
Computer Assisted Short Answer
Grading with Rubrics using Active

Learning

Ganesamanian Kolappan

Publisher: Dean Prof. Dr. Sascha Alda

Hochschule Bonn-Rhein-Sieg Ű University of Applied Sciences,
Department of Computer Science

Sankt Augustin, Germany

August 2023

Technical Report 01-2023

ISSN 1869-5272 ISBN 978-3-96043-107-7



This work was supervised by Paul G. Plöger
Manfred Kaul
Tim Metzler

Copyright c÷ 2023, by the author(s). All rights reserved. Permission to make
digital or hard copies of all or part of this work for personal or classroom use is
granted without fee provided that copies are not made or distributed for proĄt or
commercial advantage and that copies bear this notice and the full citation on the
Ąrst page. To copy otherwise, to republish, to post on servers or to redistribute to
lists, requires prior speciĄc permission.

Das Urheberrecht des Autors bzw. der Autoren ist unveräußerlich. Das
Werk einschließlich aller seiner Teile ist urheberrechtlich geschützt. Das Werk kann
innerhalb der engen Grenzen des Urheberrechtsgesetzes (UrhG), German copyright

law, genutzt werden. Jede weitergehende Nutzung regelt obiger englischsprachiger
Copyright-Vermerk. Die Nutzung des Werkes außerhalb des UrhG und des obigen
Copyright-Vermerks ist unzulässig und strafbar.

Digital Object Identifier https://doi.org/10.18418/978-3-96043-107-7

b

https://doi.org/10.18418/978-3-96043-107-7


Abstract

This thesis investigates the benefit of rubrics for grading short answers using an

active learning mechanism. Automating short answer grading using Natural Language

Processing (NLP) is one of the active research areas in the education domain. This could

save time for the evaluator and invest more time in preparing for the lecture. Most of

the research on short answer grading was treated as a similarity task between reference

and student answers. However, grading based on reference answers does not account for

partial grades and does not provide feedback. Also, the grading is automatic that tries to

replace the evaluator. Hence, using rubrics for short answer grading with active learning

eliminates the drawbacks mentioned earlier.

Initially, the proposed approach is evaluated on the Mohler dataset, popularly used

to benchmark the methodology. This phase is used to determine the parameters for

the proposed approach. Therefore, the approach with the selected parameter exceeds

the performance of current State-Of-The-Art (SOTA) methods resulting in the Pearson

correlation value of 0.63 and Root Mean Square Error (RMSE) of 0.85. The proposed

approach has surpassed the SOTA methods by almost 4%.

Finally, the benchmarked approach is used to grade the short answer based on rubrics

instead of reference answers. The proposed approach evaluates short answers from

Autonomous Mobile Robot (AMR) dataset to provide scores and feedback (formative

assessment) based on the rubrics. The average performance of the dataset results in the

Pearson correlation value of 0.61 and RMSE of 0.83. Thus, this research has proven that

rubrics-based grading achieves formative assessment without compromising performance.

In addition, the rubrics have the advantage of generalizability to all answers.
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1
Introduction

The examination is a practice of assessing student’s knowledge which is considered

necessary in their learning process [72]. This assessment will determine the student’s

capability to grasp the information provided by the teachers. The examination might

be written, oral, practical, or computer-based (higher usage recently) [58]. Irrespective

of the type of exam, the possible question types are fill-in-the-blanks, multiple-choice,

short answer, essay, reading comprehension, or others that include math formula, coding,

and matching [16, p. 5]. Comparatively, the short answer has gained more interest [32]

and is used to evoke student knowledge about the concepts in the subject [89]. Since it

has a unique combination of three criteria [16], 1. students have to recall or think from

their knowledge instead of recognizing/choosing, 2. the answer is limited to one or two

sentences or max one paragraph, and 3. it is close-ended where the content is preferred

instead style of writing. Essay grading focuses on the style of writing where the flow of

content/keywords and organization of information is favored [54]. The classical way of

assessing the short answer involves the evaluator grading student’s answers individually.

This consumes much time and energy of the evaluator. Additionally, the evaluator cannot

grade all the answers in a limited time, which causes a delay for students in receiving

their assessment results [56]. In contrast, computer-based short answer grading is faster

and more consistent than the classical method. Computer-based grading of short answers

is called Automatic Short Answer Grading (ASAG). The ASAG eases the evaluator’s

workload, which provides more time for self-study and preparation for the lectures [45].

Sometimes, ASAG requires a human grader to assist in grading in this situation; it

is semi-automatic or computer-assisted, which is the focus of this research [41]. Thus

automating the grading system benefits both the student and the evaluator.

ASAG is considered as a similarity task where the Machine Learning (ML) model

assigns a grade based on the degree of similarity of the student’s response to the reference

answer for the given question. The major challenge in ASAG is replicating the evaluator’s

1



performance in interpreting the student’s answers for grading. Evaluators are often

capable of grading a student’s answer even if it is paraphrased or does not match precisely

with the reference answer [58]. Figure 1.1a illustrates that the student response partially

matches the reference answer, which gained half of the total score. However, the grade is

biased toward the evaluator. Also, this provides only a score that does not contain the

justification for it (summative assessment). Therefore, the reference answer needs rich

information to grade the short answer.

Prompt

Reference Answer

Answer

What is a variable?

A location in memory that can store a value.

A way to store different values into the program,  
such as numbers, words, letters, etc.

Output

Score - 2.5

Prompt

Rubrics

Answer

What is a variable?

1. A location in memory.     -2.5 
 

      2. It can store a value.        -2.5     

A way to store different values into the program,  
such as numbers, words, letters, etc.

Output
Score - 2.5 

Feedback - A location in memory 
 

a) Referece answer-based b) Rubrics-based

Figure 1.1: Example of short answer grading using a) reference answer and b) rubrics.
This example is taken from the Mohler and Mihalcea [63]. Despite no rubrics in the
dataset, as shown in (a), it is made manually to highlight the importance of rubrics as
presented in (b). The color highlights the key elements similar to the student response
and reference/rubrics.

Rubrics are a common assessment technique followed by graders to evaluate student’s

answers consistently and provide feedback in the classical method. Assessments based

on rubrics highlight the area or topic the student has to improve [82]. Rubrics state the

key elements that need to be present in the answer with their corresponding scores as

depicted in Figure 1.1b. This is of two types: positive rubrics; when the key elements

are mentioned in the answers, their corresponding scores add up to a total score for that

particular answer [94, p. 1]. Another is negative rubrics when the key element is missing;

their respective scores are added, and the difference from that particular answer’s total

score is calculated. Figure 1.1b depicts the negative rubrics of two key elements, each of

score -2.5, where the second rubric is presented in the answer. Hence, the first rubric

score adds up to the total score of 5 to yield a final score of 2.5 (= 5 + (-2.5)). Thus,

2



1. Introduction

the first rubric that needs to be presented in the student answer is provided as feedback

(formative assessment) along with the grade.

ASAG eliminates the evaluator from the grading task. In real-world scenarios, ASAG

struggles to perform similarly to the evaluator [16]. Relatively simple Natural Language

Processing (NLP) methods should assist the manual grading. So, the evaluator will be in

the grading cycle to support the ML modALel predicting the grade achieved by active

learning. Active learning is a wrapper that can be placed above any model [35]. Active

learning allows the model to query a human grader/evaluator/annotator to label the data

during training [84]. The fundamental intention of active learning is to allow the model

to choose the data to learn. This approach helps train the model with few labeled data.

The unlabeled data are annotated, with the knowledge gained from labeled data. If the

model cannot label the data, it queries the human grader. Thus, active learning helps

annotate a large amount of data inexpensively. This process is called semi-supervised

learning. Therefore, this research uses active learning with negative rubrics to grade the

short answer.

1.1 Motivation

The classical way of grading does not scale to a large group. As the schools switching to

online assessments, grading also becomes automatic to minimize the effort and maximize

the number of evaluations [70]. ASAG could be a better fit for this scenario which has

been an active research area since 2001 [16] that assures minimum effort and equity.

ASAG might be effortless for True/False and multiple-choice questions. In contrast,

automatic essay and short answer scoring are fundamental challenges as there is no

possibility of waiving unlikely answers. Grading essay answers does not require reference

since the automatic essay scoring accounts for spelling correction, sentence coherence,

grammar, and similarity to the topic [72]. At the same time, grading short answer

considers understanding a specific concept expressed in one to three sentences [34].

ASAG has been developed across various domains, namely citizenship exams, foreign

language learning, classroom exams, entrance exams, and general tests [41]. It has several

benefits, such as

• Grades are available faster, and there is no longer a waiting time for students.

Additionally, teachers can invest less time in grading where they need to supervise

the evaluation [40].

• Grading is consistent, whereas human graders may tend to be wrong sometimes

due to fatigue, stress, bias, or the effects of ordering [16, 40, 24].

3



1.2. Problem Statement

• Grading can be provided for small to large groups of students [24].

• Scores, as well as feedback, is available that combines both summative and formative

assessments [58, 16, 24].

• Grading style of the evaluator can be integrated.

ASAG applies to any course ranging from science to computer engineering [94, 63]

across different languages, including English, German, Chinese, and French [16, 40]. The

idea of ASAG can be extended to similar domains requiring grading, such as an interview

or competitive test [80], entrance and certification exams, quiz competitions, or similar.

Hence, developing a better ASAG model will benefit the education domain and other

domains assessing the individual’s performance through examination.

1.2 Problem Statement

There is a need for ASAG for consistent assessment as new questions, and different

responses are generated regularly [16]. The current ASAG systems are based on a

supervised learning method that requires labeled data [41]. Additionally, these model

grades are based on the reference answers provided by the grader or automatically selected

by the model using clustering [16, 58]. These approaches induce difficulties such as:

• Manually annotating the data which is expensive and time-consuming. Sometimes,

these data are required in large amounts if the model is deep learning-based

supervised learning [24, 94].

• Having reference answers for each question requires one or two human graders/ex-

pert’s authorization which is not cost-effective [24].

• Deep learning requires a large amount of data and is not fast enough to grade as it

requires more computational time.

• Assuming the data consists of a balanced distribution of classes [98].

• No generalization of all ways to correctly answer a particular question [58].

• Most of the ASAG does not provide feedback (formative assessment).

• Partial grades for the student’s response are not in consideration.

• Sometimes, the supervision of the evaluator is ignored, or ASAG is treated as a

replacement for a human grader [16].

4



1. Introduction

Research by Marvaniya et al. [58], Wang et al. [94], and Hasanah et al. [40] has proven

that including rubrics in ASAG has improved performance compared to reference answers.

Current approaches pave much less attention to the rubrics, which is significant in a

real-world situation for evaluating student’s answers [94]. Hence, having rubrics using

active learning could address the difficulties mentioned above induced by the present

models for ASAG. The Research Questions (RQ) to be answered in this work are as follows:

RQ1 What are the available methods for ASAG?

RQ2 Does the rubrics aid in providing proper and helpful feedback with grades?

RQ3 Is the model able to generalise?

RQ4 Which models are suitable for active learning to grade fast with effectiveness?

1.3 Objective

The primary purpose of this research is:

1. To provide feedback along with scores - formative and summative assessment.

2. To have the evaluator in the grading process.

Negative rubrics are incorporated to provide feedback and score on grading the short

answer. The approach extracts NLP-based features from each key element in the rubrics

and student’s responses to compute their similarity. The similarities help to calculate the

score, and the key element that is not in the student’s answer is provided as feedback. In

this process, active learning includes the evaluator teaching the rubrics for the queried

student’s response from an optimal minimum quantity of the total answers. Therefore,

the research hypothesis is that active learning with the ML model using negative rubrics

aids to provide feedback along with the score having the minimal intervention of the

evaluator for grading the short answer.

5



1.4. Report Outline

1.4 Report Outline

This report comprises six chapters; Chapter 1 provides the introduction followed by

the motivation, an overview of the research proceedings, and a report outline. Chapter 2

provides various State-Of-The-Art (SOTA) methodologies for ASAG and its deficits.

Chapter 3 enlightens the necessary knowledge about the concepts used throughout this

research work. Chapter 4 states the proposed method for the short answer grading using

negative rubrics. Chapter 5 presents the working and results of the proposed methodology

on two datasets from different domains. Chapter 6 includes this research work’s summary,

contribution, limitations, and future direction.
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2
Related Work

The significance of NLP is that it can analyze textual data, untie human perception

and opinion about a service, product, or another person. So, NLP is being utilized for

diverse applications in the education field. The research work by Fonseca et al. [30]

automatically classified the student’s programming assignments based on the subject-

based context using NLP. Thaker et al. [92] recommended remedial readings based on the

student’s knowledge state using the textual similarity method. The research by Arthurs

and Alvero [2] uses word embedding to obtain the ground truth from the student’s college

admission essay to remove the evaluator’s bias. Also, Xiao et al. [96] used transfer learning

and active learning for problem detection between subjects in peer assessments, d’Aquin

and Venant [25] evaluated text complexity in essays written by English learners using

a concept graph, which is a vectorization method in graph analysis. Chen et al. [22]

predicted student satisfaction with the online tutorial using various textual analysis

methods. The research work by Prokhorov and Safronov [73] is fascinating as it uses NLP

methods to obtain relevant articles in NLP for the researchers. Xing et al. [97] evaluated

the student’s education in engineering college for their sustainable development using

the Term Frequency-Inverse Document Frequency (TF-IDF). Rodriguez-Ruiz et al. [79]

used various features such as inference, chunking, text, and word analysis to estimate

the student’s digital literacy skills. The research work by Romadon et al. [80], Yusuf

and Lhaksmana [100] states that the NLP has been used to evaluate candidate answers

during the interview assessment, such as aptitude and oral examination. Shaik et al.

