Text classification of student predicate use for
automatic misconception categorization
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Abstract—This Research Category Full Paper presents an
approach for categorizing student misconceptions about dy-
namics and heat transfer using text classification. Research in
educational engineering describes how science concepts can be
ontologically categorized into two major categories (substances
and processes) according to their nature. Students can acquire
misconceptions by incorrectly categorizing concepts. Predicate
tests help to determine when misconceptions have occurred and
aid in customizing curriculum content. However predicate tests
rely on time-consuming, manual labor. The main goal of this
research was to show how predicate tests could be automated with
text classification models using a previously annotated dataset.
We compared classifier performance between WEKA’s Support
Vector Machines, Multinomial Naive Bayes, Logistic Regression,
and Bayesian Logistic Regression implementations using the
emergent process and sequential process ontological categories as
labels. We compared model performance using WEKA’s N-Gram
tokenizer with 3-grams vs. using Java’s WordTokenizer to convert
our word dataset to numerical vectors. Models were evaluated
using 10-fold cross-validation considering accuracy, F-measure,
and kappa coefficient as measures of performance. We have
shown the feasibility of using text classification for misconception
assessment. Our implementation of predicate test automation can
play an important role in speeding up misconception assessment
research and curriculum design research.

Index Terms—Data Science, Misconception Categorization,
Assessment and Evaluation, Learning Analytics, Infrastructure
and Technologies for Engineering Education, Computer-Based
Learning and Courseware Technologies, Engineering Education
Research

I. INTRODUCTION

The U.S. Department of Education has long established
that students must meet the requirements associated with their
current K-12 educational standards in order to be competent in
their subsequent grades. According to Pellegrino, Chudowski,
and Glaser [1] students tend to develop knowledge gaps due
to misconceptions. These misconceptions are the result of
incorrect delivery of instruction and assessment techniques.
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When instruction is not accompanied by cognitive assessment,
these misconceptions are hard to detect [1].

Chi et. al. [2] [3] [4] [5] [6] describe how science phe-
nomena can be ontologically categorized and learners acquire
misconceptions when they incorrectly categorize concepts.
Over the past two decades research by Chi et. al. [2] [3]
[4] [5] [6] [7] have documented a systematic method for
determining which ontological category a student has assigned
to a concept to determine its correctness. This process is
called the predicate test. Predicate tests consist of extracting
student predication used to describe a concept and comparing
it to correct predication used by experts. By examining the
verbal predication found in student descriptions of answers to
multiple-choice questions teachers can identify each student’s
mental categorization of concepts, which in turn complements
targeted curriculum design [2] [3] [4] [5] [6] [7].

A major issue of predicate test research and use is the
extensive manual labor involved in its execution and the lack
of trained personnel that are qualified to perform a proper
predicate test.

The use of text classification to automate predicate tests
can significantly reduce the amount of manual labor a group
of teachers has to perform in lack thereof. Additionally a
machine learning model could be deployed as an integral
part of a student model building tool in a modern Intelligent
Tutoring System (ITS) that focus on curriculum design based
on individual student mental models.

This paper details the creation of a machine learning model
to be used in the automation of predicate tests for the purpose
of reducing the time it takes educators to perform individu-
alized assessment of students and design curriculum content
accordingly.

During our research the predicate test was considered a text
classification task. Existing machine learning algorithms were
trained using the dataset gathered by Chi in [7] from a public
institution in the Midwestern U.S.. It was collected as part



of a research project where the predicate test was manually
performed by educational engineering experts on engineering
students studying the topics of dynamics and heat transfer. The
dataset consists of textual descriptions written by students to
describe their selection of a multiple-choice answer. Words and
phrases that were identified by experts as ontological attributes
belonging to the emergent process category or the sequential
process category were labeled accordingly.

Our work focused on answering the following experimental
questions:

1) Can the selected classifiers learn to correctly assign
textual descriptions to the emergent and sequential on-
tological categories proposed by Chi in [2]?

