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Abstract - Grading of students’ descriptive and programming answers is a very tedious task. This situation is a candidate for 
automation and calls for a system which would allow students to upload their subjective answers and programs on the server 
and get them evaluated based on model answers and test cases specified by the professor. In this survey paper, we have 
presented a system of which will automatically evaluate subjective answers and programming assignments along with its 
design and architecture. Descriptive answers will be evaluated based on the model answer and keywords stored in the 
database. The software will also check for spelling, grammatical errors and sentence formation of the answers. Program 

testing will be performed by first compiling the program and checking for errors. The program output will at that point be 
checked against a few experiments which might be submitted physically by teachers or produced naturally by the 
framework. The proposed framework is made available through web interface for all clients, including teachers and students. 
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I. INTRODUCTION 
 

In most institutions, assignments and answer sheets 

submitted by students are manually evaluated by 

professors. This process is likely to be affected by 

human errors. Different professors are likely to award 

different marks to inherently same answers submitted 

by different students. Manual evaluation is a time 

taking and tedious process which also leads to delayed 

results. Manual evaluation also requires dealing with 

concerns about equity and fairness, comparability of 

the evaluations, and what to weigh in making 
judgement. 

 

The content of an answer script is the deciding factor 

of the time required to evaluate it. Suppose on an 

average, if a professor takes thirty minutes to correct 

an answer script, then it would take ten hours to 

correct 20 answer scripts. 

The proposed system seeks to automatically evaluate 

descriptive answers as well as programming-based 

answers to questions provided by professors. Marks 

shall be allotted according to a scheme based on the 

percentage of accuracy of each answer. Users must 
authenticate themselves by logging in to the system. 

Once they have logged in, student users must submit 

answers to the questions provided. A model answer to 

each question is provided by the users who are 

professors. Each answer will be evaluated by 

comparing it against its corresponding model answer, 

using keyword extraction and weighting. Grammar 

and spelling are also inspected. The entire process is 

composed of the following steps: keywords and 

synonyms extraction, grammar and spelling check, 

keyword weighting, feature matching and result 
evaluation. In case of answer programs, the proposed 

system will compile the program, check the syntax 
and format of the code for errors and compare the 

results against the sample test cases. Finally, it will 

grade each answer depending on its correctness. 

 

II. LITERATURE SURVEY 

 

A. Subjective Answer Evaluation 

Most subjective answer evaluation systems implement 

text mining and text comparison. There are different 

methods available to identify the similarity of two 

documents, such as Cosine Similarity, Latent 
Semantic Analysis, Euclidean Distance and 

Manhattan Distance[1]. 

To ensure a proper evaluation system where 

professors have no need to manually evaluate any 

answers, one of the models used produced the result 

by following four important steps: 1) Assigning 

maximum marks for every solution 2) Checking for 

spelling errors 3) Calculating normal likeness file 

between the student's submitted document and source 

record/sample answer put together by the faculty 4) 

Determining the normal closeness of all answers 5) 

Evaluating the final marks dependent on the 
weightage of each question. [1]. 

Another approach studied assigned marks to a given 

answer submitted by the user depending on the 

answer’s accuracy. The standard answer submitted by 

the faculty was stored in the database along with the 

keywords and the description. The system then 

evaluated the score for each answer by coordinating 

the catchphrases or key concepts with that of the 

provided standard answer. It also checked the 

submitted answer for grammar and spelling mistakes. 

Finally, it graded each answer according to its 
correctness and similarity to the standard answer.[1] 
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A few models likewise made use of the term 

frequency–inverse document frequency (TF-IDF). It is 
a numerical measurement that portrays the 

significance of a word in an archive in an 

accumulation, and is utilized as a weighting factor. 

Weighting factors are of great use in user modelling 

information retrieval and content mining. The TF-IDF 

value increases proportionally to the occasions a word 

appears in the archive [1]. 

Previously developed systems also made use of 

concepts such as lemmatization, stemming, parsing, 

morphological segmentation, word segmentation and 

term extraction. 

Lemmatization aims to produce the base or lexicon 
type of a word, known as lemma. This is performed 

by removing inflectional endings. Lemmatization 

utilises vocabulary and morphological examination of 

words. Linguistic processing for lemmatization as 

well as stemming is generally done by an auxiliary 

module segment component to the indexing process. 