[85] did a literature review about incorporating NLP methods to analyze the student’s

feedback about the course or professor. The investigation of Pedró et al. [71], Khaled

[46] and Carey et al. [19] states that there is extensive open-ended research about NLP’s

impact in the education domain. Therefore, the above-motioned research could highlight

the vast usage of NLP in the education domain.

Despite researchers adopting NLP for various applications in the education domain,
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2.1. Reference Answer-based

it has been used for grading short answers for over two decades (2001-2022) [16, 56].

However, the work by Burrows et al. [16] states that the first use of the NLP method to

evaluate student answer dates back to 1966, which is called project essay grade. According

to this research work, the literature survey for short answer grading is divided into three

parts: reference answer-based, rubrics-based, and active learning-based.

2.1 Reference Answer-based

An example of short answer grading based on reference answer is presented in

Figure 1.1 and Table 3.1. Callear et al. [17] formulated an automated text maker, which

grades the short answer based on the number of concepts matching from student answer

to reference answer. These concepts are assigned weights based on their corresponding

importance. The researchers Mitchell et al. [62] and Bachman et al. [3] used parse tree

representation to obtain a template based on which the grades are assigned. Similar

to the previous research, these parse representations hold weights according to their

significance. Later, one of the well-known methods to grade short answers were C-rater

developed by Leacock and Chodorow [51], which used concepts from both student and

reference answer to generate model sentences. The score is assigned based on the concept

presented in the model sentence after NLP preprocessing (discussed in Chapter 3). C-

rater was one of the popular methods to grade essay answers as well. The development

of ML paved the way for Pulman and Sukkarieh [74] to present a comparative study

between different ML methods on short answer grading using reference answers. In

addition, Madnani et al. [57], Hou and Tsao [42] used ML models such as Support Vector

Machine (SVM) and logistic regression on simple features such as Part-of-Speech (POS)

tags, term frequency, length of response, Bag of Words (BOW) from student answer,

and reference answer to detect the score. Gütl [36] made use of NLP preprocessing

techniques along with text similarity and statistics measures to grade the answer in the

E-learning platform based on the provided reference answer. The researchers Nielsen

et al. [65], Bailey and Meurers [4] used corpus to obtain the score for the short answer,

where paraphrasing and synonyms correlation drawbacks from the previous research

are addressed. The work from Gomaa and Fahmy [33] used corpus-based features to

combine or compare with previously used features to provide a different perspective for

short answer grading that is to be interpreted as a similarity task. Mohler and Mihalcea

[63] contributed to providing a dataset on computer science that is widely used for

benchmarking. The research used knowledge-based and corpus-based similarity features

between reference and student answers. Klein et al. [49] developed a latent semantic

analysis for grading, whereas Basu et al. [6] used a clustering approach to group similar

8
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responses and computed similarity with the reference answer. The literature survey

from Burrows et al. [16] classified the above previous works on short answer grading into

different verticals as concept mapping, information extraction, corpus-based, machine

learning, and evaluation. Sultan et al. [89] provided a fast, simple, and high-accuracy

approach to grade the short answer by augmenting the textual similarity features such

as sentence alignment, semantic vector similarity, and embedding along with the grading

constructs such as question demoting, and term weighting. This is the highest-performed

SOTA for short answer grading. Research work by Pribadi et al. [72], Pado and Kiefer

[68] employed weighted similarity and sorting to grade the short answer, which failed

when the student’s answer was long. Due to the various research in short answer

grading, several competitions have been conducted. Among them, the most famous is

SemEval’13 task [16, 20]. These competitions have paved the way to collect more data

which successively made use of deep learning to grade the answers. Research works

of Sung et al. [90], Reimers and Gurevych [77], Luo [56] and Devlin et al. [27] made

use of transformers and transformer-based models such as Bidirectional Embedding

Representation from Transformers (BERT) trained on different corpora to grade the short

answer, which is also available publicly to fine-tune. In addition, recent short answer

grading research employs mostly deep learning methods [78, 24]. Krishnamurthy et al.

[50] had compared four deep learning methods, namely, character-based Convolutional

Neural Network (charCNN), Bidirectional Long Short Term Memory (Bi-LSTM), word

level CNN, and BERT, to present the performance of deep learning on short answer

scoring. Zhang et al. [101] had combined the benefit of deep belief networks with feature

engineering. Patil and Agrawal [70] has used two reference pairs from the student answers

for each grade category and provided reference answers. The features are extracted using

LSTM with an attention layer. Researchers Yang et al. [98] and Liu et al. [55] employed

attention networks and deep autoencoder models to grade the answer as a classification

problem. In addition, Qi et al. [75] and Tan et al. [91] explored the usage of convolutional

networks for feature extractions from student responses and reference answers to grade.

Further, Gaddipati et al. [31], Camus and Filighera [18] extensively studied transformer

models such as BERT, Generative Pre-trained Transformer (GPT), and Embeddings

from Language Model (ELMo) on their performance for short answer grading. Also, Cer

et al. [21], Gomaa and Fahmy [34] evaluated models such as BERT and skip-thought

vector based on transfer learning from the relevant domain corpus. However, the strategy

prevailing from template matching to deep learning and, at present, transfer learning is

comparing the student’s answer to the reference answer and predicting the grade based

on certain similarities [45] as expressed in Equation 2.1.
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2.2. Rubrics-based

scorei = δ(ai♣qi, rai) =
N

∑

s=1

sims(ai, rai) (2.1)

Where, i is the number of student answers, a is the student answer in consideration, q is

the question corresponding to the student answer, ra is the reference answer corresponding

to the answer, s is the number of similarities in computation and sims similarity metric

between reference and student answer.

2.2 Rubrics-based

The usage of rubrics instead of reference answers has gained limited recognition. The

research work by Santos et al. [82] initially attempted to manually grade using rubrics

with a web-based Graphical User Interface (GUI). The evaluators provide the questions

with rubrics so that when the students deliver the answers, the evaluator selects the

rubrics that match and presents the score. Nevertheless, the process is entirely manual;

only the system is electronic. Sakaguchi et al. [81] developed an approach combining

reference answers and rubrics where the question is provided with one or two reference

answers with the key element to be captured. So, the approach used a stacking of two

Support Vector Regression (SVR) where the first one looks for a matching reference

answer to the student answer; the other SVR obtains the score based on the key elements

presented in both the reference and student answer. Marvaniya et al. [58] attempted to

create scoring rubrics from the student’s answers based on clustering and representative

selection from those clusters for each score. Using the selected representative answer and

the reference answer increased the performance. Hasanah et al. [40] developed keyword-

based rubrics for short answer grading for the Indonesian language, where each keyword

contains certain weights. The number of keywords in the student’s answer sums up the

total score. Also, the paper mentioned specific tools, namely POS tagging and wordnet,

which were unavailable in the Indonesian language, to further the research. The research

work by Wang et al. [94] used a Bi-LSTM with a pooling layer from Riordan et al. [78]

as the base component, along with the word level attention layers (for each rubric) as

a rubric component. The concatenated sum of features from the base component and

the sigmoid of features from the rubric component predicts the score for the respective

answer. The rubrics are used in place of reference answers to predict the scores based on

the similarities between the student’s answer and rubrics, be it a keyword or key phrase,

or whole sentence. Overall, the rubrics are not used to provide feedback but score similar

to the reference answer-based methodologies, expressed in Equation 2.3.

10



2. Related Work

R = ¶rj♢
M
j=1 (2.2)

Where, r is a rubric, R is the set of M number of rubric. Substituting R instead of ra in

Equation 2.1 yields,

scorei = δ(ai♣qi, Ri) =
N

∑

s=1

M
∑

j=1

sims(ai, rij) (2.3)

2.3 Active Learning-based

Active learning has been used as a wrapper for different models, to mention a few,

random forest [64], CNN [8], SVM [13], and deep learning [8] for different tasks such as

time-series classification [5], anomaly detection [8], image classification and detection [13].

In addition, active learning is used in the context of NLP for obtaining word sense

disambiguation [28] and text classification [29, 59]. Whereas, in short answer grading,

active learning has a small contribution. Wang et al. [93] was the first to employ active

learning for short answer grading where few answers are labeled with their respective

scores with which the scores for other answers are predicted. Goudjil et al. [35] made an

overview of an Arabic text classification using SVM with active learning. Also, active

learning used batch mode selection for querying instead of the pool based. This is achieved

by assigning posterior probability using SVM to the samples to get the most informative

instance. However, there are no experimental results to support the idea. Li et al. [54]

used active learning for sampling the answers manually by the evaluator instead of

defined sampling techniques. Niraula and Rus [66] utilized active learning to get feedback

on the one or two words generated for the gap-filling questions. The research work

by Horbach and Palmer [41] compared the performance of active learning with different

sampling techniques, seed selection, and the number of samples to query (batch size).

In addition, Kishaan et al. [48] investigated the performance of active learning for short

answer grading based on different query strategies, and ML models. Mieskes and Padó

[61] had conducted various experiments to compare the performance of manual grading

with automated grading to semi-automated grading. Al-Tamimi et al. [1] had compared

active and passive learning for Arabic text classification. The research highlights the

effectiveness of using active learning compared to unsupervised learning or manual

annotations followed by supervised learning. Thus, previous research emphasized the

benefits of using the active learning method to grade the short answer with few labeled

data. In addition, specific research has provided optimal parameter setting such as
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sampling methods, batch size, better-performing ML models, and seed settings.

2.4 Summary

The research work by Al-Tamimi et al. [1], Horbach and Palmer [41] highlighted the

significance of using an active learning approach on top of the ML models. However,

these active learning methods used reference answers to grade the student’s response as

a similarity task. Utilizing reference answers restricts the paraphrase or word usage and

partial grades/scores. Also, reference answers are expensive since it needs more than

one expert opinion. On the other hand, employing rubrics shatters the disadvantage of

using reference answers. Nevertheless, more than rubrics to predict scores is required to

achieve the objective. The most crucial intention of having an assessment is to improve

knowledge. Predicting scores does provide the evaluation, whereas providing feedback [95]

rounds off the assessment. Comparing Equation 2.1 and 2.3 presents the scenario of

missing feedback. Negative rubrics offer feedback on what was missing in the answer or

the justification for the score provided. Therefore, this research aims to provide feedback

and a score as expressed in Equation 2.4 using particularly negative rubrics. Table 2.1

provides the limitations of each method.

scorei, feedbacki = δ(ai♣qi, Ri) =
N

∑

s=1

M
∑

j=1

sims(ai, rij) (2.4)

Method Limitation

1. Need more than one expert
opinion.
2. No generalization of all answers.
3. Partial grades are not considered.

Reference answer-based

1. Human grader is not included in
the evaluation.
2. Does not provide feedback.

Rubrics-based

1. Does not provide feedback.
2. Does not account for grading as
regression.

Active Learning-based

Table 2.1: Limitations of related work.
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3
Background

This chapter provides a general overview of pre-processing and popular feature

extraction methods used for short answer grading. In addition, the machine learning

methods used in this research work are discussed. Readers can skip if the topics are

familiar. This chapter helps to provide the concept useful to understand the later chapters.

3.1 Preprocessing Methods in ASAG

The text contains rich information, which is challenging to operate. Preprocessing the

text is intended to lower the computational load for the algorithm by reducing its size.

Even though preprocessing phase helps lessen the computational burden, it does cause

inevitable information loss from the raw text. Therefore, it is essential to understand each

preprocessing method and apply it when it is significant. The following preprocessing

methods are supported with the example from the Mohler dataset [63] of question I’d 1.5

presented in Table 3.1.

Question: What is a variable?
Reference Answer: A location in memory that can store a value.
Student Answer: A variable is a location in the computer’s memory

where a value can be stored for use by a program.
Each variable has a name, a value, a type, and a
size.

Table 3.1: An example short answer of a student for the question with reference answer
is provided from the Mohler dataset [63]. The particular example is chosen because of its
simplicity to understand. To know more about the dataset, refer to Section 5.1.1.