2) Which of our chosen word tokenizing algorithms are
best suited to extract features of the emergent and
sequential ontological categories proposed by Chi in [2]?

3) Considering Support Vector Machines, Multinomial
Naive Bayes, Logistic Regression, and Bayesian Logis-
tic Regression, which machine learning algorithm best
learns to classify learner descriptions about concepts into
the emergent and sequential ontological categories?

4) Can a single model yield the best performance for both
the emergent and sequential ontological categories or is
there a need to ensemble models to optimize predictions
for both categories?

To perform our experiments textual explanations of a con-
cept and their corresponding expert labels were the only
features selected from the raw dataset. We chose to use
the sequential and emergent process categories as in [7].The
feature space was created using transformation, extraction and
selection algorithms provided by WEKA [8].

We trained two models with each of the following clas-
sifiers: Support Vector Machines, Multinomial Naive Bayes,
Logistic Regression, and Bayesian Logistic Regression. Eight
models were built — two for each classifier using Java’s
standard WordTokenizer and WEKA’s N-Gram Tokenizer re-
spectively. Our models were evaluated using 10-fold cross-
validation. It is beyond the scope of this paper to discuss these
classifiers in detail.

The selection of our best performing classification model
was based on the resulting measures of accuracy, F-measure,
and kappa coefficient.

Our results show that the predicate test proposed by Chi
can be automated using text classification. The best performing
model was trained using SVM with features transformed using
an N-Gram Tokenizer with 3-grams and feature extraction by
means of Term Frequency-Inverse Document Frequency.

Additional information about Chi’s predicate test is found
in the next section. An brief explanation follows describing
what lead us to the consideration the predicate test a task of
text classification, then our methodology and results follow.
Implications and future work are discussed last.

II. CONCEPTUAL CHANGE IN SCIENCE EDUCATION

Science education research focuses on how learners acquire
knowledge about science and how that knowledge is applied.

Within the domain of conceptual change research two broad
perspectives have emerged to describe the nature of knowledge
structure coherence, misconceptions, and conceptual change.
These are known as the knowledge-as-theory perspectives and
the knowledge-as-elements perspectives [9]. These perspec-
tives state that science domain knowledge acquired by learners
can be broadly described, respectively, as unified frameworks
with coherent theoretical structure or as independent collec-
tions of elements [9].

This research is aligned with the knowledge-as-theory per-
spectives, specifically the perspective documented by Chi et.
al. in [2] [3] [4] [5] [6] [7]. Chi et. al.’s knowledge structure
theory describes how science concepts can be ontologically
categorized by learners and how incorrect categorization of
concepts gives way to misconceptions and the need for con-
ceptual change.

This remainder of this section describes the role of ontolo-
gies in misconceptions and provides a formal definition of
conceptual change theory. It also includes a discussion about
predicate tests and their use in conceptual change assessment.

A. Ontologies and Conceptual Change in Science Education

Conceptual change in the past two decades has become
aligned with the notion that novice and expert understanding
of concepts is based on ontological categories. When a learner
incorrectly categorises a concept the he or she is said to
have a misconception of that concept. This theory has been
prominently documented by Chi, Slotta, et. al. in [2] [3] [4]
[51 [6] [7].

The definition of conceptual change established by Chi,
Slotta, et.al. is based on a combination of accepted positions
within conceptual change literature and is an attempt to
systematically diagnose and assess conceptual change. Three
types of conceptual change have been defined by Chi: belief
revision, mental model transformation, and categorical shift
[6]. These three types of conceptual change are all based on
the assumptions that entities in the world can be ontologi-
cally categorized, that the nature of physics science concepts
dictates their categorization into constraint-based interaction
concepts, and that students hold naive preconceptions aligned
with substance-based descriptions of concepts.

