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1 Introduction

Every human has the right to education, as noted in the Universal Declaration of Human
Rights. Education is also the key to a successful society and forms the base of all the
things we do. We act and behave based on our knowledge, gathered through observation,
assimilation and instructions.

While the the first two can also be performed without the help of a third person, the
latter one implies an educated person as instructor. The instructor also needs to have a
better knowledge than the student in the field he is instructing, so that the student is able
to expand his know-how. Usually the number of instructors is inferior to the number of
apprentices, especially in developing countries where it can be difficult for everyone to
get a proper education, especially higher education. There are often also spatial chal-
lenges in bringing instructors and students together because of weak infrastructure or
just the geographical distance, even in well developed countries. This is where technol-
ogy comes into play.

The internet is a great possibility to communicate with other people all over the
world and is pushing into developing countries more and more, e.g. with Project Loon
from Google (figure 1). So why not use it to bring instructors and apprentices together
and provide high-quality education to everyone?

(a) Project Loon (Google). (b) Students using computer at school.

Figure 1: Ways to provide high quality education in developing countries. Project Loon
is a network of balloons traveling on the edge of space, designed to connect people
in rural and remote areas, help fill coverage gaps, and bring people back online after
disasters. (http://www.google.com/loon/).

Massive Open Online Courses (MOOCs) are a platform for students to participate
in courses via internet. Because these courses are open (i.e. can be accessed from
anywhere in the world) it is possible that a huge number of students follow the same
course. Well known providers of such platforms include Coursera, edX and Udacity.



A big challenge that needs to be addressed for MOOC:s to work is automated assess-
ment of student work: Because of the large number of students participating in a single
course it is unlikely for a teacher to manually evaluate each single assignment.

Additional issues include giving students detailed feedback to help them recogniz-
ing weaknesses and getting better. The assignment process itself, i.e. how to transfer
the students work to the evaluator or teacher, needs to be considered, too.

In this paper we will concentrate on the automated assessment process:
What type of documents can be evaluated automatically?
Which techniques exist and how do they work?
What are the benefits and problems of automated assessment?
What will the future of MOOC:s be like with automated assessment?

We will give answers to this questions and present an overview on this challenging
topic.



2  Concept for Automated assessments

As briefly noted in the previous section, automated assessments are needed to handle
MOOCs with a proper effort and therefore in an economical way. Courses with over
50, 000 students (Sahami et al. [19]) lead to new challenges in the organization of the
course and evaluation and marking of the assessments. Of course one could just hire
lots and lots of tutors, which help to solve this problems, but this would generate huge
expenses that have to be covered. Automated systems are a great possibility to address
this problems, but a lot of challenges have to be mastered before these systems can be
on par with a human performing this tasks.

The main tasks of an automated assessment system is to simply evaluate assignments
and tests created by the instructor and accomplished by the students. The output of the
system should support the instructor to evaluate the level of knowledge of each student
and help him to determine an appropriate grading for the student. All this should be
realized with as few as possible work for the instructor.

This evaluation of the level of knowledge should not only take into consideration the
correctness and functionality of the solution from the student, but should also include
other aspects as quality of the work done, design, form and terminology respectively
phrasing. It should also consider the case that for certain assignments there is not only
one correct solution and the endeavor of the student in elaborating the solution.

The revising of assignments and tests is just one part of the whole assessment process
and beyond that there are other time-consuming tasks that have to be performed in this
process. Such tasks are:

e Compile tests and assignments

e Distribute this tests and assignments to the students

Collection of the accomplishments from the students

Give feedback to the students on their solutions

Detection of plagiarisms
e Grading of assignments

An extended and sophisticated automated assessment system should also support the
instructor in performing the tasks mentioned above and also help performing adminis-
trative tasks regarding the course, e.g. as to determine who is participating to the course.

In the following section we are having a closer look at how the evaluation of the
level of knowledge is performed for different kinds of assignments.



3 Document types to assess

This chapter focuses on different ways of how the level of knowledge can be expressed
by the students. Obviously the presented types do not cover all possibilities of how
knowledge can be expressed, e.g. oral exams are not considered.