3.1.1 Spellcheck

Few student responses may contain misspelled words; in that case, spell correction is

mandatory to enhance performance. Spell-checking is a statistical approach based on
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Peter Norvig’s [67] blog post. The spell-checking method uses a word frequency list from

a reference corpus and the Levenshtein Distance algorithm. Each word in the text is

checked across the list of known words. No correction is applied if the word is present in

the list. Otherwise, all permutations of an edit, such as insertions, deletions, replacements,

and transpositions of a character from the original word, are generated. It then compares

these generated words to known words in a word frequency list. Those words found more

often in the frequency list are more likely the correct word. In exceptional cases, both the

given word and the generated word are unknown, and that word is not corrected. The

correction quality increases based on the corpus used for reference; for better results, use

the domain-dependent articles. The sentences from Table 3.1 has no spelling mistakes.

Therefore, Table 3.2 presents a different example from the same dataset.

Original: To provide an example or model of how the finished program should
perfom. -Provides forsight of some of the challanges that would be encountered.

Spellchecked: To provide an example or model of how the finished program
should perform. -Provides foresight of some of the challenges that would be
encountered.

Table 3.2: Spellchecked student responses using Spellchecker based on Peter Norvig’s
method. The words perfom and forsgiht from the original sentence are changed to perform
and foresight by insertion of letter r and e respectively. Also, the word challanges is
altered to challenges by replacement of the letter a with e.

3.1.2 Case Folding

Transforming the case of the text or making the entire text lower or upper case is called

case folding. Majorly, lowercase is favored [39]. Though the method is straightforward,

sometimes it gets tricky when “US” is converted to “us”, which alters the meaning

completely. Hence, the usage is restricted when the minute details are essential. Case

folding the student’s answer from Table 3.1 is provided in Table 3.3.

a variable is a location in the computer’s memory where a value can be stored for
use by a program. each variable has a name, a value, a type and a size.

Table 3.3: Case lowering the entire student answer.
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3.1.3 Tokenization

Processing the whole text/sentence might be difficult sometimes. So, the running text

is broken down into sentences and sentences into words using punctuations or whitespaces

as delimiters. This process is called tokenization, and separated sentences, phrases, or

words are called tokens. The complication arises in the text containing phrases like North

Rhine-Westphalia, doesn’t, and Mr. Tony are single entities, yet tokenization will split

them into individual words. Thus, a rule-based or ML approach is preferred to deal

with such situations. Tokenizing the student answer after case folding is presented in

Table 3.4.

‘a’, ‘variable’, ‘is’, ‘a’, ‘location’, ‘in’, ‘the’, ‘computer’, ‘’s’, ‘memory’, ‘where’, ‘a’,
‘value’, ‘can’, ‘be’, ‘stored’, ‘for’, ‘use’, ‘by’, ‘a’, ‘program’, ‘.’, ‘each’, ‘variable’,
‘has’, ‘a’, ‘name’, ‘,’, ‘a’, ‘value’, ‘,’, ‘a’, ‘type’, ‘and’, ‘a’, ‘size’, ‘.’

Table 3.4: Tokenizing the student answer after case lowering.

3.1.4 Part-of-Speech (POS) Tagging

POS indicates the function of the word in terms of meaning and grammatically within

the sentence. POS tagging annotates each word with its respective classes, such as

nouns, verbs, adverbs, adjectives, pronouns, and conjunction. These classes and all POS

tags used in a corpus are called a tagset. POS tagger is vital in chunking and keyword

extraction. Table 3.5 is an example of a student answer with its annotated POS tag after

case folding and tokenization. Tagset with its description is provided in the Appendix A.

‘a (DT)’, ‘variable (NN)’, ‘is (VBZ)’, ‘a (DT)’, ‘location (NN)’, ‘in (IN)’,
‘the (DT)’, ‘computer (NN)’, ‘’ (PUNCT)’, ‘s (DT)’, ‘memory (NN)’,
‘where (WRB)’, ‘a (DT)’, ‘value (NN)’, ‘can (MD)’, ‘be (VB)’, ‘stored (VBN)’,
‘for (IN)’, ‘use (NN)’, ‘by (IN)’, ‘a (DT)’, ‘program (NN)’, ‘. (PUNCT)’,
‘each (DT)’, ‘variable (NN)’, ‘has (VBZ)’, ‘a (DT)’, ‘name (NN)’, ‘, (PUNCT)’,
‘a (DT)’, ‘value (NN)’, ‘, (PUNCT)’, ‘a (DT)’, ‘type (NN)’, ‘and (CC)’,
‘a (DT)’, ‘size (NN)’, ‘. (PUNCT)’

Table 3.5: POS tagging the student answer after tokenizing. The word with the corre-
sponding POS tag is given in parentheses.
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3.1.5 Dependency Parsing

The linguistic relation between words in a sentence is described by dependency parsing,

as shown in Figure 3.1. As the sentence becomes longer, the tree becomes longer and

harder to navigate, which is the reason that instead of the student answer, the reference

answer is provided as an example.

Figure 3.1: Dependency tree for the reference answer from Table 3.1 after POS tagging.

Directed arcs express the relationships between each token in the sentence. The root of

the tree is location having the children determiner (det) a, preposition modifier (prep) in,

an object of the preposition (pobj) memory and relative clause modifier (relcl) store.

The sentence “a location in memory store” formed from the root node and its children

comprises the sentence’s basic meaning. The children of store direct object (dobj) value

make the other part of the sentence which is “store value”.

3.1.6 Punctuation and Stop Words Removal

Prepositions, conjunctions, articles, and pronouns are frequently used to connect

different parts of the sentence, called stop words. Punctuation and stop words can be

removed from the text as they are insignificant. Table 3.6 depicts the punctuation and

stop word removed from student answer after POS tagging.

variable is location computer memory where value can be stored use by program
variable has name value type and size

Table 3.6: Punctuation and stop words removed from the student answer after POS
tagging. Words such as a, in, the and for are removed along with the punctuation . and ,
from the student answer compared to the sentence in Table 3.5.
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3.1.7 Question Demoting

Sometimes students repeat the question in their answers to score. Question demoting

removes all the words that appear in the question from answers to restrain repeating the

question. An example of a question demoting student answer after punctuation and stop

word removal is presented in Table 3.7.

location computer memory where value can be stored use by program has name
value type and size

Table 3.7: Question demoted from the student answer. Words variable and is are removed
from the student answer compared to the sentence in Table 3.6.

3.1.8 Stemming and Lemmatization

For grammatical reasons, documents contain different word forms, such as formulate,

formulated, and formulating but of the same meaning. Stemming and lemmatization

convert these words into their base or standard form. Stemming uses heuristics to remove

the ending of the term to form a stem. Lemmatization reduces the words to their base

form, called a lemma. Table 3.8 presents different words with their stem and lemma.

Word Stem Lemma

Information (noun) Inform Information
Informative (adjective) Inform Informative
Informal (adjective) Inform Informal
Informer (noun) Inform Informer
Informers (noun) Inform Informer

Table 3.8: Words with their stem and lemma.

From Table 3.8, it can be inferred that stemming maps all four words to the same

stem inform where the original word’s meaning is lost. In addition, from the stem, the

actual word can not be deduced. In contrast, lemmatization preserves the type of word.

Therefore, lemmatization is preferred to stemming [87]. An example of lemmatization of

student answer after question demoting is provided in Table 3.9.
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location computer memory where value can be store use by program have name
value type and size

Table 3.9: Lemmatizing the student answer after question demoting. Word stored is
transformed into its base form store using lemmatization.

3.2 Features for ASAG

The initial requirement for dealing with a text is to identify the optimal number

of features. The process of mapping textual data to real-valued numbers or vectors

of fixed length is called features. Features are the low-dimensional representation of

the raw data without the loss of its information. Also, the machine learning algorithm

requires fixed-length vectors as it is not designed to work on the text. The features of

ASAG can be classified into two types based on the working, namely response-based and

corpus-based.

3.2.1 Response-based

A clear-cut and easy-to-implement method does not require much computation

time and memory. Response-based method extracts the features from the provided

text/sentences without the aid of external resources. Some of the popularly used

response-based methods are discussed below.

Bag-of-Words (BOW)

A vector representation of text that depicts the occurrence of each unique word in

a text/sentence is called BOW [38]. It keeps track of word counts and disregards

grammatical details and word order. The unique words from the student and reference

answer are presented in Table 3.10.

‘and’, ‘be’, ‘by’, ‘can’, ‘computer’, ‘has’, ‘location’, ‘memory’, ‘name’, ‘program’,
‘size’, ‘store’, ‘that’, ‘type’, ‘use’, ‘value’, ‘where’

Table 3.10: BOW from the student and reference answer.

Figure 3.2 presents the vector representation of reference and student answer from

Table 3.1. The first and second row represents the vector based on the occurrence of each
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unique word (x-axis) from the reference and student answer, respectively. According to

BOW, the reference answer and student response have 50% similarity, but the student

response is more similar to the reference answer. This is due to the matching of words

instead of having the sentence semantic in consideration. Therefore, the sentence can be

preprocessed by case folding, punctuation and stop words removal, question demoting,

and lemmatization before processing using BOW since it does not regard word order and

grammar.
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Figure 3.2: Vector representation using BOW in the heatmap for reference and student
answer from Table 3.1 after all preprocessing discussed earlier.

N-grams

A vector representation of text that represents the occurrence of each unique N-word

sequence in a text/sentence is called an N-gram, an extension of BOW. So, N-grams make

the sentence more understandable than BOW [44]. A 2-gram (bigram) is a two-word

sequence like computer memory and good morning. A 3-gram (trigram) is a three-word

sequence like support vector machines and full stack developer. The bigram for the

student and reference answer is listed in Table 3.11. Similar to BOW, N-gram disregards

the grammar but not the word order. Therefore, the sentence can be preprocessed by

case folding, punctuation and stop words removal, question demoting, and lemmatization

before processing using N-gram since the filler words can be removed between the notable
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words, which makes N-gram robust.

(location, memory), (memory, that), (that, can), (can, store), (store, value),
(location, computer), (computer, memory), (memory, where), (where, value),
(value, can), (can, be), (be, store), (store, use), (use, by), (by, program), (program,
has), (has, name), (name, value), (value, type), (type, and), (and, size)

Table 3.11: List of bigram from the student and reference answer
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Figure 3.3: Vector representation using Bigram in the heatmap for reference answer and
student answer from Table 3.1 after all preprocessing discussed earlier.

Figure 3.3 presents the vector representation of reference and student answer from

Table 3.1. The first and second row represents the vector based on the occurrence of the

bigram sequence (x-axis) for reference and student answer, respectively. According to

bigram, there is no similarity between the reference and student answers as the bigram

pairs of reference answers are not presented in the student response or vice-versa.
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3. Background

Chunking

The entity or phrase extraction from unstructured text is called chunking [69]. It is

performed upon POS tagging, highlighting the noun group, verb group, and verb [88]. A

regex-based grammar is defined initially to extract specific phrases, such as verb or noun

phrases. Therefore, when the sentence/text is to be chunked, it is tokenized, followed

by POS tagging. These POS tags are parsed with the defined regex-based grammar

to produce the required phrase [88]. Figure 3.4 depicts a sentence’s noun phrase-based

chunking tree.

S

NP NP NPthat  WDT can  MD store  VB

location  NN memory  NN value  NN

Figure 3.4: Chunking tree based on noun phrase for reference answer from Table 3.1.
The image contains noun phrases with only nouns such as location, memory, and value
of the reference answer, which are almost the expected keywords in the student answer.
The regex grammar used for this noun phrase is “NP: ¶<DT>?<JJ>*<NN>♢” which
means one or zero determiners, followed by zero or more adjectives and nouns.

Bilingual Evaluation Understudy (BLEU) Score

BLEU score is a metric used to assess machine translation. It evaluates the quality of

machine-generated/translated text by comparing it with a manual translator/evaluator

reference text. BLEU score is computed using four steps.

1. The number of N-grams from the predicted translation that appears in the reference

translation to the number of N-grams in the expected translation determines the

N-gram precision expressed as,

pn =

∑

N-gram∈c countclip(N-gram)
∑

N-gram∈c count(N-gram)
(3.1)

where, countclip(N-gram) is the number of N-grams from the predicted translation

that appears in the reference translation, count(N-gram) is the number of N-grams

in the predicted translation, and pn is the N-gram precision.
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3.2. Features for ASAG

2. Geometric average precision scores are calculated from the N-gram precision ex-

pressed in Equation 3.1.

Geometric average precision =
N
∏

n=1

pwn

n (3.2)

where, N is N-gram, N = 4 and wn is the weight, wn = N
4 .

3. Brevity penalty that penalizes the shorter sentences.

Brevity penalty =







1, if c > r

e(1−
r

c
), if c <= r

(3.3)

where, c is the number of words in the predicted translation, and r is the number

of words in the reference translation.

4. BLEU score is the product of Equation 3.2 and Equation 3.3.

BLEU score = Brevity penalty ∗Geometric Average Precision (3.4)

Even though BLEU is used as an evaluation metric for machine translation, it has been

used in auto grading to compute similarities [57, 101]. According to Equation 3.4, the

BLEU score for the answer based on the reference answer from Table 3.1 is zero. Except

for unigram, other N-gram yields zero, which causes N-gram precision and geometric

average precision to zero. Hence, the BLEU score is also zero since its a product of

brevity penalty and geometric average precision.