A contradicting theory documeted by Gupta et. al. in recent
years [10] [11] [12] [13] has surfaced which proposes that
associating physics science concepts to a single ontological
category can be detrimental in the development of expertise.
Gupta et. al. claim that novices do cross ontological boundaries
when describing physics science concepts. Also they claim
that resources which have been associated with a specific on-
tological category can be utilized to help teach concepts from
different ontological categories as well [12]. Gupta et. al. argue
that students do not have rigid ontological commitments, rather
they can switch from matter based understanding to process
based understanding of concepts, although most novice cate-
gorization of concepts tends to be substance based [12]. Gupta
et. al.’s evidence is based on the inspection of expert literature
and novice description of concepts. Although their findings are



theoretically coherent, their research does not explain how it is
acceptable for experts to use substance-based descriptions for
constraint-based interaction concepts. In other words, the fact
that expert literature contains substance-based conceptions or
examples of constraint-based interaction concepts proves that
metaphors can be used to describe constraint-based interaction
concepts with substance-based descriptions. In addition, this
does not prove that concepts which belong to the constraint-
based interaction category can also belong to the substance
category [3]. For these reasons we subscribe to Chi’s definition
of conceptual change.

The following section of this document is dedicated de-
scribing the role of ontologies in Chi’s conceptual change
theory. Following that section it is noted why some types of
conceptual change are apparently difficult. The next section
details how the predicate test can be used to determine if and
when conceptual change must take place.

1) Three Suppositions of Conceptual Change: As stated
before, this work focuses on describing Chi’s theory of con-
ceptual change, which is based on three assumptions. The first
is an epistemological assumption about the natural categoriza-
tion of entities in the world. The second is a metaphysical
assumption that describes how most science concepts belong
to the process or constraint-based interactions category. The
third is a psychological assumption related student’s naive
preconceptions [3]. This section provides a brief description
of those three assumptions.

a) Epistemological Proposition of Conceptual Change:

The epistemological proposition of Chi’s theory of conceptual
change states that entities in the world naturally belong to
certain major ontological categories, these being matter, pro-
cesses, and mental states [3] (refer to Figure 1 for an example
of this categorization of entities). The theory is loosely aligned
with the exact names of those three major categories and states
that more than three can exist, but focuses on the matter and
processes categories or their equivalent descriptions [6].

Ontological attributes are those properties that an onto-
logical category can possess due to being associated to that
category. The following example aims to explain this notion:
considering a shoe as an artifact from the matter category it
can be said that the shoe must have defining attributes like
a sole, most frequently has characteristic attributes like laces,
and can potentially be worn, which is an ontological attribute
[3].

Ontological trees are considered distinct if they possess
mutually exclusive ontological attributes [3] [6]. In other
words, ontological attributes from a given ontological tree
cannot be applied to categories that belong to a different tree.
For example, entities categorized as matter have ontological
attributes such as“storable” and “having color, volume, or
mass”, which are attributes that cannot be assigned to a process
category. In a similar way, ontological attributes such as
“resulting in” or “occurring over time” can only be assigned to
entities that form part of the processes tree. Categories within
the same ontological tree can also be ontologically distinct
when their respective categories cannot be shared between

Processess Mental States

Constraint-
Procedure Event based
interaction

Fig. 1. Three major ontological trees from Chi et. al.’s epistemological
proposition of conceptual change theory. Adapted from [3].

Natural
Kind

them [3] [6].

Ontological categorization is the basis of Chi’s theory of
conceptual change since conceptual change happens when
students shift their categorization of concepts from one distinct
ontological category to another [3]. This category shift by
students can occur across major ontological trees or within
them [3] [6].

