T~ 1""..1···.­

, ~ - .- "'" -' 

,I r',= (-' ','c ' '-0'-' I ': / :
"~e, " 

'~l oC~- ~c • -2­

-')cJ[ new ,1-;' 11-" -. ';1'01 , :;t r j'~ '> ' 'I:flnal +-C07' ;'L l: 
fInal '0,'- publlC class ,=-, -'::". implements ",_,~c- , - - 'J" 

",,,' 

,1,:;: ":.0' C u} .!.c-J! ',~n,,1 ~,>,("
 

public vOld '" ~ L,:,,"''''U' !",:\.' "I., I,'''':,r ,"
 

'I, ~ ,., :'l -_\,,1 pl.'_'l:e' "':;
 
E_',' .... ,' 6l "',~
 

fInal -lb, ·~o- new -::. this,
 

"Test d1rectory", "DIRECTORY'"
 
,;"'. >0','" lC; •.'I
 

publlC 1",', - flnal 
-i _ - " . .;i - '? I '_l '-':-- "- ­

super, 
new ::"- flnal -:_"'li, ~",r;~.[,· -~F~'y:".,~'O;,-

if , null 

new new ;r.: "'-v "ERROR: No folder selected" 
new else 

':cx"1~"c" ".: - '. ';, ; l',3 ' ' false 

new "Start"
 
new
 1,-, new ,0:' 

- .. : .thlS 
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. -:~C- . 

'.'"0' 

" <c-c 

publlC class extends ~-.--

publlC 
this.­
this. 

pub11c 

if _ -JT··'. ,---; .,,­ "]" 

_I :c:_9 
c-,_',' ;'~,_. L ~ _I., ,:.-0'. ',,' I 

, r) "OPTIONAL; If the mark: scheme l.S of"­
1 r,2 : " the form' Any of the k following, "­
I [} -~ : " maximuPl n'. enter k."'; 
I ~, I : ifl:,!=""&:&<,!~null "'O',r;"'-,-l-:-q" "j-". 
I ~~< 

I r~1. : 

TfCo; r er . ~ EC'o,t (foldr : 11-01' >'-, -,-'"'·~L j,:'-U. Try[.~, 

new (:;-rn.] f"J i,'L-i~lj,""~""'~;" :,L lL,·,·1 ,r ; 
return null; 

public void,l 
d,:_' r~ .'--.G ,--,~>::~·_,l.l,~~;_ 

c;; ~: r :::.-; r - -. c"'''T ;C'­ - {true 
null ,r,f' W 
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package 

J.mport 
J.mport 
import 
lmport 
lmport 
J.mport 
lmport 
import 
import 
lmport 
lmport 
lmport 
import 
import 
lmport 
lmport 

import 
lmport 

? L: import 
lmport 

::::~ : lmport 
lmpart 

','N - '.' ­

~', ' •. 'I 

_-."01 

c>; ",,' L '. ~ 11'<)' I 

:,V .'A. " ':111 0- :. 

- .A;. ~; Cj:; ; 

~v .lX.. '1,1.,_'I,-,))t' 

:-.:. ,. :,<, : 

-

gui/FileDragPanel.java 

'''1: 

"I: 
.>: 

import 
import 
lmport 
lmport -, ,x: ..-w. "'1.: I 12"[~,-, 

! ,I' 

.­ ~ ; 

,._~o" ,n:' 

~'-"l . ". -l2­

, . 
-( :'. ­

',(.' .. ,' 
,X,c-,. ­

',1V,A. ':i_,".1 .~j r.t 

, ; 
9) : 

']: : 
2 '. 

:; J : 

l\ ,"'_J,d',"", 1',",,,· ,..•~_I-'""-'.e,.-:~',:::;..':",. ,2' ­ L,y 1!1 ::,t 

',·1: '''erl;c),.i.., : 

!,,' . ,.., 1~ : - ;7 : 
rlJi' 

"",) '" 
!,r',' ,;>-10.;")'1 

c,J' ; ­

-

thl.s. 