Length Ratio

The ratio of the number of tokens in the student answer to the reference answer is called

length ratio [89]. This restrains the student’s response length and computes its degree of

significance.

Tans = ¶Wi♢
N
i=0 (3.5)

where, Tans is a set of tokens for the student answer, Wi is the individual token in the

student answer, and N is the number of tokens in the student’s answer.

Tref = ¶Wj♢
M
j=0 (3.6)

22
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where, Tref is a set of tokens for the reference answer, Wj is the individual token in the

reference answer, and M is the number of tokens in the reference answer.

Length ratio =
N

M
(3.7)

According to Equation 3.7, the length ratio for the student answer and reference answer

from Table 3.1 is 2.83.

3.2.2 Corpus-based

The corpus-based method extracts the features from the provided text/sentences

with the benefit of external resources. This resource can be other text/sentences in the

dataset or domain-related corpus like Wikipedia. The corpus-based method requires

much computation time and memory, especially during training on the corpus. Some of

the popularly used corpus-based methods are discussed below.

Term Frequency - Inverse Document Frequency (TF-IDF)

TF-IDF is a technique for converting words into vectors with moderate semantic infor-

mation, providing weight to uncommon words. It gives way to associating important

words in a document which eliminates the incompetence of BOW. This method is majorly

used for keyword extraction and information retrieval [99, 47], yet it has been used for

ASAG [63]. TF-IDF comprises two parts they are

1. Term Frequency (TF) is the number of word occurrences in a document. TF is

the ratio of the recurrence of a word to the total number of words in a document.

TF(t, d) =
number of occurrence of t in d

total number of all words in d
(3.8)

where, t is the word under consideration and d is the document.

2. Inverse Document Frequency (IDF) weights the uncommon words. Words like

is occur more often in the documents and obtain a high score in TF. Nevertheless,

is consists of insignificant task information. Thus, it is desirable to possess a low

score for common words like is which is accomplished by IDF.

IDF(t) = log(
N

dft

) (3.9)
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3.2. Features for ASAG

where, N is the number of documents and dft number of the document containing

t.

Therefore, TF-IDF is given by the product of Equation 3.8 and 3.9,

TF-IDF(t, d) = TF(t, d) ∗ IDF(t) (3.10)

Figure 3.5 presents the vector representation of reference and student answer from

Table 3.1 using TF-IDF. The first and second row represents the vector based on the TF-

IDF of each unique word (x-axis, considering given sentence as documents) for reference

and student answer, respectively. According to TF-IDF, the reference and student answer

has 40% similarity, but the response matches the reference answer precisely. Hence,

when the TF-IDF is trained on relevant domain corpus like Wikipedia (e.g., related to

computer science) instead of considering the sentence from the dataset itself, the score

will increase [89].
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Figure 3.5: Vector representation using TF-IDF in the heatmap for reference and student
answer from Table 3.1 after all preprocessing discussed earlier.

Word Embedding

Word embedding learns a vector representation for each word of fixed length from a corpus.

It is competent to capture the context of a phrase with syntactic and semantic correlation

with other terms in a document. This is achieved by training a neural network on several

corpora. Training on domain-related corpus yields better results comparatively [60].
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The BOW, N-gram, and TF-IDF capture the word frequency, whereas word embedding

performs word prediction, which is significant while comparing two sentences. The

student and reference answer from Table 3.1 hardly have different meanings, yet the

BOW and TF-IDF provided a mediocre performance. However, the word embedding

learns to cluster similar words in context and semantics, as shown in Figure 3.6.

Figure 3.6: Word embedding of major keywords of reference answer from Table 3.1 is
plotted as a 3D graph using a word embedding demo from Carnegie Mellon University-
computer science department [23]. The words computer, memory, and location are
clustered together since it is related to a certain degree. Whereas store and value are in
different clusters indicating different entities or not related.

Widely used efficient word embedding models are Word2Vec, Glove, and FastText [9,

76, 10]. The research work by [60] has compared the performance of the embedding

models mentioned earlier on the ASAG dataset and found FastText to be a better model.

Therefore, this research work also uses the FastText word embedding model. FastText

is the extension of word2vec where instead of learning vector for each word, it learns

vector for n-gram of characters. Thus, it grasps the semantics of shorter words, prefixes,

and suffixes, which even process out-of-vocabulary words compared to the other two.

According to FastText, reference and student answers have 69% similarity.
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3.2. Features for ASAG

Sentence Embedding using S-BERT

Sentence embedding learns a vector representation for each sentence of fixed length

from a corpus. Word embedding performs better in correlating the words but does not

infer from the words. Sentence embedding is competent in capturing the context of

a sentence with syntactic and semantic correlation with the sentence in a document.

Therefore, it can grasp the entire document’s intention, context, and other nuances.

Among different sentence embedding models available, this research work intends to

use S-BERT as it seems to perform well comparatively [56, 27, 7]. S-BERT stands for

Sentence-Bidirectional Encoder Representations from Transformers.

BERT

Pooling

u

BERT

Pooling

v

cosine-sim(u, v)

Sentence A Sentence B

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

Figure 3.7: S-BERT architecture at inference computing cosine similarity between two
sentences. Reproduced from [p. 5][77].

Figure 3.7 depicts the S-BERT architecture that processes two sentences simulta-

neously. So, it is also called a twin network. A pooling layer has been stacked to the

sentence, creating a fixed-size vector representation for the sentence of varying length. The

utilization of CLS tokens is a popularly used pooling strategy. To fine-tune the weights

that produce significant embedding, siamese and triplet networks were adopted [83].

Figure 3.8 presents an example of pre-trained S-BERT learning the reference answer.

The thickness of the flow/edges (purple-colored thread) indicates the degree of association
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[SEP]
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Figure 3.8: S-BERT learning reference answer from Table 3.1 without any preprocessing.
Either side has heatmap columns of the layers/heads learned. Reproduced from [43].

between the words. The word location is highly associated with memory and store. Also,

value is highly associated with store. The following words are the keywords necessary to

consider in student answers. According to S-BERT, the reference and student answer

has 75% similarity.

3.2.3 Cosine Similarity

Features such as BOW, N-gram, TF-IDF, word, and sentence embedding produce

vectors. To compute the similarity between those vectors, the cosine angle between those

vectors is calculated, called cosine similarity, expressed in Equation 3.11.

s(ui, vi) = cos(θ) =
u ∗ v

∥u∥ ∥v∥
=

∑n
i=1 ui ∗ vi

√

∑n
i=1 u2

i

√

∑n
i=1 v2

i

(3.11)

where, ui is the vector-1, vi is the vector-2, n is the length of the vectors and s(ui, vi) is

the cosine similarity between vector ui and vi. The similarity value varies from -1 to 1,

with three possible outcomes.

• Similar Vectors : The value is 1, and the angle is 0.

• Unrelated Vectors : The value is 0, and the angle is 90.

• Opposite Vectors : The value is -1, and the angle is 180.
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3.2.4 Linear Sum Assignment

The Linear Sum Assignment Problem (LSAP) is designed to achieve optimal work-

task pair [12]. This is one of the major problems in combinatorial optimization and linear

programming since it employs finding minimal workers to finish the task or limited time

to finish the tasks by allocating optimal workers.
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Figure 3.9: Working of linear sum assignment on ASAG task. Each token of the reference
answer is associated with the tokens of the student answer (indicated using dotted lines)
to find similar token pairs in brown color (indicated using arrow-headed lines).

Consider a cost matrix C[i,j] of size n x m, which needs to obtain the sum of each

row to each column pair as minimum [15]. The LSAP is expressed as,

LSAP(i, j) = min(
∑

i

∑

j

Ci,jXi,j) (3.12)

where, X is a boolean matrix X[i, j] = 1 iff the row i matches the column j.
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The word level working of LSAP given the tokens of reference and student answer is

provided in Figure 3.9. For ASAG, the LSAP is calculated as follows,

1. Obtain word embedding u for the list of words in the student answer.

2. Obtain word embedding v for the list of words in reference answer.

3. Build a cost matrix Ci,j as a cosine similarity between ui and vj

Ci,j = s(ui, vj) (3.13)

LSAP(i, j) = max(
∑

i

∑

j

Ci,jXi,j) (3.14)

4. Obtain the optimal row and column vector pairs corresponding to the words using

LSAP from Equation 3.14. Maximizing LSAP captures the highest similarity value

corresponding to similar words.

5. Finally, these values are summed up and normalized using the length of the reference

answer tokens Tref to get the final value. Also, these values can be filtered using a

threshold based on performance.

3.3 Machine Learning (ML) Models

The short answer scoring is considered chiefly a regression task [89, 63, 60]. In

contrast, few have regarded it as a classification task [35, 94]. This research work prefers

ML models that work for both tasks. The subsequent ML models used in this research

work for training on the features extracted from the short answer for grading the same

are explained.

3.3.1 Ridge Regression

Ridge regression is a form of linear regression method in ML which reduces overfitting.

Ridge regression is favored when there are highly correlated multiple variables. Linear

regression is expressed as

Y = WX + B (3.15)

where, Y is the predicted value, X is the input value or feature vector, W is the weight

matrix and B is the bias. The loss is computed by,
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3.3. Machine Learning (ML) Models

Loss =
n

∑

i=1

(ŷi − (wixi + b))2 (3.16)

where, ŷ is the actual value. When there is a penalty for the loss in the Equation 3.16,

RSSridge(w, b) =
n

∑

i=1

(ŷi − (wixi + b))2 + α
p

∑

j=1

w2
j (3.17)

Ridge regression penalizes the coefficients of the variables, which prevents overfitting.

The penalty added is called the L2 penalty or regularisation term, which shrinks the

coefficient size. Also, this helps reduce overfitting, notably with smaller datasets or many

variables. Therefore, ridge regression is a model-tuning method employed when the data

suffer from multicollinearity. Also, ridge regression is used in this research to compare

the performance with the work [89, 60] that uses the same.

3.3.2 Support Vector Machines (SVM)

Figure 3.10: SVM as a classifier. Reproduced from [26].

SVM can be used as a classifier as well as a regressor, yet the working principle of

SVM for both remains the same [14]. Figure 3.10 illustrates SVM as a classifier that

separates different classes by fitting an optimal hyperplane with maximum margin [52].

The regressor fits the hyperplane with the maximum number of points within the
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margin/decision boundary [53]. The margin/decision boundary is the shortest distance

between the hyperplane and observations. The target is to maximize the space between

the margins to fit new observations with higher confidence. The observations through

which the margins are computed on both sides of the hyperplane are called support

vectors. Figure 3.10 depicts the working on linear data. Nevertheless, SVM works on

non-linear data by converting it into linear data while projecting from a lower to a higher

dimension. Working with higher dimensional data increases the computational burden.

SVM avoids the computation overhead using a kernel trick. Instead of projecting the data

to a higher dimension, the kernel trick is computing a dot product. Some popular kernel

functions in SVM are linear, polynomial, non-linear, Radial Basis Functions (RBF), and

sigmoid. These kernel functions are associated with SVM and can be used for other ML

models, such as logistic regression.

3.3.3 Random Forest

Figure 3.11: Random forest as regressor. Reproduced from [11, p. 5].

Random forest is an ensemble method that follows a bagging approach applicable

to classification and regression tasks. The random forest contains an “N” number of

decision trees as learning models as presented in Figure 3.11. Random forest trains these
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decision trees on different subsets of data based on sampling (including replacements).

This is called bootstrapping. Each decision tree holds high variance, but when combined

parallel, the variance is low as every decision tree is perfectly trained on that particular

subset of data. Hence the output is not based on a single decision tree but on “N”

decision trees. The leaf nodes of these decision trees consist of their prediction. In

the case of the classification task, the final output is achieved by selecting the class of

significant votes/predictions. In the regression task, the outcome is the mean of all the

leaf node predictions. This is called Aggregation. The aggregation process in random

forest improves its accuracy and reduces overfitting. Therefore, the random forest can

work with small to large datasets with an increasing number of trees. Also, the random

forest can work with missing data by computing values for them.

3.4 Active Learning

Figure 3.12: Active learning cycle. Reproduced from [84, p. 5].

Active learning seeks to reduce the labeling congestion by querying the instances from

unlabeled data to annotate by a human annotator/oracle [84]. In this research work, the

oracle is the grader/evaluator. The active learner aims to achieve high accuracy using

as much labeled data as possible by minimizing the cost and time of labeling the data.

Active learning can be employed where the data are abundant, but labels are expensive,

time-consuming, and sparse [93]. Figure 3.12 illustrates the idea of an active learning

cycle in which the machine learning model is initially trained on the available labeled data.

To achieve more performance in prediction, the model queries oracle and learns from

the annotation along with the previously annotated data. The querying continues till

desired/requested performance is obtained. The instances presented in the query to the
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oracle are sampled from the pool of unlabeled data. The main concern for the sampling

is to obtain an adequate strategy to select the better informative instance from the pool.

