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5. Average sentence per paragraph 
6. Spelling error count 
7. Spelling error rate (Spelling error count/Total word count in an essay) 
8. Word type 
9. Lexical richness (Word type/Total word count in an essay) 
10. Use of noun, adjective, and adverb 

The EP is built upon NLP research findings and is rather acute to 
extract the intended features. 

Once all the sample essays are analysed and the ten features are 
extracted, these information will be fed into the EGM to grade student's 
essay. EGM essentially is built upon a machine learning algorithm, Vector 
Space Model (SVM) which has the capability to learn from the data given. 
The algorithm learns to construct a mathematical model from the input and 
using that to make prediction and decision of essay grade. 

Referring to Figure 4, in order to grade an essay, the essay is fed into 
the EP, which is represented by a series of features which in turn is projected 
into the EGM to estimate the essay score and band. 

Extracting 

Machine Learning 

Constructing mathematical model 

=C>| EGM J 

Gold Standard 
By paragraph 

Predicting score 

By essay 

Figure 4: The Working Model of AESF 

Performance Evaluation of AESF 

Based on the marking rubric of MUET, essays are judged based on 
content, language and organisation, where content takes up 50% and the 
other 50% was equally shared by language and organisation. The sum of 
both areas suggests the final holistic score. 
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In order to evaluate the performance of AESF, content measurement 
as suggested by the lexical richness and content coherency and language 
proficiency as measured by the interweaving of syntactic correctness and 
a variety of sentence structures are combined to predict a final score. The 
reliability of the score prediction by AESF is compared to independent 
human score. 

A preliminary evaluation was carried out involving an essay topic of 
250 real essays, composed by different students. Each essay was graded 
by five participating teachers, from the distribution of Bands 1, 2, 3, and 
4. The 250 essays were then fed into AESF to obtain their correspondent 
bands. The band from AESF is then compared to the bands given by the 
teachers. If the band from AESF is in agreement with the teachers, it is a 
hit, the other a miss. Table 1 summarizes the accuracy (number of hit/total 
essay) of the model to grade different band of the essay with leave-one out 
approach. Leave-one-out approach is a collective estimate performance of 
an essay predictive model trained on n-1 essay, where at each iteration, the 
essay being left out would be used to evaluate the model. 

Table 1: Percentage of Accuracy in Scoring with AESF 

Band 

Accuracy 

1 

65.0% 

2 

25.7% 

3 

88.8% 

4 

0% 

5 

N/A* 

6 

N/A* 
*Data is not available at the time of collection. 

As we notice, the highest accuracy is on scoring Band 3 essays. 
This is due to the fact that the Band 3 essays are the norm in the essay 
collection. This is followed by Band 1 prediction, where the essays in this 
group demonstrate certain obvious properties: low word count, use repeated 
words, low number of sentences, just to name some. 

However, the current system has its bottleneck at predicting Band 
2 essays accurately as they demonstrate very thin borderline with Band 1 
essays where most of them were miss-categorized into Band 1. In addition, 
Band 4 did not work as it has extremely low number of essays. In this initial 
study, evaluations on Bands 5 and 6 essays were not carried out due to a 
lack of sample essays in these two categories. 
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Blending AESF into the Writing Classroom 

The ability of AESF in marking essays can be blended into the teaching 
of essay writing in common classroom as a writing tool for homework 
and enrichment purposes. In order not to distract and disrupt the smooth 
flowing of a common writing lesson, AESF will be used at the "while" 
writing and "post" writing stage. After the teacher has discussed the rubric 
and the outline of the essay based on classroom contribution, s/he will 
then get students to draft out their outline on paper. Either at school or at 
home, students may be given 1-3 days to complete and submit their essays 
via AESF. They are given the flexibility to write in either paragraph by 
paragraph or full essay option. 

Once, the deadline is up, the teacher can go through the submitted 
essays and add on or rectify the feedback and the score assigned to each 
essay. From this process, the teacher will be able to identify the general 
mistakes that students make and identify individual students for remedial 
purposes apart from extracting model essays if there is any for other students 
to refer to. Each student's progress is also recorded each time students 
preview their work. A copy is saved so that the teacher will have a complete 
record of the students' progress and the areas that the students have come 
to realise and hopefully learn for future essays. 

CONCLUSION 

The reliability of AESF scoring can be greatly improved with the increase 
of the corpus size that has an equal distribution of grades. At the prototype 
stage, AESF demonstrated the accuracy level of 88.8% in predicting Band 
3 score, hence, is confident that the same or even higher accuracy level 
can be achieved with bigger training sample. With wider application, more 
essays will feed into the system and the corpus can grow when the graded 
essays by the system is being moderated by human score and being added 
to the training database. 

The value of a home grown AESF will far exceed any commercially 
available AESF when validity is concerned. A system that is tailor-made 
based on the construct of the test administered and trained using samples 
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of scored learners corpus of the same level ensures a valid ground for 
assessment. Despite the validity and reliability of AESF, it is more beneficial 
to fit it into the real life classroom rather than for the large scale testing 
of MUET simply because Malaysia does not have enough resources to 
administer the examination in full scale with a computer. 

With AESF in the classroom, students will have a platform for self-edit 
and on-going practice in writing, making them more aware of mistakes and 
language proficiency as most L2 learners need most. The immediacy in the 
scoring and feedback provides more impact to students to be precise in their 
writing and present the best to their teachers. Teachers on the other hand 
can focus more on the content and development of their students' essays 
rather than having to correct the students' surface mistakes. 

It is worth mentioning that the role of the teacher in the classroom 
remains important as facilitator and instructor whenever students need 
help in understanding the responses of AESF. No matter what, a machine 
remains a machine that is only to ease human activity, but not taking over 
the human's role. 
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