= 

'1­

," 

" 

publlC 
publlC 
publlC 
public 

public 

'-;,.,1 

fOr 

4' public class Jl--'I" 

static 
,r -\ : static .-,1: 'd " 

flnal statlc ,~ I·: r 

extends ',d" 1 lmplements e ;.e' 
'.1 : 

" . / icons/document. ';pf" ;
 
, "> ,,',=" "./lcons/document_ greyed. gi f":
 

jl '.L.' E_, new '"' 

"'~ 'c f ~ '.' ,': ~ ~.'- ; 

: "-' J ; ~~" 

':;'0 ; 

';.00 

public return 

pub 1 ic .; co 

super 
thlS. : 

new thlS, _ 

new 
"- -' 

new "Tahoma" , 

new new 

new new
 
new ~ : "0' ,I ~
 

new new 

-.,;.-- new ,,_,~ 'r,,' 

new "'['1 "Tahoma", 

,i 

. '.~ : '=' t-_,·,., J: ~~'X' 

"..: " '.--' j~ .:'j" c-". 'C. 

new ":,_[,T,r",_"thls, this, 

vOld '1: ".:1 ,­ E -, 1_' ;J - ;" , 

void ':~ 0"'L" ~ -L' ',r_"_ '.''?I,t ,-!t- e \ 
vOl.d .tracl'.)vc'· r:"":)1-' ;,--,1 (0 IS," ;"_ 

vo~d -: ,~ 'c"_' ':1- J--=' 

vOl.d .r, - -,~" _I : 

try 
(;el ~ I,.." 'Iro;J,,'en ob ,,(,',l 'ry ~C) /.:1.,- ~.. ,. ~-, . 

',-.h· 1 I [' '1 S cL.r,,''':;::3:,,·=rJ 'ei' J?,~\-,,:;2
 

int
 
"i ec;- 11
"'1''."('l! '
 

if l",'·,- ·lll.:L.-C_)V - -3;:- ':y r·'
c~ .. ,. 
cit',le . ""1.1",_,(" -';':".~,~,~!l~.·.r ':!:l ,r-; _(I' )-J ','t' 

~ . ;\: ".' J': .. 

1 ,) '-' , 

. -'-.­
.It,, 1~L, 'Fe" ':1 '~l , f"", ; 

;,-e '"',! j,­ , ~-I i" " _, c,' 'F'<,'ci. 
'", true;
 

return;
 

else 1f 1 ,~\ - , . .' :': _ "l -:: i [,O', ' 

itO. - ., ;:. - ' 

,'" . 
,"'" ec c 'e" " i' -': -, ,t.J , 

'. -: 

true' 
return; 

,n, 't,'- ,,, ,~ , 



- - - - - - - - - - - - - - - - - - - -
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•
 

else 1£	 publlc void 
publLc vOld 
PUb1.1C vOJ.d 

true	 public vOJ.d 
return; 

publl.C class "-,~ __ -= extends 
-c'" '-'j,-' ; 

,- ,	 '- r _,_ ~ 

catch public Ii! 

'.:' -3 , thlS. : "I" 1'\:.,· 

publlC 
return "DIRECTORY" "Dlrectory" 

public void
 
public boolean - - ", , .
 

thlS ..
 

': ;.:' 

'CO: -.",'
 
if -. return true;
 

private static	 -'''--:.c :_-~ 

If C-A--=:." - null 

'nt ". "x ;'';IC -. _ ~. .cl-;,; "\\" 
, • I ,·!j.iP,~. r'j~x~i "I" if ·'.-l'_.L'-~ r"cyr-( ,return true; 

-I: " ,I I ''\<-1:" eo-' . 1 j ".Ii else return false; 
" /: 'f I,_·r, ,,'," .>i! ._6JJ,~_L',<_ 1'7'return jJ 1,_11'''''_)',11; - ": 
~ .',' e}[ I,' 'I !" " .-'l~ 'N'" ,';,=",=",J ~L' "J."jl~'<l c(. return false;
 

-1-: , ',I ,~, -I .) ,(
 fi: 
',C J.nt ~-' r I - ',,~' y. c '. 1,).:1, ~ ':: I '''.'' 2 publlC '::'~l "'-I .yt-F",~'·'rL I, ", f ,', 

- ',c,; /-'el:' . ',:Ju	 f: -, ~, :,_ r ,: I null; 
return :';_,~I' -~~" '-" • +-" •••	 IW" J , • 

,e-.: 'f. ~ ..- - - r" '-,·1 .'-	 L L': . wt I ;; I. ,,:,' 

if ','. 
public class implements _0.","" 

::. ~ , . 
new return - :~-

flnal ~" " .
 
publlC final -:-~.
 

this.~·;~- ",'.", 
= new
 

1£ - 'If . _" 1 " '''DIRECTORY'' _ ~ : I : ,'J\' ,- '='
 
',~, :""'::0 -, T-IF - - -.;, r c":'-' . ,':1 .
 