In this section we concentrate on written documents and give an overview of the
current and past research activities regarding different document types.

3.1 Selection tasks
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(a) Multiple choice test.
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(b) Cloze about penguins.

Figure 2: Examples for selection tasks.

The basic document type that intuitively come into someones mind when thinking
about automated assessment are multiple choice tests. They are wide spread and often
used for tests that many people are willing to take, e.g. driving license tests, because
they can be easily assessed. Usually they consist of one or more question and each ques-
tion has different predefined answers to choose from. The correct answer (or answers,
depending if it a single choice test or multiple choice one) to the question is among this
possible answers together with incorrect ones. The student only has to check the box
near the answer he thinks to be correct. Since the number of correct answers is prede-



fined and the marking of boxes is easy to read even for machines this kind of tests can
be evaluated automatically since many years.

A cloze is a type of text where some words are substituted by blanks. This blanks
have to be filled in by the students with a word to complete the sentence. Usually there
is a set of words from which the student can choose the word from that he wants to fill
into the blank. Since the correct word to fill into each blank is predefined it is also trivial
to asses this type of document.

It can be stated that the assessment of these two types of selection tasks is trivial and
easy to implement since the answers a student can give to the questions are usually pre-
defined. Such form of assessment provides only limited insight into students knowledge
[14]. The flaw with predefined answers is that it can not be determined if the student
chose the correct answer based on his knowledge or if it was just a fluke.

3.2 Text

A text can be seen as a linguistic manifestation of a communication between two sub-
jects, in our case the instructor and the student. The student responds to a question in a
written form, with structured sequences of words treating the questions topic.

There are many possibilities how to respond correctly to a question in form of a text
and even more how to respond incorrectly. So text can be regarded as a rather complex
expression of knowledge. It is not clear yet which features distinguish a good from a
bad text, but assessment of texts should not only take into consideration the content and
spelling, but also phrasing, argumentation, structure and in some cases it should adhere
to specific patterns.

As noted by Valenti et al. [24] automated assessment could lead to the discovery of
features that are different for good and bad writing. This is also a chance to establish a
guideline for humans to objectively grade writings, because the assessment and grading
of the same text, e.g. an essay, performed by different human assessors varies because
of subjective peculiarities of the human assessors [24][17]. Essays are best when as-
sessing the learning outcome of students, so the majority of the research in assessment
of text focuses on essays [9][24][23].

When looking at automated text assessment there are three major categories to dis-
tinguish: assessment of content only, assessment of style only, assessment of style and
content. In the next paragraphs we will present an example for each category.

An example for an automated assessment system focusing exclusively on the content
is the Intelligent Essay Assessor (IEA). As described by Valenti et al. [24] it is based on
a technique called Latent Semantic Analysis that was originally designed for indexing
documents and text retrieval (Deerwester et al.[7]). LSA represents documents and their
word content in a large two-dimensional matrix semantic space (Williams, R. [25]). Us-
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ing a matrix algebra technique known as Singular Value Decomposition (SVD), new
relationships between words and documents are uncovered, and existing relationship
are modified to more accurately represent their true significance.

To grade an essay, a matrix for the essay document is built, and then transformed
by the SVD technique to approximately reproduce the matrix using the reduced dimen-
sional matrices built for the essay topic domain semantic space. (The semantic space
typically consists of human graded essays). Cosine correlation is used to measure the
similarity of the reduced dimensional space constructed from a “model answer”, such
as an instructional text taken from a course text or an essay prepared by the class tu-
tor, against a student essay. Valenti et al. [24] affirm that LSA makes no use of word
order since the authors claim that this is not the most important factor for grabbing the
sense of a passage. It also requires large amounts of data to construct a suitable ma-
trix representation of word use/occurrence, and due to the size of the matrices involved
computations are very cumbersome.

