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Abstract. In large classrooms with limited teacher time, there is a need for
automatic evaluation of text answers and real-time personalized feedback
during the learning process. In this paper, we discuss Amrita Test Evaluation &
Scoring Tool (A-TEST), a text evaluation and scoring tool that learns from
course materials and from human-rater scored text answers and also directly
from teacher input. We use latent semantic analysis (LSA) to identify the key
concepts. While most AES systems use LSA to compare students’ responses
with a set of ideal essays, this ignores learning the common misconceptions
that students may have about a topic. A-TEST also uses LSA to learn mis-
conceptions from the lowest scoring essays using this as a factor for scoring.
‘A-TEST’ was evaluated using two datasets of 1400 and 1800 pre-scored text
answers that were manually scored by two teachers. The scoring accuracy and
kappa scores between the derived ‘A-TEST’ model and the human raters were
comparable to those between the human raters.

Keywords: Feature extraction � Essay scoring � Text analysis � Text mining �
Latent semantic analysis (LSA) � SVD � Natural language process- NLP � AES

1 Introduction

The advancement in internet technologies has increased the reach of web based
assessment and tutoring to tens of thousands of users. However in most systems the
process of evaluation and grading is limited to objective questions that are not enough
to evaluate a student in more complex tasks. Scoring text answers has challenges as
there are multiple right and wrong answers. This often requires machine learning of a
large number of humanly evaluated answers and using similarity of essays to high
scoring essays to grade the essays.

This paper proposes a text evaluation tool called ‘A-TEST’ (Amrita Text Eval-
uation & Scoring Tool), which learns from a text corpus. We describe the architecture
of the system and evaluate the accuracy of the system with two datasets of 1400 and
1800 pre-scored essays.

� Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2014
T.F. Bissyandé and G. van Stam (Eds.): AFRICOMM 2013, LNICST 135, pp. 271–281, 2014.
DOI: 10.1007/978-3-319-08368-1_31



The main contributions of this paper are

1. Design and develop an automatic essay scoring system that learns from previ-
ously scored essays and training materials.

2. Propose a novel approach based on LSA to not only identify key concepts but also
to learn from common misconceptions.

3. Generate the summary of the learnt concepts and misconceptions for the set of
essays.

4. Use multiple regression to model a scoring formula using similarity with good
concepts and similarity with misconceptions, and other factors such as spelling
errors and word count.

2 Background and Related Works

A system for automated assessment saves cost and time for teachers and is consistent
with manual scoring. Recently there has been a lot of research and studies in the area
of Automated Essay Scoring. Researchers were successful to a great extent in using
the essays as the most significant tool for assessing students’ learning outcomes, their
ability to recall, organize and integrate ideas, express oneself in writing and the ability
for application of data.

The performance of the Latent Semantic Analysis in various Information Retrieval
tasks apart from automated essay grading has been analyzed [1]. LSA has proved to be
one of the most successful methods for content-based essay grading. Studies show that
LSA-based systems can perform as well as the human grader while other studies
[2, 13] used Probabilistic Latent Semantic Analysis (PLSA). PLSA adds a stronger
probabilistic model to LSA based on a mixture decomposition derived from the latent
class model. In fact, the results achieved with PLSA are quite similar of those
achieved with LSA. However, over fitting problems can be avoided by the general-
ization of maximum likelihood model [4].

According to [1, 2], the four quality criteria for an automated essay grading system
are accuracy, defensibility, coachability and cost-efficiency. An accurate system is
capable of producing reliable grades measured by the correlation between a human
grader and the system. In order to be defensible, the grading procedure employed by
the system must be traceable and educationally valid. Coachability refers to the
transparency of the grading method. For example, if the grading is based on simple
methods that ignore content, students can circumvent the system to obtain higher
grades than they deserve. Hence content assessment should be key criteria in grading.

3 A-TEST

Spell checkers, word count and such features are important but are limited to pro-
viding feedback on errors in the surface features. LSA is a powerful Information
Retrieval technique that uses statistics and linear algebra to discover underlying
‘‘latent’’ meaning of text and has been successfully used in English language text
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evaluation and retrieval [8–10]. To assess knowledge, A-TEST uses Latent Semantic
Analysis (LSA) to measure the student’s knowledge based on analyses of a set of
textual information on the subject domain and the student’s answer and then validates
the model using similarity measures. A-TEST learns from a corpus of manually scored
answers using NLP and LSA techniques and from direct entries from the subject
matter expert to determine an optimal evaluation and scoring model for each question
with a text response. NLP is used to detect the features during the evaluation and LSA
is used to compare the new essay by comparing with the ideal set of essays to
determine the similarity with such essays. However, this does not incorporate common
misconceptions that can be learnt from low scoring essays. For example, in an essay
about Turtles, a common misconception is as follows.

fact : Turtles are reptiles:

misconception : Turtles are amphibians:

The set of highest scoring essays for turtles will have reptiles in it, while the lower
scoring ones may have amphibian. Hence, an essay with amphibian may be given a
lower score by a human teacher, but may be ignored as an irrelevant keyword by AES
systems that only learn from the corpus of best essays. A-TEST performs LSA by
learning from the lowest scoring essays and then removing the concepts that are
common from the best scoring essays. This is because the low scoring essays may
have a few correct concepts along with incorrect or irrelevant ones. Only the ones
which are learnt as misconceptions are maintained.

