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Abstract— One of the effective method for estimating learners’
level of understanding of acquired concepts involves using semi-
open-ended questions. The method is well known to be particularly
beneficial for questions requiring scientific explanations, and it
is adopted in large-scale academic achievement tests and trend
assessments. On the other hand, Short Answer Grading often
relies on manual scoring by markers, raising concerns about
workload and the depth of insight into specialized knowledge.
To alleviate marker workload, automated evaluation combining
natural language processing and machine learning, or utilizing
generative Al, is anticipated. However, introducing machine
learning requires large amounts of training data and also
faces issues related to the native language of the test takers.
As one solution to these problems, a method that enables
classifying learners’ understanding levels with minimal effort
based on collected short answers, even under conditions of limited
information for machine learning, is also considered beneficial.
In this paper, we propose a method that classifies short answers
into three levels based on conceptual understanding depth as one
approach to short answers grading for semi-open-ended questions.
The proposed method applies degree analysis, well-known in word
co-occurrence networks.

Keywords-Semi-Open-Ended question; short answer grading;
word co-occurrence network; degree analysis.

I. INTRODUCTION

With the advancement of natural language processing
and generative Artificial Intelligence (generative Al), many
researches in recent years have focused on the automated
evaluation of descriptive responses to open-ended question.

For questions requiring scientific explanations, it is preferable
to use a Short Answer format for semi-open-ended problems,
and the marker should grade them manually. In this paper,
the term “semi-open-ended” answer refers to response that,
while open-ended, are subject to certain constraints on the
perspective taken—such as an interpretation of trends in a
statistical graph. While the usefulness of large-scale academic
achievement tests and trend tests has been noted, the burden
on markers due to the enormous number of examinees and
the depth of insight required for specialized knowledge have
long been pointed out. This marker-based grading, known as
Short Answer Grading (SAG), involves assessment to measure
student learning outcomes. However, in today’s world where
student numbers or their growth increases exponentially, this
task has become a difficult challenge for educators. To address
the above issues, Automated SAG (ASAG) systems combining
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natural language processing and machine learning, as well as
ASAG systems utilizing generative Al, have been implemented.

Analysis of text sentiment in natural language processing has
long been integrated with knowledge from network science,
yielding various practical studies in the form of Word Co-
occurrence Networks (WCNs). In recent years, research into
the structure and dynamics of complex networks has attracted
the attention of both academic researchers and practitioners.

Applications of the WCN method to long text include the fol-
lowing examples. Some researcher created WCNs for academic
papers published in the field of information bibliometrics (see
Sedighi [1]) or bioinformatics (see Li et.al. [2]) and analyzed
their structural features and depth. These studies confirmed
small-world properties and provided insights into temporal
transitions of concepts and word usage. Additionally, Liang
et al. [3] constructed WCNs for standard English articles,
calculated the spectra of their adjacency matrices, and identified
characteristic distributions in the spectral density distribution
through qualitative analysis of the spectra.

Research applying WCN to short text corpora includes, for
example: Garg et al.’s [4] application to microblogs, Fudolig et
al.’s [5] application to political tweets, and Amancio et al.’s [6]
application to short texts. In each case, the structure of WCNs
differed from that of longer texts, suggesting the existence of
characteristic parameters and the necessity of specific analytical
methods.

Additionally, there is a research example focusing on the
context of text authors, Millington and Luz [7]. Using the
ADReSS Challenge dataset, a natural speech dataset, they
constructed WCNs from conversation records of healthy
individuals and potential Alzheimer’s disease patients and
compared structural metrics. The results revealed distinct
features in heterogeneity, centrality, and edge density specific
to the networks of Alzheimer’s patients, with many network
characteristics being driven by word frequency. This suggests
that, overall, classification between the healthy control group
and the Alzheimer’s group is possible based solely on the
structure of the WCN.