Looking at the assessment of text-style only we present the Project Essay Grade (PEG).
As noted by Valenti et al. [24] PEG is one of the earliest and longest-lived implementa-
tions of automated essay grading. It was developed by Page and others (Hearst [10]) and
primarily relies on style analysis of surface linguistic features of a block of text. Thus,
an essay is predominantly graded on the basis of writing quality, taking no account of
content.

The design approach for PEG is based on the concept of “proxes”, i.e. computer
approximations or measures of so called trins, intrinsic variables of interest within the
essay (what a human grader would look for but the computer can’t directly measure) to
simulate human rater grading. Proxes include: essay length (as the amount of words) to
represent the trin of fluency; counts of prepositions, relative pronouns and other parts of
speech, as an indicator of complexity of sentence structure; variation in word length to
indicate diction (because less common words are often longer). Proxes are calculated
from a set of training essays and are then transformed and used in a standard multiple
regression along with the given human grades for the training essay to calculate the
regression coefficients. These regression coefficients represent the best approximation
to human grades when obtained according to proxes. Then, they are used with the
proxes obtained from unmarked essays to produce expected grades. PEG purely relies
on a statistical approach based on the assumption that the quality of essays is reflected
by the measurable proxes.

No Natural Language Processing (NLP) technique is used and lexical content is not
taken in account. PEG also requires training, in the form of assessing a number of
previously manually marked essays for proxes, in order to evaluate the regression coef-
ficients, which in turn enables the marking of new essays.



As a combination of content and style assessment Valenti et al. [24] present the Pa-
perless School free-text Marking Engine (PS-ME). PS-ME is designed as an integrated
component of a Web-based Learning Management System (Mason & Grove-Stephenson
[16]) and is still under development. Due to its processing requirements, the PS-ME
does not grade essays in real-time.

This system applies Natural Language Processing (NLP) techniques to assess stu-
dent essays in order to reveal their level of competencies as for knowledge, understand-
ing and evaluation. The student essay is submitted to the server, together with informa-
tion about the task in order to identify the correct master texts for comparison. Each task
is defined via a number of master texts that are relevant to the question to be answered.
An interesting issue is raised by the existence of ‘negative’ master texts containing a
set of false statement composed using typical student mistakes and misconception. The
essay to be rated is compared against each relevant master text to derive a number of
parameters reflecting the knowledge and understanding exhibited by the student. The
ability to evaluate parameter is calculated through a linguistic analysis as described
above. When multiple master texts are involved in the comparison, each result from an
individual comparison gets a weighting, which could be negative in the case of a mas-
ter text containing common misconceptions. The weights are derived during the initial
training phase. The individual parameters computed during the analysis phase are then
combined in a numerical expression to yield the assignment’s grade. The parameters
are also used to select specific comments from a comment bank relevant to the task.
With a fine-grained set-up it is possible to provide the student with formative feedback
regarding his/hers performance in different areas within a given subject.

The output from the marking process is then passed back to the client for presenta-
tion to the teacher. This includes details on sections of essay that are particularly good
or bad in relation to the knowledge, understanding and evaluation factors.

3.3 Mathematical formulas

Student work in mathematical or engineering courses almost always contain mathemat-
ical formulas. This section gives an overview about how to automatically assess such
mathematical formulas. Information for this section is taken from [18].

Formulas, when compared to text (see previous section), are well structured and
can be interpreted reasonably unambiguously. However even though formulas can be
understood precisely, they can be written down very different: E. g. one can use other
symbols or rearange terms in other ways. The formula shown in figure 3 demonstrates
this in a humoristic way. To assess a formula, its mathematical correctness and syntax
needs to be verified.

One method to extract and verify formulas from engineering assignments is de-
scribed in [18]: First all formulas in the document are required to be in MathML (or
need to be converted to it). MathML is a XML format to represent mathematical terms
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Figure 3: Alternative representation of 1 + 1 = 2.

and formulas. From this representation a math tree is created. Operators are trans-
formed to root nodes, their operands to child nodes. This tree is used as input vector
for a support vector machine (SVM), a supervised learning approach for artificial neural
networks. This SVM decides (after being trained) if the formula is correct or not.