b) Metaphysical Proposition of Conceptual Change:
The second proposition of Chi’s conceptual change theory
is about the nature of science concepts. It exposes how the
constraint-based interaction category, a subcategory of the
processes ontological tree, can be used to describe many
science concepts [3] [6]. Constraint based interactions are
unpredictable and emergent with no definite beginning or end.
This category encompasses concepts such as heat, electric
current, and light, which are processes that cannot be assigned
to any subcategories of the matter ontological tree [3] [6]. For
example, electric current exists when a charged particle moves
through an electric field. Thus the electric current process is
considered a constraint-based interaction which emerges from
the interaction of various components that belong to the matter
ontological tree such as particles, wires, and batteries [3].
Since constraint-based interactions involve components from
the matter category this can be confusing for students [3].
This assumption can apply to concepts outside of the physical
sciences [3].

c) Psychological Proposition of Conceptual Change:
The third proposition of Chi’s conceptual change theory states
that students hold naive knowledge or preconceptions about
science concepts [3] [6]. It explains the nature of some science
misconceptions through a psychological point of view. In
short, students’ naive conceptions of physical science concepts
tend to consist of assigning process concepts to the matter
category.

These preconceptions can exist at the proposition and men-
tal model levels. Naive knowledge at the proposition level is
simple to remove, is referred to as non-robust misconceptions,
and is corrected with conceptual reorganization. In other
words, those preconceptions can be easier to correct or remove
[3] [6]. Some naive knowledge can be resistant to creative
types of pedagogy approaches and is referred to as robust
misconceptions [3] [6]. Diagnosing the presence or absence



of preconceptions in individual students reveals information
about the incorrect category to which those preconceptions
have been assigned by students.

B. Predicate Tests and Conceptual Change Assessment

Contributions by Chi and her colleagues Slotta, deLeuw,
Santiago, et.al. have documented the use of the predicate test
as the means to assess conceptual change, i.e. concept re-
categorization at the ontological tree level [2] [5] [7]. The
predicate test theory states that verbs used by students and ex-
perts to describe concepts correspond to ontological attributes
of those concepts. Decades of research document how novices
use matter-based predicates to describe substance-based con-
cepts and constraint-based interaction concepts with the same
frequency [2] [3] [4] [S] [6] [7]. Since it is usual for novice
predication to contain ontological attributes of the wrong
category predicate tests consist of analyzing verbal predicates
used by students and contrasting them to the predicate use of
experts.

It is also noted that expert predicate use contains a high
frequency of substance-based predicates when describing
substance-based concepts. In addition, the predicate use pro-
files reveal high frequency of constraint-based interaction
predicate use for constraint-based interaction concept descrip-
tions [2] [5] [7]. This is aligned with psychological proposition
of conceptual change, which considers that novices hold
naive preconceptions causing the alignment of their mental
models with substance-based predication for constraint-based
interaction physics concepts [3]. In contrast, the proposition
also states that experts consistently use constraint-based inter-
action predicates for constraint-based interaction descriptions
of physics concepts.

Slotta et. al. developed expert taxonomies based on expert
explanations of substances and processes. The taxonomies
describe predicates in the form of single or multiple word
phrases or ideas that are explicitly associated to certain on-
tological attributes and the ontological categories to which
the associated ontological attributes belong to [2]. These
taxonomies are used as the main criteria for predicate tests.
Refer to Table II-B for a snippet of the substance and process
predicate taxonomies.

TABLE 1
SNIPPET OF SUBSTANCE AND CONSTRAINT-BASED INTERACTION
PREDICATE TAXONOMIES PROPOSED BY SLOTTA ET. AL. IN [2].

Substance Predicates | Process Predicates
block movement process
move excitation

consume equilibrium seeking
quantify systemwide
accumulate simultaneous
equivalent amounts transfer

The following describes the events that lead up to and
occur after predicate tests take place. Given a carefully crafted
multiple-choice question about a certain science topic (e.g.,
dynamics, heat transfer) the students are required to explain
their selected answer. The textual description of their answer
is then examined to isolate predicates and the ontological
attributes they contain. Then the isolated words, phrases, and
sentences are classified as belonging to a certain ontological
category that may or may not be the category to which the
concept being described belongs to. This last step is considered
to be the actual predicate test. In other words the predicate
test does not include crafting multiple-choice questions whose
answers can best reveal mental models of whoever answers
them, administering the questions, or isolating predicates
from textual descriptions the selected multiple-choice question
answer. What it does include is the analysis of determining
which of Chi’s ontological categories for science concepts the
student’s predication corresponds to.