A number of such commercial and open-source 

module segment components are available for this 

reason. The main edge of using lemmatization is that 

it takes the context of the word into account in order 

to determine the intended meaning that the user is 
looking for is. This process decreases noise and 

speeds up the user’s task. 

Stemming is the method of reducing a word to its 

stem. A word stem attaches to suffixes and prefixes, 

or to the lemma which refers to the root of a word [4]. 

Stemming plays an important role in natural language 

understanding as well as natural language processing. 

It is likewise a huge segment of linguistic studies in 

morphology and artificial intelligence data recovery 

and extraction. Stemming draws out meaningful 

information from vast sources such as the Internet, 

since other forms of a word associated with a topic 
may need to be explored in order to get the best 

results. Queries and Internet search engines also make 

use of stemming. 

Parsing implies analysing an object specifically. It 

may refer to reading program code. For instance, after 

a program is composed, paying little respect to 

programming dialect it is written in, the lines code 

should be parsed or by the compiler so as to be 

aggregated. Web contents written in any scripting 

dialect, for example, Perl or PHP, additionally should 

be parsed on the Web server so as to have precise 
HTML shown on the program. Parsing can also refer 

to the fragmentation of ordinary text. Search engines 

generally perform parsing. They parse the search 

queries entered by the users so that each word can be 

looked for with more precision. A few frameworks 

likewise parse content records to separate certain data 

like email locations or titles. Formatted documents can 

be transformed into tables with rows and columns by 

parsing the text on a spreadsheet program. Thus one 

can discern that there are several ways in which 

parsing can be done [2]. 

Morphological segmentation refers to analysing the 

structure of  each word and its parts, such as suffixes, 
prefixes, stems and root words. It also studies parts of 

speech, accentuation, emphasis and the ways in a 

word’s pronunciation and meaning depends on its 

context. The purpose of morphological segmentation 

is to decompose words into smaller units, known as 

morphemes, which are typically taken to be the 

smallest meaning bearing units in language [3]. 

One or more morphemes make up a word. A 

morpheme is the smallest unit of grammar. It can be 

either free or bound. A free morpheme can be used 

independently as a word. Bound morphemes can only 

be observed parts of words, usually as affixes. The 
process of establishing word boundaries in a sentence 

or in a document by computer algorithms is called 

word segmentation [6]. Word segmentation can also be 

defined as dividing a string of written language into its 

component words. Parsers and Bayesian model are 

two models of word segmentation. 

Terminology plays a vital role in various fields like 

technical documentation, translation,  localization and 

standardization. Term extraction can be either 

monolingual or bilingual. Monolingual term 

extraction investigates a text or collection so as to 
identify candidate terms. Bilingual term extraction is 

the process of analysing existing texts and their 

interpretations in order to identify potential terms and 

their parallels [5]. Consequently, term extraction tools 

can contribute in filling term bases as well as setting 

up the terminology for specific tasks or ventures. It is 

to be noticed that even though extraction tools enable 

term extraction, the ensuing list of candidate terms 

must be verified by a human terminologist or 

interpreter. Hence, the process of term extraction is 

not completely programmed. It is at best computer 

aided [5]. Terminology management usually is done by 
following one of the three approaches: statistic, 

linguistic or hybrid. 

 

B. Programming Answer Evaluation 

A lot of work has been done in the recent past with 

respect to the automatic evaluation of programming 

answers. Automatic evaluation of programs is 

generally used for two different purposes, the first 

being coding contests and the second being 

educational purposes. Several web-based tools exist 

for managing the submissions of programming 
assignments. 

 

There are generally two major steps involved in the 

evaluation of programming answers: 

 Plagiarism Detection – Plagiarism can be of 

different levels, namely level Zero, One, Two, 

Three, Four and Five, depending on the 

different factors that have been plagiarised. 