Proposals for ASAG systems combining natural language
processing and machine learning include, for example, the
following: A method for separating essay groups into subsets
representing similar graders using explanatory variables and
clustering (Zupanc and Bosni¢ [8]), a method utilizing rubric
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information (Wang et al. [9]), a method that introduces a
Transformer encoder layer into a BERT model and trains its
weights solely on the text of the rubric criteria table (Condor et
al. [10]), focusing on semi-open-ended short-answer questions
and integrating both general domain knowledge and domain-
specific information (Zhang et al. [11]), and one that utilizes
very basic natural language processing techniques such as V-
grams and word embedding technology along with machine
learning algorithms (Lertchaturaporn and Pokpong [12]), among
others. Additionally, there are investigations into the effects
on learners’ trust in grading and learning motivation (Conijin
et al. [13]). At present, ASAG systems centered on natural
language processing and machine learning are mainstream,
though there are many applications of ASAG systems using
generative Al (Jamil and Hameed [14], Chang and Ginter [15],
Grévisse [16], Mello et al. [17]).

Taking these trends in consideration, future possibilities
for ASGA include not only focusing on accurate grading
but also categorizing response levels and conducting detailed
reviews as needed for assigned levels. Particularly when
using machine learning, the one of greatest effort lies in the
necessity of training the system using past answer patterns
and their corresponding grading results. Additionally, working
language problem adopting toward machine learning issues
arise, especially for educational institutions that accept many
international students. Of course, to reduce the effort required
for grading, the use of machine learning or generative Al
is ultimately desirable. However, as an alternative approach,
even if it doesn’t reduce effort as much as machine learn-
ing, a mechanism that allows classifying learners’ level of
understanding with minimal effort based on collected short
answers—even in situations where information for machine
learning is scarce—is worth considering. Based on this idea,
we propose a framework for educational settings to classify
learners’ short answers to semi-open-ended questions—even
with minimal knowledge—into three levels: 1) Simple recall,
2) Explanation through reconstruction of learned knowledge,
3) Application of learned knowledge. Through this framework,
there is a possibility to categorize learners’ comprehension
levels and knowledge expression during lectures or briefings,
thereby supporting subsequent educational efforts.

This paper is structured as follows. Section 2 describes the
estimation of WCN structures based on the SAG process for
semi-open questions, using the concept of degree in complex
networks. Section 3 introduces the deep structure of the nearest-
neighbor plane based on the framework described in Section
2. It then discusses key parameters for estimating this deep
structure by performing a simplified simulation on it. We
conclude the paper in Section IV.

II. SHORT ANSWER GENERATING PROCESS FOR
SEMI-OPEN-ENDED QUESTION AND WORD
CO-OCCURRENCE NETWORK

A. Selecting the Words for Generating Answer for Semi-Open-
Ended Question

Examples of using semi-open-ended questions include taking

minutes after a lecture or reading comprehension exercises
when figures or tables are presented. A common purpose for
adopting semi-open-ended questions is to assess learners’ level
of understanding when they possess specific prior knowledge.
Here, we describe the cognitive model involved in solving semi-
open-ended questions, specifically the process of generating
semi-open-ended answers.

First, learners acquire newly presented concepts as knowl-
edge. This knowledge is, in principle, encoded in some form.
In the context of school learning, concepts are fundamentally
encoded as language. These encoded concepts are then stored
in long-term memory as either technical terms used in specific
contexts, general terms used to explain those technical terms,
or linked to other technical terms. In this process, the language
used to explain the concept is stored in long-term memory by
linking several words together.

This shares similarities with the micro structure of Generic
Skills introduced by Nakahira et al. [18]. That paper intro-
duced a framework where Generic Skills consist of three
stages: perception of physical contents provided through
lectures or experiments, collection of perceived contents, and
reconstruction. Collected contents become information, and
when information is organized, it becomes knowledge. The
series of activities suggested that learner behavior differs
depending on whether the acquisition action is passive or
active. Specifically, it was introduced that in passive acquisition,
transitioning collected content beyond simple memorization is
difficult, whereas in active acquisition, further exploration of
the obtained information and application to similar situations
enable transition to the re-representation of acquired knowledge.