There are different query strategies: uncertainty sampling, query-by-committee, expected

model change, error reduction, variance reduction, and density-weighted methods. Among

them, uncertainty sampling is popularly used due to its performance [84, 48]. However,

these strategies work for the classification task, not for regression. Therefore, this research

work has devised a query strategy that works both for classification and regression.

Uncertainty Sampling

A powerful querying strategy for active learning is uncertainty sampling [48]. Uncertainty

sampling queries oracle with the most uncertain instance from the unlabeled data.

Uncertainty sampling is expressed as,

U(x) = argminx∈Xu
P (ŷ♣x; θ) (3.18)

where, Xu is the pool of unlabeled data, x is the instance from the pool of unlabeled data,

ŷ is the class label of high posterior probability for model θ and U(x) is the sampled

instance based on uncertainty based on model’s belief that x will be mislabeled. Therefore,

this strategy cannot work with continuous values (regression).

Intensity Sampling

While working with uncertainty sampling (or a similar strategy), it cannot obtain the

data’s structure, which can lead to suboptimal queries. Hence, this research work has

devised a custom query method based on information density expressed as,

I(x) = argminx∈Xu

1

♣Xu♣

∑

x′∈Xu

sim(x, x′) (3.19)

where, x′ is the other instances from the pool of unlabeled data, sim(x, x′) is a cosine

similarity function, and I(x) is the sampled instance based on information density.

Information density increases with the similarity between the given instance and the

rest of the data. Thus, this strategy can work with both discrete (classification) and

continuous values (regression).
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4
Methodology

This chapter focus on the methodology implemented to grade short answer using

rubrics. Also, the evaluation metrics used to assess the technique are discussed. The

methodology is generic that can be applied to any short answer grading. The methodology

is fragmented into the concept, technical approach, and architecture.

4.1 Concept

The main idea of this methodology is to provide both summative (score) and formative

(feedback) assessments of short answers as expressed in Equation 2.4. Having reference

answers does not suffice to provide feedback during grading. Hence, the question should

hold rubrics instead of reference answers. The similarity is computed between each

rubric and student answer per question. Words in the student answer and rubrics are

represented as vectors using different feature extraction methods and are compared using

cosine similarities. This allows for a higher coarse approach, where the answers can be

graded based on the rubrics they comprise. In addition, the rubrics-based similarity

could be an appropriate justification for the grade provided to a student along with the

feedback that was missing to be included. Before extracting features, each student’s

answer and rubrics are preprocessed using different methods such as case folding, spell

check, and stop word removal, as mentioned in Chapter 3, Section 3.1.

4.2 Technical Approach

This methodology is a two-step approach, first is to determine the potential features

and model for short answer grading using reference answers with the benchmark dataset.

The second is to use these features and model for grading the short answer using rubrics.

The benchmark dataset is provided by Mohler and Mihalcea [63].

The first step is to experiment on the Mohler dataset to determine the significant

features and model. The idea is to have the least correlated features, which are determined
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by p-value (feature selection). The features indented to be used are BOW, N-gram,

chunking, length ratio, word, and sentence embedding. These features are selected based

on their performance in previous research works. The selected features are fed into

the model wrapped by active learning, which selects the instance among the provided

features to be labeled using an intensity sampling query strategy. The model tested in

this research work are random forest, SVM, and ridge regression.

The determined model and features are used for grading short answers from Au-

tonomous Mobile Robot (AMR) course using rubrics. In the previous step, the features

are labeled using scores, whereas in this step, it uses rubrics. The scores are calculated

based on the number of rubric presented in the answer, and a missing rubric is provided

as feedback.

4.3 Architecture

As the approach is a two-step process, so does the architecture, reference answer-based,

and rubrics-based.

4.3.1 Reference Answer-based

Answers Feature extraction Model training 
(Regression)

Query human grader
for score

Need to query?  GradesNo

Yes

Sampling answer
(Intensity sampling)

Score

Active Learning LoopMohler Dataset (Labeled)

Reference answer

Figure 4.1: Pipeline for reference answer-based short answer grading. The dataset used
in this is from Mohler and Mihalcea [63].

The complete pipeline of the approach proposed for the reference answer-based short

answer grading is depicted in Figure 4.1. The answers from the Mohler dataset are

extracted features after certain preprocessing suitable to that particular method. Among
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these features, potential features are selected for training the model. The model is

regression-based, wrapped using active learning that queries a single instance to the

grader to label the score from the provided feature set using intensity sampling. The

model continues to train until it reaches 25% of the total data being queried, after which

it predicts the score based on the training. The pseudo algorithm for the method, along

with the query strategy, is presented below.

Algorithm 1: Reference Answer-based Grading

Input: Question, Students answer, Reference answer
Output: Grades

Function intensityquery(learner, pool):
intensity ← information density(pool, cosine)
query data ← pool[argmax(intensity)]
return query data

Function Main:
/* features for the data are obtained as array */

features ← potential features(Qn, Studans, Refans)

/* initially get a single random index to initiate the model */

initial ← Features(random index)
pool ← Features.remove(initial)

/* initiating active learner */

learner ← Activelearner(model, intensityquery, initial)
counter ←0

/* Query for 25% of total data */

for counter < 0.25 ∗ len(features) do
query data ← learner.query(pool)
score ← learner.teach(query data)
pool ← pool.remove(query data)
counter +=1

/* predict remaining answer’s grade and save the model for later */

grades ← learner.predict(pool)
model ← learner.save()

The features are essential as they impact the efficiency of the approach. The features

extracted from the short answer should depict the raw data in the low dimensional space.

Therefore, extracting the features and selecting the significant among them is crucial.

Figure 4.2 presents the feature extraction and selection process to yield the feature array
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BOW

Student Answer

Reference Answer

N-gram

Linear Sum
Assignment

Length Ratio

Chunking

Word Embedding

Sentence Embedding

1. Spell Check            3. Tokenization             5. Dependency Parsing                                               7. Question Demoting  
         

2. Case Folding           4. POS Tagger             6. Punctuation and Stop Words Removal                   8. Lemmatization  

Feature Selection Feature Array

1->2->3->6->7->8

1->2->3->6->7->8

1->2

1->2->3

1->2->3->4->5

1->2->3->6->7->8

1->2->3->6->7->8

Figure 4.2: Feature extraction and selection pipeline for reference answer-based short
answer grading.

for reference answer-based short answer grading. Features such as BOW, N-gram, linear

sum assignment, length ratio, chunking, word, and sentence embedding are extracted

from student and reference answers. Each feature requires a different preprocessing

set, denoted by the number according to the order above the flow line in Figure 4.2.

Among the extracted features, potential features are selected for the model training. The

potential features are obtained as least correlated by fitting a p-value lesser than 0.5.

Each preprocessing and feature extraction method is discussed in detail in Chapter 3. The

word embedding used in this research work is FastText trained on domain-related corpus

by Metzler [60]. Sentence embedding from Huggingface with the model all-mpnet-base-v2,

which is trained on a large and varied dataset of over 1 billion sentence training pairs, is

employed. The pseudo-code for chunking and linear sum assignment is given below. The
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remaining features, BOW, N-gram, and length ratio, are popularly used methods [89],

which are available publicly.

Algorithm 2: Feature Extraction

Input: Question, Students answer, Reference answer
Output: Array

Function Chunking(sentence):
/* regex expression for noun phrase */

chunks ← parser(NP: <DT>? <JJ> ∗ <NN>)
token ← tokenization(sentence)
tags ← pos tag(token)
chunk tree ← chunks.parse(tags)
for token in tree.pos() do

if token is “NP” then
phrase ← token

return phrase

Function Linearsumassignment(refans, studans, threshold):
studans we ← word embedding(studans)
refans we ← word embedding(refans)
for word1 in studans we do

for word2 in refans we do
cost matrix ← cosinesimilarity(word1, word2)

row idx, col idx ← linearsumassignment(costmatrix, maximize)
for elem in cost matrix[row idx][col idx] do

if cost matrix[row idx][col idx] ≥ threshold then
/* normalized using the length of reference answer */

sim ← cost matrix[row idx][col idx]/len(refans we)

return sum(sim)

4.3.2 Rubrics-based

The complete pipeline of the approach proposed for the rubrics-based short answer

grading is provided in Figure 4.3. The answers from the AMR dataset are extracted

features after certain preprocessing suitable to that particular features. These features

are the ones benchmarked using the Mohler dataset. The features are extracted between

answers and rubrics instead of reference answers. The model is a classification-based

wrapped using active learning that queries a single instance to the grader to label the
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Answers Feature extraction Random forest 
(Classifier)

Query human grader
for rubric(s)

Need to query? 
(Query 30%) 

 Grades and
feedback

No

Yes

Sampling answer
(Intensity sampling)

Rubric(s)

Active Learning LoopAMR Dataset (Labeled)

Figure 4.3: Pipeline for rubrics-based short answer grading. The dataset used in this is
the AMR dataset which is collected internally.

rubric (using rubrics table) from the provided feature set using intensity sampling. The

model continues to train until it reaches 25% of the total data being queried, after which

it predicts rubrics based on the training. The rubrics table consists of the score for all

the linear combinations of the provided rubrics. The pseudo algorithm for the method

and the generation of a rubrics table from the rubrics are presented below.

Algorithm 3: Generating Rubrics Table

Input: Rubrics
Output: Array of rubrics with score

Function Main:
for count in len(rubrics) do

for sent in iter(set(rubrics), count) do
if sent ! = [ ] then

Rubricstable(rubrics) ← sent
/* Since it is negative rubrics */

Rubricstable(score) ← −len(sent)

return Rubricstable
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Algorithm 4: Rubrics-based Grading

Input: Question, Students answer, Rubrics
Output: Grades, Feedback

Function Main:
/* features for the data are obtained as array */

features ← potential features(Qn, Studans, Rubrics)

/* initially get a single random index to initiate the model */

initial ← Features(random index)
pool ← Features.remove(initial)

/* initiating active learner */

learner ← Activelearner(model, intensityquery, initial)
counter ←0

/* Query for 25% of total data */

for counter < 0.25 ∗ len(features) do
query data ← learner.query(pool)
rubrics ← learner.teach(query data)
pool ← pool.remove(query data)
counter +=1

/* predict remaining answer’s grade and save the model for later */

feedback ← Rubricstable[rubrics][learner.predict(pool)]
grades ← len(rubrics)+Rubricstable[score][feedback]
model ← learner.save()

4.4 Evaluation Metrics

Evaluation of ASAG is done by comparing the grades predicted by the model and

the grades given by the human evaluator [40]. The success of ASAG is determined by

how much the model generates similar grades to the human grader. Following are the

two evaluation metrics used in this research work.

4.4.1 Pearson Correlation

Correlation is the degree of the linear relation between two variables. It can be

computed between two numerical entities (e.g., height and weight) or between two

categorical entities (e.g., product type and reviews). Pearson correlation is a majorly

used evaluation metric for ASAG [16]. Hence, this research work prefers to use the same

as expressed in Equation 4.1.
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ρxy =
COV (x, y)

σxσy

=

∑n
i=1(xi − x̂)(yi − ŷ)

√

∑n
i=1(xi − x̂)2

√

∑n
i=1(yi − ŷ)2

(4.1)

where, x and y are the variables to find correlation, ρxy is Pearson correlation coefficient,

Cov(x, y) is the covariance of variables x and y, σx is the standard deviation of x, σy is

the standard deviation of y, x̂ is the mean value for the variable x and ŷ is the mean value

for the variable y. Pearson correlation measures the association between two variables,

x, and y. Its value ranges from -1 to 1. A value of -1 is a negative correlation, 0 is no

correlation, and +1 is a positive correlation.

4.4.2 Root Mean Square Error (RMSE)

RMSE is a popular evaluation metric to measure the prediction quality of supervised

learning using actual value. It uses euclidean distance to compute the difference between

predicted and actual values. RMSE is determined by obtaining the standard deviation of

the residuals (difference between truth and prediction), which can be expressed as,

RMSExy =

√

∑n
i=1(ŷi − yi)2

n
(4.2)

where, n is the number of measurements/true values, yi is the predicted value and ŷi is

the true value.

4.4.3 Why not Accuracy?

Though accuracy can evaluate the model, there are better performance indicators for

the unbalanced dataset [56]. For example, let x be a binary class (for simplicity) consisting

of labels [1, 1, 0, 1, 1] such as 90% positive and 10% negative samples. The model had

predicted label as [1, 1, 1, 1, 1], which has learned the dominating class but not the other

as the data might need to be more sufficient to train the model. However, it obtains a

90% accuracy rate, whereas the correlation is undefined since there is no variance and

the standard deviation becomes zero, as in Equation 4.1. The undefined correlation

indicates that the model’s performance is unsatisfactory, whereas accuracy does not

indicate the model’s learning. As ASAG datasets are mostly unbalanced, correlation

metric is preferred compared to accuracy [16]. Also, correlation depicts how much the

model performs similarly to the evaluator in grading the short answer.
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5
Evaluation

This chapter describes the different datasets used in this research work along with

the performance and analysis of the proposed methodology on those datasets.