'. ,c' Icc ~ ; , "
 

public vOld ~.;: j './.,- ;",~_'- -I"'" 

'1,' ".; ~.,- ,J!, ",',!-. 

--,I -~ ~~-,nt 

'f .C'-o: • . 

;--:--!,--~ ­

else 
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pOIck<tge 

l.mport 

Ullport 

gui/G U10utput.java 

, '.'-" 

publJ.c class extends 

pub lic 

publIC 

public 

publlC 

publlC 

super 

VOld 

v01d 

vOld 

vOld 

.. , x' ' 

,h 

'c· 1_'-' L' 

'nt 

thIS. 

\!" 'r;' "\n lt 
,. 

-'~r 

-" ." 

t,-,_ '-\[_"",'1, "\n" 
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package 

lmport 
lmport 
lmport 
lmport 

publlc class 
public statlc void 

new - "Marker" 

true 

try 
",V eL _ ~ h > 

catch 'Lx'>"'1 - ~ 

".:' '1­
• _co _ : '. c '."",,_ -'>;;-, . 

L'l : 

/0 : 

.c" : 

I". >."_'; ell,,=­ L --,.l-,' new''} cl"-,l~ec.:._'-:<:_'" I;' ; 

.: j,_,L, "Pipeline", 
new I" r (".Jicons/palmpllot.glf"l, 
new I 'C" 'CJr,el 

~r", "J I' ,1-, "Evaluator", 
new Tli y­ -"~I ("./icons/cog small.glf"'I, 
new F\','J I ~ - ',l" c'~HIC' I 1\; ; 

'".-, r "l-' "Marker", 
new h,,~,.V'- -',L(".jicons/construct.gif"l, 
new \',~'-,,::._ "~'-J.r'-'ll," 

,::.­ .:_-~ -0["'''' . "del ;-",Lo_' 

Ja 
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package 

lrJ1port new new 

lmport
 
lmport
 
lmport
 
1ll1port 
ill1port J'_',_
 

import new new
 

lmport new 
new "Tahorna" ,
 

import
 
import
 
lmpOrt
 

lmport 

, ~lmport new , " "Mark"
 

lmport
 
l.I1\port ,', - -, ; 

lmport ",. .,;, -,~",­


import x, 'f, .
 
, .'y' , ' , h" i J!,.cl-mport ,,'i 

lmport public class l.rnplernents [, L ;c; ,cr -~ 

lmport
 
lmport c, . '-iCY' publlC void ',TLL \-- E: L'.
 'e 
import > s" ~. IA-' :',! ," ,L L ; ':' ~'. I·'j 6;,0 ,7H-"ic-' Co' I"J 

import ,{),j-,!" .;,~, ;jSJ-" -":" ; ! . if ~,. ~ . null return; 

import ',F_'';:~. 0.","- ~ oc- I~'.' - • if ~null return; 

lmport 'd=''<::. ­

lmport "'_."".
 .:.: ",~: "~ .I'e' 'C' -.""'T.,' ('I',' 

'3' -',-,_, .--'" T~x, ()I; 

= \~c-'C'c'I;·~'I,,::~i7l- r""'~'~;JT"rr'.,,'''''['' 

;-",' "i~L' I,y )l,r" an,! "' '0'•.-"' '---1, T~'x'. ' ' 
">-0 ( " 1::-- Sr' C I,,",, C '.l,)t-' ',.;;L' L'n ~, 1'u.' I ',J' -, ,"'".1. -cd i ""'. L 1 ' 
J,l-oT<I,e-IJ'.~ ·.··.1l new -;','(C_--l!j ,~.: ' ,',P' 

"~i',;'l: 
try
 

,2 public class extends
" -~" 
~-:: " new '-,--=',1" 

new L"),,c" I.' this, "Arfi". "arff" ; new .-:J, ''0. r;: -r l : ~ '~N -,1',,­

new .1= 1-'~PJ-,,:c,this."Model"."model" .,'., t I'''./< Read:l.ng ARFF." ; 

, r,; boolean !."',J :.l,.c, true; 
lnt 1='
 

'-0: : publlC _~ < .. whlle I .- ,'-~:,;.1 ',,,",;::
 