 Program Testing – Most tools use the 

cyclomatic complexity to come up with a 

methodology for testing the software. The main 
idea while testing programs is to either provide 



International Journal of Advances in Electronics and Computer Science, ISSN(p): 2394-2835    Volume-6, Issue-4, Apr.-2019 

http://iraj.in 

Automated Evaluation System for Subjective Answers and Programming Assignments 

 

29 

automatically generated test cases or leave it to 

the user to provide his own test cases manually. 
A slightly different approach towards automatic 

evaluation of programming answers called the Token 

Pattern Approach deals with two core operations in 

APAS (Automated Program Assessment System). The 

first operation deals with the supervision of 

programming assignments such as accepting the 

submitted programming answers and giving back the 

results to the students, while the second core operation 

deals with the actual assessment of the properties of 

the programming assignments submitted by the 

students. 

The early methods used in the evaluation of 
programming assignments involved static and 

dynamic testing approach. This means that the 

program could be evaluated by looking at the code 

structure or by analysing the behaviour of the 

program. The fundamental necessities for automated 

assessment of programming assignments are the 

dimensions that can be taken out from the submitted 

program and the values that can be matched with the 

given test cases. For educational purposes, the 

teaching goals and objectives for each topic of each 

course syllabus must be taken into account while 
making measurements. 

 

In static program analysis method, the evaluation is 

done without actually executing the program. It has 

two directions of evaluation: theorem proving and 

model checking. The theorem proving method is 

fortified by the logic of axiomatic semantic theory, 

which is comprehensive and thorough for the 

verification of accuracy. The disadvantage of this 

approach is its failure to produce counter-instances of 

the failures it came across, consequently rendering 

itself restricted in terms of education. The model 
checking approach can overcome the aforementioned 

disadvantage of the theorem proving approach, yet it 

can’t work on a nearly infinite domain [7]. 

 

In dynamic program analysis method, the programs 

written by the students must be executed with 

sufficient number of test cases. The first step involves 

compiling the program successfully. The second step 

involves checking for errors in the code, such as 

infinite loops, syntax errors, etc. The tasks involved in 

dynamic program analysis include accessing 
permission, code scanning before program execution, 

limiting the system resources and so on. The whole 

test data is also essential for execution [7]. 

 

A software testing approach was introduced using 

cyclomatic complexity metric to evaluate 

programming assignments. The disadvantage of this 

method is that it measures the program’s control 

complexity, but not the data complexity. The vertices 

and edges of the program must also be detected, 

which is generally a tedious task [8]. 

III. POSSIBLE IMPROVEMENTS ON 

EXISTING SYSTEMS 
 

Text Data Analysis: Computer Aided Assessment 

System for subjective questionnaires faces numerous 

issues when identified with content information 

examination. Treatment of extensive measure of 

content information turns into an issue which is 

tackled by utilizing enormous information 

examination and HDFS (Hadoop Distributed File 

System)[1]. 

In an Extensive Empirical Study of Automated 

Evaluation of Multi-Document Summarization, the 

future upgrade is the outline of different records in 
numerous dialects [9] . 

In Intelligent Classroom System for Qualitative 

Analysis of Students' Conceptual Understanding, for 

answers that are widely expressive, students utilize 

distinctive types of a similar word (equivalent words). 

This issue has been dealt with by giving the instructor 

a chance to settle on a decision about involving the 

thesaurus corpora [10] . 

A paper published in the National University of 

Singapore introduced the Codeflaws benchmark that 

intends to support future exploratory examination in 
electronic program settle. The Codeflaws benchmark 

and the 39 disfigurement classes proposed in this 

paper can be used for intentional examination of 

coding surrenders in future testing and investigating 

research. The different potential outcomes incorporate 

focused on testing/fix methods for insightful 

mentoring frameworks that show programming in an 

intuitive manner, or for a focused on assessment 

crosswise over imperfection classes for the viability of 

various test age techniques [11] . 

In the Benchmark Programming Assignment Suite for 

Quantitative Analysis of Student Performance in Early 
Programming Course s, the FSMD technique for 

proportionality checking has been ad libbed by 

incorporation of clusters by presenting an all-inclusive 

model in particular, Finite State Machine with 

Datapath having Arrays (FSMDA). Parallel 

calculations and parallelizing code is the new example 

which will find it’s use with the multicore and multi-

processor CPUs [12] . 