In this paper, we apply a series of micro structures to the act
of solving semi-open-ended questions. Short answers observed
when solving semi-open-ended questions regards as reflecting
one of the following three states, depending on the level of
mastery of the learned concepts.

o Level A: Simple Memorization of Learned Knowledge
Reciting learned concepts verbatim (simple memorization)

o Level B: Explanation through reconstruction of learned
knowledge
Able to explain learned concepts by substituting similar
words for the original terms (paraphrasing, somewhat deeper
understanding)

o Level C: Application of learned knowledge
Able to use learned concepts to explain similar concepts or
phenomena (application of knowledge)

Hence, the vocabulary used in the short answers written in the
responses can be also considered to reflect the above proficiency
levels.

The phrases selected for short answer writing can be
observed as multiple words appearing simultaneously, i.e., in
the form of word co-occurrence. In the field of natural language
processing, this has traditionally been addressed using Word
Co-occurrence Networks (WCNs). This paper adapts this idea,
proposing that the selection of word groups used in short
answer descriptions and learners’ proficiency levels regarding
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Figure 1. Conceptual diagram of the network of words used to explain a
certain concept.

learning concepts are reflected in WCN features. We also
propose analyzing this using the following framework.

B.  Description of the Relationship between Degree and
Conceptual Proficiency Levels for WCN Words Appearing in
Short-Answer Questions

For a given word W; that we adopt when generating text,
we set the following assumption. The contexts in which W is
used can be divided into two categories:

o General words, which are used without reference to a specific
context.
o Specific words, which are only used in specific contexts.

Now, we imagine that someone are creating a short answer
for a given semi-open-ended question. Since the question is a
semi-open-ended given in a proficiency assessment setting, the
short answer will contain a mix of two types of descriptions:
the precise knowledge expected and descriptions that further
develop that knowledge through reasoning. In this process, we
assume that descriptions of the concept will be formed through
the following steps, depending on the level of understanding
(proficiency level) of the knowledge acquired in the past.

o Level A

The concepts learned are explained using specialized words,

so terms not commonly used in everyday life are frequently

employed. In other words, specific words appears frequently.
o Level B

After simple memorization, the learned knowledge is ex-

plained by reconstructing the concepts. Therefore, even when

using technical terms, they are simultaneously replaced with
alternative expressions. The words adopted at this time are
not necessarily technical terms. That is, general words appear
mixed among specific words.

o Level C

When explaining similar concepts or phenomena, the ap-

plication is not necessarily specialized, so technical terms

are used alongside general words in short answers. That is,
specific words appear among many general words.

The selection of words used to explain a concept depends
on the words associated with that concept. This conceptual
diagram is shown in Figure 1. When first learning a concept,
one can only explain it using the exact term taught. Therefore,
explanations will likely be limited to words found within the

— ()

W,

T
select
words

LL describe
. -

dw, = number of edge for W; dw;, = number of edge for Wj,

Figure 3. Relationship between nodes and edges for W; and W, .

very narrow scope of Level A. As understanding of the concept
broadens slightly, it becomes possible to replace the explanation
with words from Level B, using words that can connect to areas
outside Level A. With further deepening of understanding, it
becomes possible to use words connecting to other concepts
to provide explanations that link the concepts together. This
state is considered to be Level C.

When considering the “word network™ during generating
short answer, the process follows the flow described above, and
this process can related to human cognitive behavior. Figure
2 shows a conceptual diagram of the word selection process
when learners write short answers after being presented with
a semi-open-ended question. In the case of semi-open-ended
questions administered after a lecture, they are typically used
by instructors to assess learners’ proficiency levels. Therefore,
it is assumed that semi-open-ended questions are set to multiple
learners, typically tens to hundreds of individuals. After the
lecture concludes, or in some other context, when an instructor
provides a semi-open-ended question to learners, learner ¢
creates and submits a short answer S;. As a result, after the
semi-open-ended question is completed, short answers .S from
n, respondents can be collected.