The resulting predicate test analysis is used to demonstrate
the robustness of student’s incorrect ontological categoriza-
tions by determining whether conceptual change should take
place at the ontological tree level and to what degree [2] [5]
[7].

III. RELATED WORK

Misconception assessment using Machine Learning tech-
niques has found its place in the construction of student models
within Intelligent Tutoring Systems (ITS). In addition student
models play a major role in ITS’ personalization strategies.
This is due to the fact that ITS incorporate adaptive learning
techniques based on each individual student’s knowledge [14]

This work focuses on student misconception detection at the
ontological level to develop student models that describe their
current ontological categorization of concepts. In other words
we have focused on categorizing misconceptions. We are not
aware of any work that uses our machine learning approach
to model erroneous conceptions in students.

The the rest of this section mentions research work that
has a close resemblance to our work, although they do not
address the problem of categorizing misconceptions. Instead
they mainly focus on the presence of misconceptions in
students or describing the general knowledge possessed by
students. In addition, they focus on determining which learning
materials are needed to correct student misconceptions or to
advance to subsequent lessons respectively.

In the research documented by Liu in [15] the proposed
system is already aware of the possible misconceptions that
can arise while learning statistics topics. The system focuses
on evaluating students to determine if the possess any of these
previously determined misconceptions and providing feedback
to make them aware of their existence.

In order to advance to subsequent lessons Wang used a
pre-test and a two-tier tests to identify knowledge gaps and
dynamically select additional learning materials a student may
need [16].



Ehimwenma proposed the use of a multi-agent system to
determine which concepts have not been learned by students
in [17]. Pre-assessment strategies are employed to model
current knowledge in students, then knowledge gains and
gaps are identified to determine which learning materials are
recommended for learners to able to advance to further lessons.

Bayesian Student Models (BSMs) have also been used by
Millan in [18] to develop student models. They are based
on using knowledge and evidence variables, as well as their
correlation, to construct Bayesian Networks. In other words
the network structure or nodes are elements that represent
whether or not students have knowledge about a specific
domain, and the answer to questions about that domain. In
addition the edges between these two types of nodes is used
to describe their correlation for a particular student.

Wenando in [19] and Rus in [20] both used student-written
paragraphs in their construction of mental models. Their work
is similar to our research due to their use of text written by
students. However the mental models that can be inferred by
the output of their classification consist of approximations of
how commensurate student essays are with regards to expert-
written essays, taxonomies, and predication.

We have observed that while the previously mentioned
research can model student knowledge and identify knowledge
gaps, they are not focused on misconception categorization.
The main difference between our work and the research
performed by [19] and [20] lies in how we train a model
to learn which category a learner has assigned to a concept
instead of learning to output a measure of incommensurability
between student text and text written by experts.

IV. TEXT CLASSIFICATION OF STUDENT PREDICATE USE

Consider a student’s textual explanations of multiple choice
science questions as the set of documents D to be categorized
into the set of ontological categories C used by Chi. According
to text classification theory [8] [21] [22] [23] the mentioned
documents could be classified into each category using text
classification.

The classification to be performed consists of assigning
student explanations about science topics to one or a combi-
nation of the major categories of concepts involved in learning
science. This is the approach taken by Chi in [2] [3] [4] [5] [6]
[7]. Their research has identified the three main categories used
in science concept discussions as [6] substances, sequential
processes, and emergent processes. These categories can be
used as our text classification labels.