3.4 Programming assignments

Programming assignment is the document type the most research is done for, probably
because research in this field is mostly done in computer science faculties. Research
already started in 1973 (e.g. [1]) or maybe even earlier. Current exaples include [3],
[4], [8], [11], [12], [15], [21] and [26].

There are multiple characteristics that influence the grade of some programming
assignment. Besides correct syntax and semantic of the code and proper behavior of the
program, its code quality and usage of patterns can be used as additional metrics, too.
Probably there are even more possible features to check on.

Some of this features are relatively simple to verify. E.g. the programs syntax is
probalby correct if the program compiles. Others are more difficult, like the usage of
patterns. This is one of the reasons there are so many different systems. Another reason
is that many systems only work for one or two specific programming languages.

Systems like GAMEJ[3] or Sakai[21] do a simple code analysis (number of vari-
ables, amount of comments, occurrence of loops) to evaluate the code quality. Because
checking the output of the program for different inputs makes up a major part of the
evaluation result, these systems are, to a high degree, independent of the programming
language in use.

Other systems like AutoGrader[11] or Infandango[12] require the student to imple-
ment an interface and then then does unit tests on the students implementation. Addi-
tional to that it does a static code analysis to find potential programming problems and
reports them as feedback to the students.

The system AnalyseC[26] tries another approach: It builds an AST (abstract syntax
tree) from the students program, performs normative transformations on it and com-
pares it with the teachers reference implementation. Using this technique the programs
structure can be evaluated.
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3.5 Other approaches

There exist multiple other systems for automated evaluation of students knowledge. One
of them concentrates on helping students learning to use some software. The system in
[22] describes automated assessment of spreadsheet concepts. The students needs to
create formulas and manipulate cells and the system verifies them.

Another example is VM (virtual machine) system administration. In [2] a system
is explained that verifies the correct setup and functionality of a virtual machine. This
is realized using shell scripts running in the VM under test. Using this method various
parameters can be checked, like for example disk size, memory configuration or network
connection.

Especially for children the system SAVE[20] was developed to automatically test
their scientific knowledge. The system presents a simulated world to the student asking
him to solve a specific problem. The student can control e. g. the temperature, pressure
or humidity to change the simulated worlds state which causes the solution of the prob-
lem. The system observes the students behavior while solving the problem and is hence
able to mark the students knowledge.

The system described in [18] combines the evaluation of mathematical formulas, as
described in section 3.3, with assessment of text, as in section 3.2, in order to allow
marking of whole engineering assignments.

As a attempt to generically solve the automated marking problem, ODALA[S] tries
an ontology driven approach. A knowledge network, called ontology, is created by the
teacher with all facts and relations connecting them. The system then extract the facts
from the students work and tries to match them with the teachers reference.

Last but not least there are multiple methods and systems to support teachers with
the assignment and marking process as a whole. As an example the BOSS[13] system
helps with the administrative tasks (the assignment itself, marking, giving feedback to
students) letting the marking system itself interchangeable. Thus this system can be
used to manage any type of student work.
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4 Discussion and outlook

While online educational resources have existed for decades, the past year has seen
a tremendous acceleration in the adoption and potential disruption afforded by recent
online education initiatives. In the Fall of 2011 the concept of Massive Open Online
Courses (MOOCs) more broadly entered the public consciousness with a group of three
Stanford CS courses collectively enrolling over 200,000 students, and gaining national
press coverage from the New York Times and other outlets [19].

PEAK OF
INFLATED
EXPECTATIONS

PLATEAU OF
PRODUCTIVITY

SLOPE OF
ENLIGHTENMENT

TROUGH OF
DISILLUSIONMENT

TECHNOLOGY
TRIGGER

Figure 4: A technology’s life cycle.

Mehran Sahami [19] says, that beyond the publicity, however, the availability of
such online materials has resulted in universities in the US, China, India, and South
America using these videos as part of teaching their own introductory programming
courses. Of note is the fact that these online materials generated such a strong response
without any of the affordances of the most recent generation of MOOCsSs (enrollment,
quizzes and assessments, statements of accomplishment, etc.). Based on these expe-
riences, we believe that online education has the potential to be transformative in CS
education, regardless of whether appropriate business models or methods for verifiable
assessment or certification are developed for the most recent wave of MOOC:s .