5.1 Experimental Setup

The methodology proposed in Chapter 4 should be experimented to validate it. Thus,

the experimental setup describes the transformation of process and methods presented in

Chapter 3 and 4 to the working model.

5.1.1 Dataset Description

This research work experimented with two different datasets, namely Mohler [63] and

AMR. These datasets differ in the grading approach where the former is reference-based,

latter is rubrics-based. A comprehensive description of each dataset is provided below.

Mohler Dataset

The Mohler dataset from the University of North Texas comprises a short answer

assignment from the Data Structure course. This assignment consists of questions from

introductory computer science with the answers given by undergraduate students as

presented in Table 5.1. The student responses are stored with the WebCT online service

for learning [63]. This dataset is a collection of two exams with ten questions and

ten assignments with four to seven questions each. Thus, the dataset holds eighty-one

questions with 2,273 student responses. Two human evaluators graded these answers from

zero (incorrect) to five (perfect). Hence the average of the grades is considered the gold

standard to investigate the performance of ASAG [33]. The dataset is publicly available

at the author’s blog1 at the Department of Electrical Engineering and Computer Science

from the University of Michigan. The dataset’s attributes are provided in Table 5.2.

1https://web.eecs.umich.edu/˜mihalcea/downloads.html
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Question: What is the role of a prototype program in problem
solving?

Reference Answer: To simulate the behaviour of portions of the desired
software product.

Student Answer 1: To simulate portions of the desired final product with
a quick and easy program that does a small specific
job. It is a way to help see what the problem is and
how you may solve it in the final project (5).

Student Answer 2: the prototype program gives a general idea of what
the end product will do, without the time and effort
to write out the entire program (3).

Table 5.1: Question and answer from the Mohler dataset with gold standard score in
parentheses.

Attributes Value/type

Number of participants 28-29
Number of questions 81
Number of answers 2273
Number of answers/questions 28-29
Grade range 0-5
Domain Computer science
Grading method Reference answer-based
Dataset file extension .csv

Table 5.2: Attributes of the Mohler dataset.

AMR Dataset

The AMR dataset from the Bonn-Rhein-Sieg University of Applied Science includes short

answers from the Autonomous Systems course. This assignment consists of questions

from Localization using maps with the answers given by graduate students as provided

in Table 5.3. The student responses are gathered with the Jupyter Notebook published

via an internal server for exams. This dataset is a collection of five questions from the

mid-term and final exams with 190 student responses. These answers were graded by a

human evaluator from zero (incorrect) to three (perfect) and provided feedback. This

feedback is used as the key element for rubrics for this research work. Since the dataset is

limited, internally developed, and still part of the examination, it is not publicly available.

The dataset’s attributes are provided in Table 5.4.
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Question: How can a continuous map representation be modified to
reduce the computational cost?

Feedback: closed world assumption, different map decomposition
techniques.

Student Answer 1: By using abstraction and capture relevant features, and
neglect not so important information from the map, we
can reduce the computational cost of the continuous map
(1).

Student Answer 2: Continous map representation can be reduced taking the
closed world assumption into consideration where only
regions with objects/obstacles are stored and all other non-
object/free areas are left sparse. This result in a sparse
map that is computationally and memory more efficient.
Another way is to add an extra layer of abstraction where
features like straight lines are extracted from continous
points and these sets of lines approximate the exact map
to a reasinable degree. This way, instead of saving many
points only line(groupimg multiple points) prameters are
saved (3).

Table 5.3: Question and answer from the AMR dataset with evaluator score in parentheses.
The feedback provided is applicable to the student answer 1, since the student answer 2
secures full score.

Attributes Value / type

Number of participants 38
Number of questions 5
Number of answers 190
Number of answers/questions 38
Grade range 0-3
Domain Robotics
Grading method Rubrics-based
Dataset file extension .csv

Table 5.4: Attributes of the AMR dataset.

5.1.2 Machine Configuration

Both the Mohler and AMR datasets are small. So, it only requires a little computation

power, which can be executed in a Personal Computer (PC) of the specification provided

in Table 5.5. However, experimenting in various settings requires good memory and

computation power. The experiment is conducted on the platform for Scientific Computing
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at Bonn-Rhein-Sieg University [37]. This platform’s subspace (cluster) is granted for

student’s research work. The details are below in Table 5.5. Assure to check for error-free

before executing the script on the University cluster. A detailed software prerequisite

and frameworks used are explained in Appendix B.

Components Cluster specs PC specs

Operating system Nitrogen, Linux 7.8 Ubuntu, Linux 20.04

Memory 50 GB for computation
and 100 GB for storage

50 GB SSD

Central Processing Unit (CPU) 50 nodes with 2x Xeon
processors having 16
cores

16GB RAM, 9th Gener-
ation Intel® Core™ i7-
9750H

Graphical Processing Unit
(GPU)

Nvidia Tesla V100 4GB, NVIDIA GeForce®
GTX 1660 Ti

Table 5.5: Machine configuration utilized for this research [37]. Configuration of both
cluster and PC used is mentioned where the PC is of model Lenovo Legion Y540.

5.1.3 Pre-processing

Before extracting features, the student and reference answers are preprocessed. The

proposed approach includes the following preprocessing steps:

• Spell check is performed using pyspellchecker based on Peter Norvig’s blog post

that holds an English dictionary (not particular to the domain).

• Case folding is performed by lowering text cases using a default string library in

python.

• Tokenization, POS tagging, dependency parsing and lemmatization are

accomplished using SpaCy library.

• Stop words removal is performed using the stop words list associated with the

SpaCy library.

• Punctuation removal is done by filtering out the “PUNCT” POS tag.

• Question demoting is performed by filtering out the words in the question from

the student’s answer.

All the preprocessing methods are not applied to the student and reference answers.

Depending on the features to be extracted specific set of preprocessing is performed as

indicated in Figure 4.2.
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5.1.4 Features

Extracting features is crucial as it represents the raw data in a lower dimension.

The proposed approach includes the following features extracted from the student and

reference answer:

• BOW is a list of unique words in the given text computed by the countvector

function from the Scikit-learn library.

• N-gram is performed using NLTK library that concatenates N successive tokens.

This research work experimented with bigram and trigram. Among them, trigram

produced a better result. Therefore, the research work used trigram but generally

denoted as N-gram.

• Linear sum assignment is an optimization function from the Scipy library.

• Length ratio is performed by dividing the number of student answer tokens by

the number of reference answer tokens.

• Chunking is performed by the NLTK library that parses the regex grammar along

with tokens consisting of their respective POS tags.

• Word embedding is performed using Gensim library. The Gensim library helps to

load and execute the pre-trained model. The word embedding used in this research

work is FastText trained on domain corpora such as computer science and machine

learning from Metzler [60].

• Sentence embedding is performed using sentence transformer library from

Huggingface2. The pre-trained model used is all-mpnet-base-v2 3 which is trained

on higher than one billion sentence pairs.

Among the above seven features, BOW, N-gram, chunking, word, and sentence

embedding produce two vectors for student and reference answers, which are converted

to a single value using cosine similarity. These values for each student answer constitute

an array called a feature array.

2https://huggingface.co/sentence-transformers/all-mpnet-base-v2
3https://www.sbert.net/docs/pretrained_models.html
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5.1.5 ML Models

Active learning wraps the ML models and converts the features to scores and feedback.

• Active learning is used from the ModAL library, which is comparatively effortless

to use upon ML models from other frameworks.

• Random forest and SVM is used from Scikit-learn library.

• Ridge regression is used from Scikit-learn and mord library. Mord library is

considered an extension of the Scikit-learn library for ordinal regression models [60].

Ridge regression from the mord library is denoted as M-Ridge, whereas the Scikit-

learn library is denoted as Ridge.

This research does not focus on finding the best model with the best parameters. Hence,

the default parameters of the model have been used.

5.1.6 Performance Metrics

The following metrics evaluate the performance of the approach.

• Pearson correlation is computed from the statistics function in the Scipy library.

• RMSE is computed from the metrics function in the Scikit-learn library.

The framework mentioned above and its usage are detailed in Appendix B. The code

is available publicly4 for further research and usage.

5.2 Results

The results are discussed individually based on the methods of grading. Reference

answer-based grading is used to acquire the potential feature set and the model. Since the

rubrics-based method is the first distinct approach to grade the short answer, which has

yet to have a publicly or popularly available dataset to benchmark the method. There is

no available dataset with negative rubrics along with the respective score. Therefore, the

Mohler dataset is used to benchmark the approach to be used in the AMR dataset.

4https://github.com/Ganesamanian/Computer-Assisted-Short-Answer-Grading-with-Rubrics-

using-Active-Learning
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5. Evaluation

5.2.1 Reference Answer-based

The Mohler dataset is used to benchmark the methodology and detect the optimal

parameters for the approach, such as features, percentage of querying, strategy for

querying, and model.

Feature Selection

Seven features are extracted: BOW, N-gram (trigram), chunking, linear sum assignment,

length ratio, word, and sentence embedding after specific preprocessing of student answers

and their corresponding reference answers from the Mohler dataset. These features are

pivotal because they are diverse and uncorrelated since analogous features do not improve

performance. Therefore, to eliminate the redundant features, a hypothesis is framed that

the features are not correlated by fixing the p-value to be less than or equal to 0.5.

Se
nte

nce
 Em

be
dd

ing

N-gr
am

s

Lin
ea

r S
um

 Assi
gn

men
t

BOW

Word
 Em

be
dd

ing

Len
gth

 Rati
o

Chu
nk

ing

Sentence Embedding

N-grams

Linear Sum Assignment

BOW

Word Embedding

Length Ratio

Chunking

1.00 0.70 0.47 0.58 0.59 -0.19 0.45

0.70 1.00 0.72 0.93 0.62 -0.15 0.67

0.47 0.72 1.00 0.78 0.54 0.25 0.55

0.58 0.93 0.78 1.00 0.64 -0.14 0.74

0.59 0.62 0.54 0.64 1.00 -0.22 0.42

-0.19 -0.15 0.25 -0.14 -0.22 1.00 -0.11

0.45 0.67 0.55 0.74 0.42 -0.11 1.00

Correlation Between the Extracted Features

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Figure 5.1: Correlation between the extracted features is represented using heatmap.
The values in each cell correspond to the correlation value between the features forming
the respective cell.
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The correlation heatmap between the extracted features is presented in Figure 5.1.

The diagonal of the matrix is one since it is the correlation with itself. At the same

time, other cell indicates the correlation between the following features forming the

individual cells. Employing the hypothesis on this correlation heatmap, potential features

are selected. Thus, according to the hypothesis, the features that correlate above 0.5 are

removed. The feature sentence embedding has a high correlation with N-grams (trigram)

of 0.70, followed by a correlation with BOW and word embedding of 0.58 and 0.59,

respectively. However, the sentence embedding feature can not be removed because the

features are to be removed systematically based on the number of highest correlation

values. Consider BOW that correlates with an N-gram (trigram) of 0.93, which is very

close to one. Hence, BOW or N-gram (trigram) must be removed since the other is

redundant. Recognizing the previous research work, the BOW has performed better

and is popularly used comparatively. Thus the N-gram feature was removed initially.

However, BOW highly correlates with other features, namely, linear sum assignment,

chunking, word and sentence embedding of values 0.78, 0.74, 0.64, and 0.58, respectively.

The BOW feature was removed next to N-gram, followed by word embedding. Since

word embedding holds a correlation value of 0.59 with sentence embedding. Also, word

embedding is internally used in linear sum assignment (refer Section 3.2.4).
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Figure 5.2: Correlation between the selected features is represented using heatmap.
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The correlation heatmap after feature selection is provided in Figure 5.2. These

features are less correlated because each one distinctly represents the raw text, such

as 1. length ratio measures the length of the answer, 2. sentence embedding measures

the semantics of the sentence as a whole, 3. chunking provides importance to the noun

phrase in the sentence which consists of keywords or keyphrases and 4. linear sum

assignment uses word embedding to determine the similar word pairs. The features

chunking and linear sum assignment have a correlation value of 0.55, which is higher

than the determined p-value of the hypothesis. However, removing either of the features

degrades the performance, so both are retained. Chunking and linear sum assignment

can be similar sometimes, as the word pair selected by linear sum assignment could be in

the chunked noun phrase. Hence, the selected features are length ratio, chunking, linear

sum assignment, and sentence embedding.

Determining Querying Percentage

When the approach was formulated, the querying percentage was assumed to be 25%,

with which the model trains to predict the new instances. This percentage value was

chosen to have a minimal contribution from the evaluator and not burden the evaluator.