V. METHODOLOGY

The Waikato Environment for Knowledge Analysis
(WEKA) toolkit [8] main tool we used to accomplish our text
classification tasks. Our training set was prepared using the
data collected by Chi et. al. in [7], which consists of textual
explanations to multiple-choice science questions administered
as pre- and post-questionnaires. The data was collected as part
of a research project where the predicate test was manually
performed by educational engineering experts. Predicate test

results from the pre-questionnaire were used to construct
mental models of students and design curriculum content
accordingly. Among the results of that research is an expert an-
notated dataset where the verbs or phrases used by students in
their explanations are identified as ontological attributes. Fur-
thermore those ontological attributes were categorized into the
emergent process, direct process, and emergent and sequential
process or mixed categories by educational engineering experts
as well.

The student sentences that are being considered for classifier
training have not been tampered with by experts. This suggests
that a classifier can be trained with expert labeled predicate
test data and compute predicate test results on student textual
descriptions of science concepts that have no expert labels.
Using that approach to compute predicate test results could
be considered a fully automated predicate test.

The bullet list found below shows textual descriptions writ-
ten by students to describe their selected answer to multiple-
choice questions about diffusion and heat transfer. It was
extracted from the original dataset under consideration. Ac-
cording to Chi’s predicate test theory each sentence contains
sequential and emergent phrases, which reveal information
of each student’s mental categorizations of concepts. These
phrases were identified by experts and bolded if they were
sequential phrases and bolded and italicized if they were
determined to be emergent in nature.

o Stirring the water causes more molecular motion and
allows more salt become evenly dispersed throughout
the container

o The air cannot escape and helium can (as stated above),
therefore due to random movement of helium, some
helium is likely to escape in the process

o The rates will be the same because the non stirred glass
will eventually reach equilibrium through diffusion and
have the same temperature as the stirred glass.

e The random motion of the dye molecules causes them
to collide and move into the beaker with just the water

e Thermal excitation makes molecules move faster, there-
fore there is an increase of the molecules random motion,
therefore the concentration of the dye reaches equilib-
rium with the water quicker in a heated beaker

Since our available dataset showed the presence of more
than one conceptual schema used by students to describe
concepts we chose to have three categories in our dataset:
emergent, sequential, and mixed. In our dataset the samples
that belong to both the emergent and sequential classes were
labeled as mixed. Our experiment performs multi-class classi-
fication of instances into those three categories.

Our preprocessing step was manually completed by con-
structing a file in ARFF format, which is the document format
used by WEKA. Each labeled sentence was extracted from the
original dataset to yield a total of 40 instances of the emergent
class, 99 instances of the sequential class, and 50 instances of
the mixed.

The first WEKA filter applied to our dataset for feature
transformation is known as StringToWordVector. This filter



tokenizes each string attribute in our data samples into a
set of features consisting of each word in the string and
information about word occurrence [24] [25]. We used Java’s
standard WordTokenizer and WEKA’s N-Gram tokenizer. In
addition the StringToWordVector was flagged to perform fea-
ture extraction considering Term Frequency-Inverse Document
Frequency (TF-IDF).

The second WEKA filter applied to our dataset is known
as the Synthetic Minority Over-Sampling Technique (SMOTE)
[26]. This algorithm performs feature selection by considering
minority class instances and their k nearest neighbors to
generates synthetic data. Synthetic samples are generated in
three steps .The first calculates the difference between a
minority class feature vector and its chosen nearest neighbor.
Then the difference is multiplied by a random number between
0 and 1 and the result is added to the feature vector under
consideration [26].

The list below describes all the parameters that were
changed from default when applying StringToWord vector
during our experiments:

o IDFTransform - set to true in order to transform word

frequencies in a document into:

TF-IDF(t;,dj, D) = TF(t;,d;)IDF(t;, D);

i=1,...mj=1,...n

(1

where T'F'(t;,d;) is the number of times term ¢; appears
in document d;, D is the data corpus under consideration,

d
an N

|{dj eD:t; e dj}|

where N = |D| (total number of documents) and {d; €
D:t € dj} = number of documents where term %; is
present

o normalizeDocLength - set to true to have the word
frequencies for each document normalized

« tokenizer - selects the tokenizing algorithm to use on the
strings

« wordsToKeep - set to keep 10,000 to words per class

IDF(t;,D) = log

2

We used SMOTE to correct our class imbalance. Emergent
class examples were randomly oversampled by 150% with 5
nearest neighbors to obtain a total of 100 instances from the
emergent process class. Mixed class examples were randomly
oversampled by 100% with 5 nearest neighbors to obtain a
total of 100 instances from the mixed class.