Although the initial set of MOOCsSs focused on relatively straightforward means for
evaluation, such as multiple-choice quizzes or short-answer questions, richer evaluation
models measuring student engagement more fully with the material soon emerged. In a
computing context, such evaluations include assessing students’ programs and assessing
larger student projects. While mechanisms such as testing suites can be used to measure
aspects of a program’s functionality, such tests are not applicable in all contexts, such
as with interactive applications. Peer assessments have also been proposed as a means
for providing human assessments at scale.

Cooper and Sahami [6] affirm that perhaps the most widely discussed challenge in on-
line education is that of validating original work and preventing (or at least detecting)

12



plagiarism. It has been reported that plagiarism is a potentially significant problem in
online courses.

Another important component of MOOC:s is whether and how they provide some form
of certification to students. For example, the University of Washington has offered to
give college credit for some of its courses taken through Coursera for students who pay
a fee and complete additional assessments. Thus, models for the certification of online
work certainly exist. The extent to which such certifications are recognized by others,
especially employers, will certainly impact how MOOCs are viewed relative to more
traditional courses [6].

Mark Guzidal [19] states that the greatest danger of MOOC:s is seeing them as panaceas,
as a technological form that will work across the spectrum of learners (“from K to gray”)
for all subjects. No educational technology has yet been successful across such a broad
spectrum. The scale of MOOCS can lead us to believe that it is working broadly, but
most MOOC offerings have had an 80-90% non-completion rate. Most MOOC teachers
have spoken of the impassioned missives they’ve received, but even at several hundred,
it means that we have feedback from only a fraction of a percent of the enrollees. We
have little evidence that MOOC:s are successful for “K” or “gray.”

Fred G. Martin [19] observed that delivering content is the easy part. Without our
role in probing students understandings, encouraging them to discuss and share, and
mentoring them in applying their nascent knowing new situations, a MOOC will only
produce “knowing about” - not “knowing how to do.”, he says.

Cooper and Sahami [6] think that the massive scale of MOOC:s provides the oppor-
tunity to collect unprecedented volumes of data on students’ interactions with learning
systems. As a result, it becomes possible to use machine learning to gain insight on
and potentially personalize human learning. MOOC:s also have the potential to present
information to students using many different pedagogic approaches, allowing each stu-
dent to select a particular desired approach, or even making such suggestions to the
student. This could positively affect the completition rate of MOOC:s.

From the statements cited above we can see that MOOC:s offer great opportunities and
that online education has the ability to change the traditional education model. If issues
and lessons learned are shared among each other in the MOOC community the near
future could bring a lot of benefits to the global education sector.
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5 Conclusion

In this paper we have understood the need for automated assessment in MOOCs. We
have seen multiple approaches for automatic assessment, evaluation and marking for
many different types of documents. In this section we will summarize the benefits and
problems all this systems add up to.

One obvious benefit is the savings of time and cost for evaluating a huge number
of student assignments. Because the system always works the same this results in a
more objective marking of student work. As the system is able to process more work
in shorter time it allows more students to follow a single course. For the same reason
a faster, more precise and more frequent feedback to the student is possible. All this is
independent of physical location and allows a broad audience to participate. With the
time saved for the marking process, teachers are able to prepare better lecture notes and
thus provide a better quality. Another good thing about all the research done in this area
is that the results can also be used in other areas, e. g. the interpretation of free text can
be used in other areas requiring natural language processing.

Although the systems can process many assignments in short time, this is a problem,
too: Often a manual verification for the automated marking is necessary and the work
related to this is easily overlooked. Another problem is that currently every kind of
document needs a different marking system and each exercise a teacher gives to its
students needs additional work to teach the system what a correct solution should look
like. Also there are many problems a automated system is not easily able to check, like
for example finding its way through a menu of a graphical system or understanding free
from texts.
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