However, assuming the querying percentage without examining might mislead from the

optimal value. The objective is to find the minimum querying percentage that yields the

best performance. So the first question from the Mohler dataset, along with its student

response and reference answer, is selected. The first question has an id 1.1 consisting of

28 student responses and a reference answer. The features selected from the previous

step are extracted from the student answers and a reference answer. The model employed

for this analysis is Random Forest Regressor (RFR). Initially, the model is trained with

one instance and tested on 27 student responses. In the next step, the first instance is

queried based on intensity sampling and tested on the remaining 26 responses. This

process continues until no instances are left to query. Figure 5.3 represents the Pearson

correlation and RMSE values corresponding to the increasing order of query percentage

for 100 iterations. The Pearson correlation has a random negative value, and RMSE

holds a random positive value (between 1 to 2) at the start. As the querying percentage

increases, the Pearson correlation tends to saturate on the high value of 1, whereas RMSE

tends to lower towards 0.2. Therefore, an optimal range is between 25-35% (7-10 number

of queries), where the saturation begins. Hence the assumed value tends to be one of the

optimal querying percentages.
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Figure 5.3: Pearson correlation and RMSE value with respect to query percentage. The
graph presents the performance of RFR on question 1.1 of the Mohler dataset for the
selected features. The evaluation is done for 100 iterations. Solid blue lines correspond
to Pearson correlation and dashed green lines denote RMSE.

Though Figure 5.3 supports highlighting the optimal querying range, it is challenging

to examine values for each iteration. So, Figures 5.4 and 5.5 provides a candle plot of

Pearson correlation and RMSE of 100 iterations for 100% querying. The candle plot

consists of four parameters, namely 1. open indicates the performance value at the

start (for first query), 2. close indicates the performance value at the end (for end

query), 3. high indicates highest value between the open and close and 4. low indicates

lowest value between the open and close. In Figure 5.4, consider the first block (first

iteration) the top, having value 1, is close, and at the bottom, having a value near to 0.5,

is open. The thin line after the open is low, and the line after the close is high which

is not present in this case since the highest value is one. In addition, the green color

block represents increasing values, and the red color represents decreasing values; hence

Pearson correlation is green, and RMSE is red. Also, the red color block has close at the

bottom and open at the top or vice-versa to the green block, which was explained earlier.

The average Person correlation and RMSE are 1.00 and 0.36 for 100 iterations with a

100% querying percentage. However, the candle plot does not provide information about

the optimal percentage since it depicts the performance at each iteration. Therefore,

Figure 5.3 is presented before, followed by the candle plot Figures 5.4 and 5.5.
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Figure 5.4: Candle plot for Pearson correlation of 100 iterations for 100% querying.
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Figure 5.5: Candle plot for RMSE of 100 iterations for 100% querying.
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The performance of the RFR for three settings for 100 iterations is presented in

Table 5.6. The optimal range is 25-35%; thus, the model’s performance with the same is

to be examined instead of 100% querying. Three settings for querying percentage are

investigated, which are 25% that queries seven instances to label, 30% corresponds to eight

instances, and 35% corresponds to ten instances. Among them, 30% querying is optimal

as it provides a better result with fewer training instances. Also, 30% querying is one

question more than 25%, but the performance nearly matches the 35% querying, which

is two more questions for querying. Pearson correlation and RMSE of 100 iterations

for 30% querying are presented in Figures 5.6 and 5.7 respectively. Comparing the

Figures 5.4 and 5.6, it is evident that 30% querying almost achieves the same performance

as 100% querying. Hence, instead of assumed 25%, 30% querying is chosen throughout

this research.

Metrics 25% 30% 35%

Pearson’s ρ 0.91 0.93 0.95
RMSE 0.65 0.53 0.51

Table 5.6: Performance based on the optimal querying percentage. The optimal value is
highlighted.

20 40 60 80 100

−0.5

0

0.5

1

Candle Plot for Pearson Correlation for 30% Querying

Pe
ar

so
n 

Co
rr

el
at

io
n

Number of Iterations

Figure 5.6: Candle plot for Pearson correlation of 100 iterations for 30% querying.
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Figure 5.7: Candle plot for RMSE of 100 iterations for 30% querying.

The intensity sampling query strategy is evaluated by benchmarking its performance

compared to the performance of uncertainty sampling. Since uncertainty sampling works

only with classification models, intensity sampling is also performed with classification

and regression models. The random forest model is used for both classification and

regression tasks. Table 5.7 highlights performance based on query strategy for 30% of

querying. Regarding the classification task, the intensity sampling has performed 4%

higher than the uncertainty sampling. Querying informative instances is more effective

than uncertain instances. In comparison, the regression task performs better than the

classification task because the continuous values are much similar to the grading pattern

of the evaluator. Therefore, this research work proceeds with intensity sampling as a

querying strategy irrespective of the task.

Task Querying Strategy Pearson’s ρ RMSE

Classification Uncertainty Sampling 0.85 0.78
Classification Intensity Sampling 0.89 0.72
Regression Intensity Sampling 0.93 0.53

Table 5.7: Performance based on task and querying strategy. Random forest is used
for both the classification and regression tasks. Intensity sampling is better performing
irrespective of the task.
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Model Selection

A potential model to work with active learning is to be selected. Regarding the previous

work, ridge regression [89, 60] and Support Vector Regression (SVR) which is SVM

as regressor [63], are popularly used. This work uses RFR and the earlier-mentioned

methods to examine the better-performing model for the selected features and querying

percentage. Table 5.8 presents each ML model’s performance on the Mohler dataset for

the selected features. These ML models are wrapped with active learning that queries

30% of the total data using intensity sampling. Therefore, the performance is on the

remaining 70% evaluated for 100 iterations.

Metric RFR SVR Ridge M-Ridge

Pearson’s ρ 0.637 0.593 0.571 0.512
RMSE 0.855 0.882 0.915 0.958

Table 5.8: Performance of the ML models on the Mohler dataset. M-Ridge represents
ridge regression from the mord library. Whereas the other three models are from the
Scikit-learn library. The performance is arranged in their descending order from left to
right.

RFR SVR M-Ridge Ridge

Execution Time (s) 50 29.6 1.79 1.62

Table 5.9: Execution time of the ML models on 70% of the Mohler dataset in seconds
based on PC configuration. The time of execution is arranged in their descending order
from left to right.

Among the ML models mentioned in Table 5.8, the RFR performed high, with a

Pearson correlation value of 0.637 and an RMSE of 0.855. This is due to concatenating

hundred decision trees in parallel, which has the drawback of a high processing time of

50s for 1,592 answers depicted in Table 5.9, comparatively. SVR shows the second-highest

performance with almost 40% less execution time than RFR. Whereas Ridge and M-Ridge

execute almost 94% less in time than SVR but the performance is low. Therefore, there

should be a trade-off between performance and execution time. Based on trade-off, SVR

is the significant model; based on performance, RFR, and execution time, it is Ridge.

The values tabulated above are the average for a hundred iterations of random data

sampling for training and testing. Figures 5.8 and 5.9 depicts the Pearson correlation

and RMSE value of each ML model per iteration with their average value for hundred

iterations.
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Figure 5.8: Pearson correlation graph for each model for 100 iterations. The dashed line
represents the average value which is mentioned above the line.

A hundred iterations for each model are performed in the same condition, such as

machine configuration, feature set, and environment. The only variability is the sampling

of the test set for each iteration. The graphs in Figure 5.8 show that all the models

oscillate in their performance across 100 iterations because of the randomly sampled

data for training. Even though the performance oscillates, it remains within a range,

indicating no abnormalities. When the training set consists of well-balanced all diverse

classes, the model learns effectively to perform better predictions on the training data.

Otherwise, the performance is comparatively low, based on the diversity; performance

varies proportionally with the diversity of classes. This observed pattern could not be

adequately expressed in an equation or formulation. Additionally, the answers that has

equations or expressions, are difficult to process.
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Figure 5.9: RMSE graph for each model for 100 iterations. The dashed line represents
the average value which is mentioned above the line.

The model RFR and SVR have surpassed the SOTA results as depicted in Table 5.10.

The results of this research outran the previous results since the significant ideas from each

previous work were combined. Sultan et al. [89] found a better performance by combining

the features that form this research’s base. The BERT model for sentence embedding was

inspired by Gaddipati et al. [31]. In addition, fastText for word embedding is employed

from Metzler [60] due to its performance, and also it is trained in the domain articles. In

addition, Metzler [60] has extracted verb phrase that increases the performance, and this

research experimented with a noun phrase as most of the keywords do contain nouns [88].

Linear sum assignment was included as a new technique regarding the previous work to

find similar word pairs between two sentences. Therefore, this research selects random
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forest (RFR) for rubrics-based grading since the model outperforms other models despite

taking longer execution time. Since better hardware can reduce the execution time.

Model Approach Pearson’s ρ RMSE

SVR [Mohler and Mihalcea [63]] BOW 0.431 0.999
SVR [Mohler and Mihalcea [63]] TF-IDF 0.327 1.022
Ridge [Sultan et al. [89]] TF-IDF + SIM 0.592 0.887
Ridge [Metzler [60]] SIM (Word2Vec) + VP 0.545 0.945
Ridge [Metzler [60]] SIM (Glove) + VP 0.509 1.002
Ridge [Metzler [60]] SIM (FastText) + VP 0.537 0.956
Ridge [Gaddipati et al. [31]] SIM (ELMo) 0.485 0.978
Ridge [Gaddipati et al. [31]] SIM (BERT) 0.318 1.057
RFR SIM (BERT & FastText) + NP 0.637 0.855
SVR SIM (BERT & FastText) + NP 0.593 0.882
Ridge SIM (BERT & FastText) + NP 0.571 0.915

Table 5.10: Result comparison on Mohler dataset with former approaches. In the table,
SIM denotes similarity, VP is Verb Phrase and NP is Noun Phrase.

5.2.2 Rubrics-based

This approach uses the parameter benchmarked with the Mohler dataset for short

answer grading using rubrics. The method queries first the rubrics associated with the

question and short answer to grade instead of reference answer, which was used in the

earlier approach. The rubrics related to short answer presented in Table 5.3 is provided

in Table 5.11. Once the rubrics are provided, the approach generates a negative rubrics

table based on the linear combination of provided rubrics as depicted in Table 5.12. In

the previous approach, features such as chunking, linear sum assignment, length ratio,

and sentence embedding are computed between each student and a reference answer per

question. In this approach, the features are computed between each rubric and short

answer. Then the active learning upon random forest (as a classifier) queries the evaluator

to annotate with a rubric. After the model is trained based on querying, it predicts

the rubrics for the remaining student responses. Based on the predicted rubrics, the

corresponding rubrics score is added to the total score (since negative rubrics summing

is preferred). The approach uses a random forest as a classifier instead of a regressor

since the rubrics are a discrete quantity. Presently, the rubrics aid in achieving a partial

score of one or two or three; it does not support attaining an intermediate score between

the partial score, such as 0.5 or 1.5 or 2.5.
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5.2. Results

Rubrics - 1 Employing closed world assumption greatly reduces the com-
putational cost.

Rubrics - 2 Different map decomposition techniques reduces the computa-
tional cost of its application.

Rubrics - 3 Selecting and representing maps with only features necessary
for localization. Abstraction of these features as polygons or
straight lines will reduce the computational cost.

Table 5.11: Rubrics for short answer A in AMR dataset.

Rubrics Score Class

correct 0 0
Rubrics - 1 -1 1
Rubrics - 2 -1 2
Rubrics - 3 -1 3
Rubrics - 1 & 2 -2 4
Rubrics - 1 & 3 -2 5
Rubrics - 2 & 3 -2 6
Rubrics - 1 & 2 & 3 -3 7

Table 5.12: Negative rubrics table for short answer A in AMR dataset.

To illustrate the working of the approach, consider the 1st student response from

Table 5.3 was evaluated to have a score of one since the answer does not contain 1st and

2nd rubrics. As per Table 5.12, it is of class 4, and its corresponding score is -2 when

added with the total score 3 it yields a score of 1 (=3+(-2)). Thus, the score and the

missing rubrics (1&2) are provided as feedback. The performance for 100 iterations for

one short answer (Short Answer A) is presented in Figures 5.10 and 5.11. Figure 5.10 is

not the same as Figure 5.7 as it contains a negative impact presented in iteration 36 of

decreasing correlation. This is due to the effect of the high imbalanced distribution of the

assigned score as depicted in Figure 5.12. The correlation is higher whenever the answer

corresponds to all the classes shown for querying. The correlation is comparatively less

when the answer of either grade class of 3 or 0 is not presented for querying. In case

of an answer from only one class, be it either 1 or 2, the performance is decreasing as

indicated by the red bar in Figure 5.10. However, such a case holds a probability range

from 2-5%, yet the actions are to be taken so that at least one answer from each class is

presented for querying. So that the negative impact can be avoided. Figure 5.11 consists

of the positive impact of increasing RMSE, which tends to occur when the model learns

a new class at the end of querying or does not show any variance until specific iterations.