To answer our experimental questions eight text classifica-
tion experiments were performed using the following machine
learning algorithms with their respective default parameters in
WEKA:

o Support Vector Machines (SVM)

o Multinomial Naive Bayes (MNB)

o Logistic Regression (LR)

« Bayesian Logistic Regression (BLR)

The first four experiments consisted in using Java’s WordTo-
kenizer for feature transformation with and without TF-IDF in
our feature extraction step. The last four experiments consisted

of using WEKA’s N-Gram tokenizer for feature transformation
with bags of up to three words. All algorithms were trained
to learn two target classes — emergent and sequential.

We used 10-fold cross-validation to evaluate the aforemen-
tioned experiments. We also chose to describe relevant results
in terms of accuracy and kappa coefficient (k).

VI. EXPERIMENT RESULTS

Table II shows the measured accuracy of each constructed
model, table III shows each model’s F-measure score, and
table IV shows each model’s kappa coefficient. Tables V, VI,
VII, VIII show confusion matrices for each classifier’s best
performance.

TABLE 11
ACCURACY PER TOKENIZER FOR EACH CLASSIFIER USING ON 10-FOLD
C-V
Tokenizer SVM MNB LR BLR
Java 90.04% | 91.54% | 88.05% | 91.54%
3-gram 97.51% | 93.53% | 93.53% | 97.01%
TABLE III

F-MEASURE PER CLASS AND TOKENIZER FOR EACH CLASSIFIER USING
ON 10-FoLD C-V

Tokenizer Class SVM | MNB LR BLR
Java Emergent 091 0.92 0.89 | 0.92
Java Sequential 0.89 0.91 0.87 | 0.91
3-gram Emergent 0.98 0.94 0.94 | 0.97
3-gram Sequential 0.97 0.93 0.93 | 0.97
TABLE IV
KAPPA COEFFICIENT PER TOKENIZER FOR EACH CLASSIFIER USING
10-FoLD C-V
Tokenizer | SVM | MNB LR BLR
Java 0.80 0.83 0.76 | 0.83
3-gram 0.95 0.87 0.87 | 0.94
TABLE V
CONFUSION MATRIX FOR SVM USING 3-GRAM TOKENIZER AND
10-FoLD C-V
Emergent | Sequential
Emergent 102 0
Sequential 5 94

VII. RESULTS DISCUSSION

The scope of this research focuses on an approach to achieve
predicate test automation with text classification techniques.
According to the results presented in Section VI the proposed



TABLE VI
CONFUSION MATRIX FOR MNB USING 3-GRAM TOKENIZER AND
10-FoLDp C-V
Emergent | Sequential
Emergent 101 1
Sequential 12 87
TABLE VII
CONFUSION MATRIX FOR LR USING 3-GRAM TOKENIZER AND 10-FOLD
Cc-v
Emergent | Sequential
Emergent 101 1
Sequential 12 87
TABLE VIII
CONFUSION MATRIX FOR BLR USING 3-GRAM TOKENIZER AND
10-FoLD C-V
Emergent | Sequential
Emergent 102 0
Sequential 6 93

system can successfully learn to categorize sentences into the
emergent and sequential classes.

When features were extracted using Java’s standard Word-
Tokenizer Multinomial Naive Bayes and Bayesian Logistic
Regression models outperformed models trained using SVM
and Logistic Regression. Both of these models scored an
accuracy of 91.54%, F-measure score of 0.92 and 0.91 for
the emergent and sequential classes respectively, and kappa
of 0.83.