-, =-', new :"0: 

if : \ \ : - ~ '"@attribute'''"'1; 
new : ~.~y c "t-', false;new 

- . .; new - , 2 i else if > '0-. r-,;..," "@attribute" 
- ; I' ~ , c, 

new" .,,: " new ',','_,', if .~ ,ei '''score'', 
new '_':'-"ll"-"' "Sentence; 'f • -J., '.S '~f ,0 , "\ ,," , "" 

new x 
,1'\ - "r., :.-. ,",-, ' else 

new "Submlt" 
new 

new "Input" ; 



- - - - - - - - - - - - - - - - - - - - •
 
02/20/08 
14:22:42 gui/MarkerPancl.java 

,nt 

double new double 
for lnt 

new 

, "** Found tralned model ,,, 
~J ., 

'::,1·1 " 

lb.ew 'f I T. f:'l:.>:';'~ ~.", to 'L "E' '" ,r)'fielor, '~O£:.: -y;- ,.-, l,~:\:,~;I'-r ( ]., I'" 

- ,-~ 

new 
new :-; 

new 
~_:A: 

double • : - ,- ~ co __ -.-­

"Classifled as; 

-7 __ ,~~' new \.' -, -' 
- /: 

1-,4 ; catch, ~ 1 - ( x ~ { 
, < 

,'I r, 
, ",1',; 

C,"7. 

'-,Cj: 



- - - - - - - - - - - - - - - - - - - -
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18:32:31 guiIPipelinePanel.java 

package 
new ">" ;
 

unport new
 
~mport 

:l.Inport 

Import
 
import I ,~ ;
 

Import new ">" ;
 
new
 

unport "/.. ­
Import
 
import -/ .A.
 

Import .}.• c .- new ">"
 

Import - ,i...o" new
 
unport • ,A.O
 " ~,-

import .A.
 
~ • r_j _ ,- , i-':
 

unport
 
Import
 
unport 'co, ' public class - lmplements
, ~, ,­

publlC vO:ld "'~ -~r. -'1' 

'r ",,'0 U:;i " I :. - 'I -- '00. 

'o"te' '.'f che p,-,r" "b-,' ,n ",' , 'i,,"",, ",T J 

.v-" t/c'':~!e,' c 1'" 'c',- ,L =null null 
Lire,' -Sv j .c"Jl .','j o· "ERROR: Files not specified 

.:~t '~, ,n' '~;'I I ',~i c'c' 

/\, r { " l~:= '('," :',-', ,'~ : return;
 
{,:",j. c(6, "c_.:! 'c'': .j:
 

"J'-'
'\'.'.'C' i,~,'~l" ~',.-,,, :' , _' 1 L,-., F I 1,="1 

~ll, ',new 

':-,: publiC c:lass _'-1-2'", ~<_Cc_ extends L : 

new - ,',f',. ". 'this, "Source C5Y", "C$V" public class -_- lmplernents t, _' r J ' - -r"" 

--;- new thls,"Semantlc CSY","C$V 
public vOld - '-'I FcJ"Il":'(]' P-F~ -"'- T,' v· 

new! - ',-I':,,~':I~-,:' thls,"Arff","arff" 
- - ''..' new F. l~'~-r-"-' ""e" thls,"Model","model" °;1 t ,,!,'; 'l I ~N,-,--;.2 "[I 

- - x -"'; , '.co!', "-1'lP ,~; f, "-T' "'l'''''', 
if, ""ll >-1'- ,~i,nllit-= null -I =null 

public -:' '~,,~,_- \1'0>.2 -CA_ "ERROR: FlIes not specif:led~l--L.'dr,~ I 

'::: ""," i, - ,new l'·J[ ~, :,-,,- return; 

,<--;1 G., : c,,1 ,-,' new "Status" ; - ~ : new 
It,:.' n,w 

- ',--0 ' , false, new 

n'w 
new . ­

false publlC class implements 

new',',," 
publlC 

"Decision Tree", "d" 
"Naive Bayesian Network", "n" 

new ;: J": -.'_' '''Cumulative ClaSSlfler", "J" 
n,w 

IY,new 
publiC void 
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02/14/08 
18:32:31 gu i/Pipel inePancl.java 

if - ~=null null 
"ERROR: FlIes not speclfled 

return; 

r,< 

.this, 
"Please choose a learn~ng type", 
"Learnlng Type". 

null, 
'-'::, 

"Nal-ve Bayesian Network" 

if('-! null'; II ',1 .L: '.1 ' - .,).- ~:!,-_" , 'J' r 1; I [, c'" Ft~:L 

:J,' "j:_c"" new '-1'­ . 'Je ,,'_'<-=_:,' 