4 A-TEST Architecture

The main component of the system includes the Pre-processor, LSA, Grade definition
and other feature selection modules. The base forms of words in the input documents
as well as the pre-processing stages are functioned. In the Scoring model, Word by
Context matrix is processed with LSA and creates reduced representation of WCM.
Figure 1 depicted below abstracts the broad level architecture of the proposed A-
TEST system.

The system consists of mainly two phases: Analysis and Grading phase. In the
Analysis phase, a series of algorithms is followed such as: pre-processing, dimen-
sionality reduction, weighting schemes, and similarity measure. In the Grading phase,
the essays are graded according to the scoring model created in Analysis phase. The
system learns the key concepts from the course materials such as passages from
lecture notes, textbooks or pre-graded essays.

4.1 Analysis Phase

Pre-processing: The pre-processing stages used are spelling correction, stop word
removal, stemming, force word removal and term weighting. A word by context
matrix (WCM) is created, which represents the course materials. In the scoring model,
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the WCM is processed with LSA which results in a reduced representation of WCM
by removing items the details which are not required.

Latent Semantic Analysis: LSA is a complex statistical technique that can be applied
to automated essay grading [10]. LSA might be described as comprising of the
training, test and result phase.

Ak matrix obtained after the dimensionality reduction consists of keywords as
rows and documents as columns, where each element Sij in the matrix is the value
corresponding to the semantic dimension with respect to the most dominant value
from the singular matrix. The final weight Wij for each term is obtained as follows

Wij ¼ tfij � idfj; idfj ¼ logðn=dfjÞ ð1Þ

Fig. 1. Architecture of the A-TEST system
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where n is the total number of documents, dfj is the number of times the term j occurs,
tfij is the number of occurrence of jth term in doc i, idfj is the inverse document
frequency of term j.

The matrix A is factored into the product of three matrices using the singular value
decomposition (SVD) [12]. U is the term-to-concept similarity matrix, V is the con-
cept-to-document similarity matrix and R represents the strength of each concept and
has with positive and decreasing singular values [7].

The process increases the dependency between contexts and words, making the
underlying semantic structure evident by reducing the noise in the data. Given an m x
n matrix A, where without loss of generality m x n and rank (A) = r, the singular value
decomposition of A, denoted by SVD (A), is defined as [3, 8],

A ¼ U
X

VT ð2Þ

Similarity. The cosine similarity comparison is performed between the document
vector of the new student essay with the reduced WCM and the student essays with
highest weight values along with their corresponding scoring of the best matches is
used as an independent variable in the scoring model. The cosine similarity between
vectors A and B of length n can be obtained as [5],

cosim A;Bð Þ ¼
Pn

i¼1ðAi � BiÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1 A2

i

p
�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1 B2

i

p ð3Þ

where Ai & Bi are the contribution of word i to the vector A and B and n is the number
of distinct words.

4.2 Learning Phase

The input to the A-TEST system is represented as a matrix with keywords as rows and
documents as columns. Keywords are extracted from the dataset and the matrix is
generated on the basis of occurrence of each keyword in the documents. Each essay is
independently scored by two raters on a scale from 1 (lowest) to 6 (highest). The
documents with the highest score of 6 are used as the input.
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The time complexity of Algorithm 1 is as follows: Let m be the total number of
keywords, n be the number documents to create the word-document matrix A. In Step
1, we first construct the word-document matrix and this requires time complexity of O
(min{mn2, m2n}) operations. In Step2, SVD is performed to reduce the dimensionality
where U and V are the orthogonal matrices containing the left and right singular
vectors of A and R is the diagonal matrix containing the singular values of A where r
is the min(m,n). As we truncate the SVD to an optimal value k \= r, the time
complexity of this step is O (mnk). By summing up these we get the time complexity
of A1 algorithm as O ((min {mn2, m2n}) + mnk).

4.3 Scoring Model

The following algorithm is used for learning concepts of pre-scored essays.

4.4 Evaluating a New Essay

The following algorithm evaluates a new essay.
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5 Experiment

We used a dataset from a competition on kaggle.com, by the William and Flora
Hewlett Foundation [15]. The data consists of 8 sets of essays in ASCII text, written
by students from Grade 7 to Grade 10. Essay set 1 and 2 were used in the study. The
theme of the first dataset1 of essays learnt was the effect of computers on people. Each
essay has one or more human scores and a final resolved score. Each essay is
approximately 150 to 550 words in length. For dataset2 we used 60 essays to train the
system and tested the model using 306 of the 1800 pre-scored essays.