As a result of applying the 3-gram tokenizing technique
we observe an increase in all marks of performance for each
classifier. This observation reveals how the 3-gram tokenizer
is best suited for features extraction of the emergent and
sequential ontological categories proposed by Chi in [2] in
comparison to Java’s tokenizer.

Amongst the results of using the 3-gram tokenizer we
observe how our SVM del outperformed all other models with
an accuracy of 97.51% and F-measure of 0.98 and 0.97 for the
emergent and sequential classes respectively. SVM combined
with a 3-gram tokenizer also resulted in a kappa score of 0.95,
which is considered a very high kappa score according to [27]
[28] [29]. The SVM model also inferred the highest amount
of correctly categorized instances for both the emergent and
sequential classes — there would be no need ensemble models
to obtain the best performance for both the emergent and
sequential ontological categories.

In addition we have also observed that the emergent onto-
logical category obtained the least amount of false negatives.
This might be because features from this category have re-
duced variance in our small datasets since emergent phrases

are usually very similar.

VIII. CONCLUSIONS

This research is based on building text classification models
for misconception assessment. We subscribe to Chi et.al’s
misconception theory, which arguments that learners assign
newly acquired knowledge about a science concept to an
ontological category that best describes the nature of the
such concept. Misconceptions occur when learners assign an
incorrect category to concepts under study. In addition Chi
has developed a process known as the predicate test, which
aids in the assessment of misconceptions by inspecting student
textual descriptions of science concepts and categorizing the
descriptions as belonging to an emergent process, a sequential
process, or both. This process is known to be a time consuming
task that can only be performed by trained experts from the
educational engineering domain.

The main purpose of this research was to show how
predicate tests could be automated with text classification
models using a previously annotated dataset. This approach
reduces the time it takes to deliver predicate test results, which
are used by researchers and instructors in the development
of customized curriculum content. Chi’s predicate test was
automated by applying the text classification to data acquired
from a pre-course questionnaire designed to gather data about
a student’s mental categorization of concepts. Four different
classifiers were trained in order to show that the emergent and
sequential process categories can be successfully learned.

The dataset was collected from engineering students en-
rolled at a public institution in the Midwestern U.S.. Student
explanations to multiple choice question answers were consid-
ered documents for classification belonging to two categories:
sequential and emergent. Furthermore Java’s WordTokenizer
and WEKA’s N-Gram tokenizer were used with 3-grams
for feature transformation and TF-IDF for feature extraction
to determine which is best suited for predicting those on-
tological categories. The classification models were trained
using WEKA’s Support Vector Machines, Multinomial Naive
Bayes, Logistic Regression, and Bayesian Logistic Regression
implementations and evaluated with measures of accuracy, F-
measure, and kappa coefficients.

According to our classification results we have concluded
that it is possible to build a classification model of acceptable
performance using complete student descriptions about con-
cepts as the only source of input for our feature space creation.
We also found it is possible to classify learner descriptions
about concepts into the emergent and sequential ontological
categories proposed by Chi [7]. We have also observed im-
proved performance with all classifiers using WEKA’s N-Gram
tokenizer with 3-grams to vectorize words. Furthermore, we
have determined that our best performing classification model
was trained with SVM using data tokenized with 3-grams. Our
best performing SVM model scored an accuracy of 97.51%,
F-measure of 0.98 and 0.97 for the emergent and sequential
classes respectively, and a kappa coefficient of 0.95. This SVM



model also resulted in the least amount of incorrectly classified
instances when compared to the other three classifiers.

A positive contribution to the science of educational engi-
neering has resulted from the combination of Chi’s predicate
tests with text classification. With the intent to automatize
Chi’s predicate tests we have documented a methodology
for exploring the possibility of helping educators design
customized curriculum content using real-time, individualized
misconception assessment.
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