Improving of Automated System for Assessment of 

Student Programs utilizing the Token Pattern 

Approach has a mechanized program appraisal 
framework called PASS. They are presenting new 

arrangement of starter assessment of upgraded 

capacity called PASS-ToP. The PASS-Top does the 

accompanying: 1) It better surveys permissible yield 

variations in a route nearer to what a human assessor 

would ordinarily complete 2) It decreases the exertion 

for appropriation of an example set of various types of 

activities in various points. Further advancement 

incorporates arrangement of PASS and PASS-ToP for 

use in programming courses and gathering criticism 

from educators and students for more thorough 

assessment [13] . 
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In Automated Assessments Tool for Students' 

Programming Assignments, the accompanying 
enhancements are considered: 1) An on the web, 

online workplace focused at explaining assignments 

2) Test-based tests amid which students could be 

assessed by both the test and the educator 3) 

Automated style examination could assist students 

with maintaining one coding style along all source 

documents in a single accommodation 4) Students' 

cross-task is the place one understudy who has 

finished the task is permitted to break down a similar 

task of another understudy 5) Token based submission 

enables a student to send not more than N entries in a 

single day [14] . 
In Automated fault localizing and correction in 

dynamically analysed programs, the further 

enhancement is to manufacture a worldwide 

methodology that gives every one of the errors having 

a place with a mistake class and unique from blunder 

explicit criticism to more broad examples to create 

abridged input dependent on an academic 

classification of blunders. This is useful for both 

instructors and students so as to be focused on 

activities and suitable choices to enhance the learning 

procedure [15] . 
 

IV. PROPOSED SYSTEM 

 

The proposed system is implemented in two parts: A) 

Automated evaluation of subjective answers B) 

Automated evaluation of programming assignments. 

The entire system must be accessed through a website 

which professors and students must log in to. 

 

A. Automated Evaluation of Subjective Answers 

The implementation for automated evaluation of 

subjective answers involves the following steps: 
The first step involves the submission of answers and 

word extraction. The students must first write their 

answers in the provided editor. On being submitted, 

the answers get stored in a database. An English 

dictionary is also stored in the database. The words 

from the answer is extracted and checked for spelling 

errors using the dictionary. 

In the second step, sentence formation is checked 

using morphological segmentation. This step also 

involves checking for the grammatical errors using 

stemming and lemmatization. 
In the third step, the keywords are taken out from the 

answers and compared with the keywords provided by 

the teacher. 

The fourth step involves assignment of marks. The 

marks are allotted according to the percentage of 

keywords matched. 

 
Table I. Marking Scheme Based on Matched Keywords 

Percentage of 

Keywords Matched 
Marks Obtained 

80-100 100% 

60-80 90% 

Percentage of 

Keywords Matched 
Marks Obtained 

40-60 80% 

20-40 50% 

5-20 30% 

1-5 10% 

0 0% 

 

The third and fourth steps make use of LSA, TF-IDF 

and machine learning. 

Natural language processing uses a method called 

Latent semantic analysis for analysing association 

between documents and their terms by means of 
creating a collection of concepts associated to the 

documents its terms. LSA is a method which is used 

to find the latent meaning of a document. LSA utilizes 

a term-document matrix that defines the frequencies 

of terms in the documents. LSA works on the 

assumption that words that have analogous meaning 

will be found in similar pieces of text [6,9]. A matrix 

comprising word counts per paragraph is built from a 

massive piece of text. The rows of the matrix signify 

the terms and the columns signify the documents. The 

words are then linked by calculating the cosine of the 
angle created by the two vectors created by any two 

rows. If the values are closer to one, it means that the 

words are similar. Otherwise, if the values are closer 

to zero, it means the words are unrelated [1,16]. 

TF-IDF is a method for information retrieval that 

assesses term frequency (TF) and its inverse document 

frequency (IDF). TF is the frequency of each term in a 

document. IDF tells us if a term is frequent or 

infrequent across all the documents. It provides us 

with an estimate on how much information a word 

provides. It is found by taking the logarithm of the 
inverse fraction of the number documents that hold 

the specific word. Each specific word or term is 

assigned its individual TF and IDF score. The TF-IDF 

weight of a particular term is the product of the TF 

and IDF scores of that term. The TF-IDF process is 

used to assess a particular keyword in any content and 

allocate importance to that keyword on the basis its 

frequency in the document. TF-TDF also performs the 

important task of checking the relevance of the 

keyword throughout the web. The value of TF-IDF is 

directly proportional to the frequency of a word in the 

document and is offset by the number of documents in 
the corpus that contain that particular word. This helps 

in adjusting for the fact that certain words occur more 

often in general. TF-IDF value can also be used to 

convert the written portrayal of data into a Vector 

Space Model (VSM). The written representation of 

data may also be converted to sparse features [17]. 