An overview of different grade classes for Short Answer A from the AMR dataset is
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Figure 5.10: Candle plot for Pearson correlation for Short Answer A from AMR dataset.
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Figure 5.12: Grade distribution for Short Answer A (AMR).

provided in Figure 5.12. As mentioned earlier AMR dataset consists of five questions, so

the experiment is performed on all five questions for 100 iterations, and their average

performance is provided in Table 5.13. Similar to the Mohler dataset, the evaluation

can not be performed on the whole dataset as the rubric is not a single element like

reference answer. So, it has to be evaluated separately for each question. The overall

average of Pearson correlation and RMSE accounts for 0.61 and 0.83, respectively. Thus,

the methodology achieved in providing a formative assessment. Also, the performance

can be further increased by having the embedding models trained on the domain-related

articles as performed by Metzler [60] for the Mohler and Neural Network (internal dataset

from the Bonn-Rhein-Sieg University of Applied Science) dataset. Therefore, further

research on enhancing the features, rubrics, and models has to be performed to improve

the current results. An example of score and feedback is provided in Table 5.14 for each

category from AMR dataset for Short Answer A. A glimpse of actual model result is

presented in Appendix C.

Pearson’s ρ RMSE

Short Answer A 0.67 0.87
Short Answer B 0.64 0.83
Short Answer C 0.56 0.80
Short Answer D 0.51 0.76
Short Answer E 0.67 0.88

Average 0.61 0.83

Table 5.13: Performance of the approach on AMR dataset.
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Student Answer Score Feedback

Continuous Map is a very simple
algorithm, and it requires fewer pa-
rameters. It can be reduced by
capturing only data points which
are immediately relevant to localiza-
tion.

0 Employing closed world assumption
greatly reduces the computational
cost, Different map decomposition
techniques reduces the computa-
tional cost of its application, and Se-
lecting and representing maps with
only features necessary for localiza-
tion. Abstraction of these features
as polygons or straight lines will re-
duce the computational cost.

By using abstraction and capture
relevant features, and neglect not
so important information from the
map, we can reduce the computa-
tional cost of the continuous map

1 Employing closed world assumption
greatly reduces the computational
cost and Different map decomposi-
tion techniques reduces the compu-
tational cost of its application.

The computational cost of a con-
tinuous map representation can be
reduced by abstraction. Objects are
reduced to 2D shapes, such as poly-
gons. This omits futher details like
color, texture, etc, but reduces the
cost of the map. Furthermore, the
closed-world assumption allows all
irrelevant objects to be ignored from
the map, only including those that
can affect the robot.

2 Different map decomposition tech-
niques reduces the computational
cost of its application.

Continuous map representation can
be reduced taking the closed
world assumption into considera-
tion where only regions with object-
s/obstacles are stored and all other
non-object/free areas are left sparse.
This result in a sparse map that is
computationally and memory more
efficient. Another way is to add an
extra layer of abstraction where fea-
tures like straight lines are extracted
from continous points and these sets
of lines approximate the exact map
to a reasinable degree.

3

Table 5.14: Score and feedback provided using rubrics-based approach for short answer A
of each classes from AMR dataset.
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6
Conclusion

In this research work, an active learning-based computer-assisted short answer grading

was developed and benchmarked with the Mohler dataset from the computer science

domain. Also, negative rubrics were generated and used for grading, which was evaluated

using the AMR dataset from the Robotics domain.

The first phase of this research is about benchmarking the approach with the Mohler

dataset. This phase is used to determine the potential features such as sentence embedding,

chunking, length ratio, and linear sum assignment, to detect the optimal querying range

to be 25-35%, and to decide the best model as random forest and SVM that surpasses

the performance of existing SOTA methods. These finalized parameters for the proposed

methodology achieve almost four percent higher results than the existing methods.

The next phase of this research is about using the proposed methodology with the

decided settings to grade short answers using negative rubrics instead of reference answers.

So, for the AMR dataset, the rubrics are generated from the evaluator’s feedback. When

the rubrics related to the question are fed, the method generates a rubric table with

which it queries the grader to teach. Based on the teaching, the model trains to predict

the rubrics for the provided short answer, which is used to compute the score. Finally,

the score and the rubrics missing in the student response are provided as feedback. The

proposed approach achieves an average performance of 0.61 for Pearson correlation and

0.83 for RMSE. The sentence and word embeddings trained on robotics-related articles

will improve the performance. Thus, this research work sheds light on using rubrics for

short answer grading and the performance enhancement of having collective features.

Further, this section enumerates the contributions, lessons learned, limitations, chal-

lenges, and future directions of this research work.

6.1 Contributions

The contributions of this research work are:
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1. Literature review: A comprehensive literature review is performed from the

initial phase of short answer grading to the current scenario. Also, the popularly

used features to grade are presented in Chapter 3. A consolidated performance of

ASAG is provided in Table 5.10 in Chapter 5.

2. Querying strategy: Sampling method for active learning that works on regression

as well as classification was formulated (refer Section 3.4). Also, the formulated

method performs better than the popularly used existing technique, as depicted in

Table 5.7.

3. Negative rubrics: This research is the first to use negative rubrics for grading

short answers to provide formative assessment. Negative rubrics help students in

learning from their mistakes and also make them prepare for their following exams.

4. Active learning and rubrics: This research is the first to include an evaluator

in the scoring process along with the ML method using active learning for short

answer grading using rubrics. Figure 1.1 provides an evident advantage of using

rubrics for grading instead of the prevailing traditional approach of using reference

answers.

6.2 Lessons Learned

The major part of this research work is a development based on learning. The lessons

learned are summarised as follows:

1. Text preprocessing: This is essential and extremely sensitive as it tends to

eliminate important information at times. As stated earlier, text containing many

acronyms should be handled carefully for case folding. For example, case lowering

“US” to “us”, where the former refers to a country, the latter refers to a first-person

pronoun that changes the whole meaning. Therefore, this research work uses a

specific set of preprocessing for a particular feature depicted in Figure 4.2.

2. Feature selection: Feature selection is crucial as it influences performance

at a higher rate. Sometimes, having redundant features degrades performance.

Therefore, by trial and error, this research work has a fixed p-value as a selection

criterion of a correlation value of 0.5.

3. Appending features: Instead of having single features to grade, collection of a

certain number of features does provide better results [89]. In recent times, this

66



6. Conclusion

has been the least considered that eliminates the perspective of representing the

raw text as different representation works together to produce better results.

4. Short answer scoring methods: There are many methods to achieve short

answer scoring based on the environment, domain, short answer, and necessity.

However, the formulation of a method to grade short answers is to incorporate

essential details from the previous research works and enhance the same with the

latest techniques.

6.3 Limitations

This research work has the following drawbacks:

1. Benchmark dataset: As this is the first research work to have negative rubrics

to grade short answers, there is no dataset to benchmark the approach. Therefore,

this method used the Mohler dataset to benchmark the approach, yet working with

rubrics differs from working with reference answers.

2. Training on domain articles: Research has proved that training the models

for embedding [60] or other feature extraction [89] on domain-related articles had

improved the performance comparatively. This research uses sentence embedding

trained on standard articles and word embedding trained on machine learning and

computer science articles. Hence, this could restrict the features from performing

better on the AMR dataset.

3. Multi-rubrics: The approach generates a rubrics table of eight classes for

three rubrics which generates 2n computational complexity. Therefore, having an

approach for multi-rubrics prediction could reduce this computational complexity.

4. Regressor: The grading model should be a regressor instead of a classifier to

perform much similarly to the grader. The rubrics-based approach is currently a

classifier which could also restrict the model’s performance.

6.4 Challenges

The followings are the challenges faced during this research work:

1. Dataset with rubrics: This research work required a dataset consisting of

negative rubrics for short answer grading. Only one publicly available for rubrics

(positive rubrics): the ASAP-SAS dataset from Kaggle [94]. However, not all the

questions have rubrics, and only partial rubrics are available. At the same time,
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most datasets are based on reference answers [63, 20]. Therefore, this research

work has created rubrics from the feedback provided by the evaluator for the AMR

course.

2. Shortcoming of embedding models: There are no embedding models available

related to the domains. Therefore, the researcher has to train independently

to improve the performance [60]. Also, the models do not perform well on the

rephrased sentence and text with more antecedents, expressions, and acronyms.

6.5 Future Works

Following are the future work related to this research:

1. Dataset creation: This research work has used a small dataset to pitch the

approach. However, a dataset with more questions similar to the Mohler dataset

with corresponding negative rubrics should be created to evaluate the approach

extensively. So, a further step could be creating a dataset and corresponding

negative rubrics.

2. Training the model: Due to time constraints, the sentence and word embedding

used in this research work could not be trained on domain-related articles. Training

on domain-related articles will improve the current performance of the approach.

3. Query strategy: The query strategy is to ensure that at least one response from

each grade class is presented from the sampling. Also, should have intermediate

querying instead of continuous querying at the start.

4. Multi-rubrics prediction approach: As depicted in Figure 6.1, multi-rubrics

prediction can be achieved by stacking the N classifier for N rubrics. Each classifier

gives a probability score for the rubrics presented in the student response as S1,

S2, till SN. These scores are thresholded, when the scores exceed the threshold,

indicating that the following rubrics are in the answer and the scores are summed.

These scores are finally subtracted from the total scores, and feedback is provided

as the rubric that is not in the student answer as presented in the below pseudo

code. The current approach should incorporate the following modification inside

the active learning loop. This modification makes the approach rubrics configurable

and indicates how confident the method grades the answer. Also, this could restrain

the 2n computational complexity. However, active learning does not accept more

than one model. So research is to be done on stacking the models inside active

learning and developing the same.
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Rubrics
Rubric - 1
Rubric - 2
Rubric - 3

Stacked Classifiers

Classifier - 1
Classifier - 2
Classifier - 3

S1
S2

S3

Probability

Grades and feedback

Answer

Figure 6.1: Concept sketch for multi-rubrics prediction. Assuming it for three rubrics.

Algorithm 5: Stacking of Models for Rubrics

Input: Question, Students answer, Rubrics
Output: Grades, Feedback

Function Main:
/* get the rubrics */

rubrics ← listofrubricfromuser
rubric classifier ← ¶♢

for value, rubric in enumerate(rubrics) do
/* features for the data are obtained as array */

features ← potential features(Qn, Studans, rubric)
/* form N classifer for N rubrics */

rubric classifier[”value”] ← model.train(features)

score ← 0
matchrubrics ← [ ]
matchgrade ← 0

for key, classifier in rubric classifier.items() do
score ← classifier.predict(answer)

if score >= threshold then
matchrubrics.append(rubrics[key])
matchgrade += score

/* Since negative rubrics */

grade ← total grade + matchgrade
feedback ← [for rubric in rubrics if rubric not in matchrubrics]
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A
POS Tagger

Below Figure A.1 depicts the list of POS tags included in the Penn Treebank tagset.

Figure A.1: Penn Treebank POS tags. Image from [86, p. 5].
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B
Frameworks

To replicate this research work following frameworks are necessary

1. Python3 == 3.6.13

2. Numpy == 1.19.5

3. Pandas == 1.1.5

4. Seaborn == 0.11.2

5. Plotly == 5.10.0

6. Gensim == 3.8.3

7. SpaCy == 3.4.1

8. NLTK == 3.6.7

9. Sklearn/ Scikit-learn == 0.24.2

10. Scipy == 1.5.4

11. ModAL == 0.4.1

12. Pyspellchecker == 0.6.3

13. Matplotlib == 3.3.4

14. Sentence transformers == 2.2.2

15. Jupyter Notebook == 5.4.1

16. Anaconda == 3.0.0 (optional)
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It is advisable to use Anaconda, which makes a constrained environment. The script

for this research work is written in Python following the Python3 format. Gensim

framework is utilized for working with word embeddings where the word embeddings

FastText is used from Metzler [60] work. The spellchecker library is used to check the

spelling. Apart from spell check, other preprocessing is done using the SpaCy toolkit.

Sentence transformer framework is used from Huggingface, which has trained on a large

and diverse dataset of over 1 billion training pairs. NLTK toolkit is used for chunking.

Libraries like Numpy and Scipy are used for computation, like concatenating and storing

the features and finding Pearson correlation. Plotly and Seaborn libraries provide better

visualization along with Matplotlib. Scikit-learn provides machine learning models like

SVM, random forest, and calculate RMSE. modAL is used specifically for the active

learning component. The code and trained model can be downloaded using the following

Github command

$ git clone https://github.com/Ganesamanian/Computer-Assisted-Short-Answer-

Grading-with-Rubrics-using-Active-Learning.git

The repository includes

1. Dataset directory contains only the Mohler dataset as the AMR dataset is confi-

dential.

2. Script directory contains the script files to execute the code and load the file to

run the saved model.

3. Model directory contains the saved models.

4. Result directory contains experiment results.

Check the machine configuration before executing the code; further instructions are

provided in the GitHub repository.
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C
Rubrics-based Grading

Below Figure C.1 depicts the results of rubrics-based grading of Short Answer A from

the AMR dataset. The complete results can not be produced due to size issues; therefore,

a glimpse is presented below.

Figure C.1: Rubrics-based grading for Short Answer A from AMR dataset.
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