Based on a bag of features, we used unigram, frequency and presence of features to
perform the task with different combinations. Finally a multiple regression analysis is
performed to determine the grade based on the concepts learnt, the spelling errors and
the word length.

We selected two metrics to evaluate the accuracy of our predictions: grades based
on the exact inter-rater agreement and grades based on the exact and adjacent (scores
differ by exactly 1) inter-rater agreement between the system generated grades and the
human-rater grades. Both kappa and multiple-quadratic kappa were used to determine
the inter-rater agreement.

6 Scoring Models Using Multiple Regression

Grades are determined using multiple regression model using the score of the essay
with the highest cosine similarity weight of the concept keywords, grade of the best
match, the highest cosine similarity weight of the misconception_keywords, spelling
errors, the total number of words and the grade given by the human rater1. The
following factors were found to be significant by the usage of multiple regression
analysis and the grade of rater1 as the training labels. These two models derived with
multiple regression analysis are shown below.
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Scorewithoutmisconceptions ¼ scorebestmatch � 0:145þ spellerr
1
4 � 1:08þ

diffinspellerr � 0:45þ wordcount � 0:0023
ð4Þ

Scoreconsidering misconceptions ¼ scorebestmatch � 0:179þ spellerr
1
4 � 1:265þ

diffinspellerr � 0:689þ wordcount � 0:001�
misconceptionsimilarity � :0415

ð5Þ

7 Discussion

Kappa scores and quadratic kappa scores are used to measure inter-rater agreement
between the two manual scores and the scores from our model and we find a moderate
agreement. A kappa of 1.0 means that two raters show perfect agreement, a kappa of -
1.0 means that they show perfect and consistent disagreement, and a kappa of 0 means
that the two raters show no relationship between their ratings. When kappa and
quadratic weighted kappa are applied to the same agreement table, the value of
weighted kappa is higher than the value of kappa [14]. Kappa statistic only measures
agreement while Quadratic kappa also takes into account as the degree of disagree-
ment between raters. Figure 2 shows that a moderately good agreement between the
model-score with both the raters.

We also looked at the accuracy of adjacency agreement, when the two scores
differ by one or less and have a 98 % agreement of the model with rater1. The
agreement of the model with both the raters is similar to the agreement between the
two manual raters. In A-TEST, content is the key parameter for the grading mecha-
nism. Due to which the scoring technique is more relevant to any existing mechanism.
Students would get the scores in a range approximately same as of manual evaluation

Fig. 2. Measurement of Kappa and quadratic kappa Scores
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which satisfies the criteria for coachability. This automated mechanism is must faster
and cost-effective in terms of involvement of human resources at different levels of
grading process. The human resources must be trained to a specific standard for
achieving quality grading. Such training involves great amount of investments. A-
TEST ignores the misconceptions from the pile of concepts and misconceptions
considered for evaluation. Figure 3 does a graphical representation of improvement in
kappa score thereby justifying the grading methodology which increases the
defensibility.

The scoring accuracy of the model that includes both concepts and misconceptions
is compared to the model that ignores the misconceptions. There is a small increase in
kappa scores when taking into account the misconceptions showing that the scoring
accuracy improved by considering misconceptions Fig. 3.

Though the percentage agreement and the kappa values were slightly better than
the corresponding values between rater1 and rater2, these can be further improved by
considering additional factors such as grammar, complexity of essay, parts of speech
count, punctuations and more advanced NLP features.

8 Conclusions

In this paper, we design and develop an automatic essay scoring system that can learn
from previously scored essays and training materials. A novel approach based on LSA
to identify key concepts and present this to the educator for feedback. The system
generates the summary of the learnt concepts with their corresponding weights and a
scoring formula so that it can be used by the web based system to provide personalized
feedback to text answers.

In addition to learning from a corpus and pre-scored text answers, the system can
also learn additional keywords or bi-grams that are directly entered by an educator.
The model is useful for large scale formative evaluation of science assessments where
learning the significant keyword related to science concepts is important. Performance

Fig. 3. Comparison of models with valid keywords to one that also includes misconceptions
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on essays can be improved by incorporating content and advance features that can
contribute towards a good prediction.

The performance of A-TEST for a sample text answer using a dataset of pre-
scored essays was comparable to the accuracy between two human evaluators. Though
our prediction model worked as well as the manually evaluated teacher model,
additional enhancements such as better pattern matching algorithms, correcting
grammar specific errors, and comparing with other dimensionality methods such as
PLSA may further improve the prediction model and are planned as further work. The
current system is applicable for essay with raw text. In the future, proposed work will
include the grading of essays containing tables and mathematical equation.
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