Machine learning is an application of artificial 

intelligence that helps in the development of computer 

programs that can assess data and learn from it for 

themselves. It uses algorithms and mathematical 

models that the system can use to learn and 
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progressively improve its performance [18]. The system 

learns more about its task of evaluation with each 
answer it assesses. Each time the system program is 

executed, it improves its performance and gets better 

and more efficient at evaluating answers and assigning 

marks. 

The grammatical errors and sentence formation of the 

answer observed in the second step are also 

considered while allotting the marks to students. 

In the fifth and final step, the score of each student is 

stored in the results database which is accessible by 

student as well as the teacher. 

 

B. Automated Evaluation of Programming 

Assignments 

The students must write the code for their 

programming assignments in the editor provided by 

the system. A compiler will be integrated with the 

system’s website. The submitted program is saved as a 

file which is then accessed by the compiler and 

complied. The compiler checks for syntax errors, run 

time errors, time complexity and space complexity. 

The output of the compilation is then matched with 

the sample test cases and outputs provided by the 

professors. The programming assignments are 
awarded marks based on the number of test cases 

passed. 

 

The tools used to implement the automated evaluation 

of programming assignments are Python, MongoDB, 

JavaScript, HTML and CSS. 

MongoDB has been chosen as the database program 

for the proposed system. It is an open-source database 

management system. MongoDB can also support 

various forms of data since it uses document-oriented 

model. It can store any type of data in its native 

format, providing flexibility and giving users the 
ability to easily implement horizontal scaling. 

Python will be used to implement machine learning 

and natural language processing concepts of the 

system. 

JavaScript, HTML and CSS will be used to create the 

frontend of the web-based interface. 

 

V. SYSTEM ARCHITECTURE 

 

The proposed system consists of a web-based 

interface. It is divided into two parts, one for 
subjective answer evaluation (Fig.1), and the other for 

programming answer evaluation (Fig.2). Professors 

and students are provided with separate login pages 

for evaluation of subjective answers. Once the 

professors log in, they must upload the questions 

along with corresponding model answers. The system 

then extracts keywords from the model answers and 

assigns weights to them. The students on the other 

hand, must upload their answers once they log in. 

Keywords are extracted and weighted from the 

students’ answers as well. Once this is done, feature 

matching is performed, and results are generated. The 

results are stored in a database which can be accessed 

by both professors and students. 
Similarly, for the evaluation of programming answers, 

professors and students are provided with different 

login pages. The professors are required to upload the 

programming questions along with sample test cases. 

The students must upload their answer programs 

which is compiled and checked for errors. The output 

of the program is compared against the provided test 

cases and marks are allotted accordingly. The results 

are again stored in a database accessible by professors 

and students. 

 
Fig 1. System design for subjective answer evaluation 

 

 
Fig 2. System design for programming answer evaluation 

 

CONCLUSION AND FUTURE WORK 

 

The proposed system attempts to evaluate subjective 

answers and answer programs. It computes the result 

of the student’s answer based on the keywords, 

syntax, format, and result. By judging the student’s 
answer against the model answer and sample test 

cases, scores are assigned to the answers. Highest 

scores are achieved if the student writes all the 

keywords present in and extracted from the model 
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answer or if all the outputs match the sample outputs. 

Hence, the proposed system could prove to be of great 
use to educational institutes as it saves the time and 

trouble involved in checking numerous papers 

manually. 

The proposed system can compile programs written in 

only certain specific languages. It can be enhanced by 

building a universal compiler which works on most of 

the commonly used programming languages. 

Further exploration can be done by enabling the 

system to evaluate answers which are not sentence-

based or code-based. In the future, advanced systems 

can be developed to automatically evaluate answers 

and assignments containing mathematical expressions 
and diagrams. 
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