S = {Si(Wl(Wj)) | i= 17 » Np,s ]: 17 7”107;}'

S, contains n,,, words, and learners express concepts learned
by linking multiple W;.

The number of words W; can link, i.e., the number of edges
when W; is a node, is called the degree which is denoted by
dw;, . The relationship between W;, dyy,, and the associated
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TABLE 1. TREND OF DEGREE PAIRS (dp, dq) FOR WORD PAIRS W,,, Wj,.
“C” DENOTES COMPLEX, “A” DENOTES AVERAGE, “S” DENOTES SPARSE.

degree for word p
large moderate  small
degree for large cle alc s/c
word g moderate cla a/a s/a
small cls a/s s/s

W;., and dy, is shown in Figure 3. In this context, dy; can
be interpreted as follows: if W; is a global word, it can link
to many words, meaning large dyy;; if it is a specific word, it
can link only to a few words, meaning small de. Therefore,
this situation suggests that by performing degree analysis on
W;, it may be possible to investigate a learner’s proficiency
level regarding specific concepts they have learned, even before
confirming the content of the text. This is described as follows.

Let €2 denote the set of all unique words W, appearing in
S.

Q={W, |a=1,ny,}

Here, n,, is the number of the set. Each W, take a value of
dw,, .

When the learners generate short answers for semi-open-
ended questions, they extract n,,, words from €2 and concate-
nate them in an appropriate order. In this case, the word(s)
linked to W; each possess a degree. To grasp the general trend
before reading the set of short answers, examining the degree
of the word(s) linked to W; allows for a simple check, as
shown in Table 1. Table I shows that when considering a word
pair (W,, W,), the combination of the degrees of the degree
pair (d,, dg) results in expressions ranging from c/c (simple
explanations using words not tied to specific contexts) to s/s
(complex explanations using words tied to specific contexts).

Since W; can connect to dyy; words, there are dyy; possible
combinations of (W, W,). Given this characteristic, it would
be beneficial to have a method that simultaneously represents
the properties of W; and the properties of all words linked
to W;. As an idea, treating the number of words W itself
can link to and the total number of words connected to W
that can link to other words as features would enable efficient
analysis. We describe the method as follows.

dw, represents the number of words W; can link to other
words, or in other words, the number of first-order nearest
neighbors. This is denoted as dj . djyy, suggests it can
serve as a criterion for determining whether W is a general
word or a specific word.

Next, consider the characteristics of the words W;_(a =
1,2,--- ,dw,) connected to W;. Like W;, W also has degree
d;.. The property of words that can link to W;, namely
their degree of general/specific words, is expressed as the
total number of nodes linked to W; that possess d;_ . This
corresponds to determining the number of second-order nearest
neighbors from the perspective of W;. We denote this as d;, , »
and described by the following equation.

dJ'NN1

d; (D

NNy

The reason for subtracting 1 from d,, is to prevent double
counting of connections, since W is originally linked to W;.

The (dyn,, dnn,) calculated as described above are
represented numerically, allowing their occurrence frequency
to be examined. If the occurrence frequency of a specific
(dnnN,, dNn,) is high, we can consider that S is expressed as
a phrase possessing a specific combination of word properties.
Therefore, it suffices to find a method to reproduce the
distribution of (dnn,, dnn,)-

ITI. REPRODUCTION OF DEGREE DISTRIBUTION THROUGH
SUPERPOSITION OF PROBABILITY DENSITY DISTRIBUTIONS

The frequency distribution of (dyn,, dnyn,) shown in the
previous chapter is the distribution of WCN pairs NN; and
NNy derived from human-generated text. There are many
various classification methods and metrics within complex
networks to investigate this tendency. This paper posits that
the frequency distribution of (dyn,, dyn,) follows some
probability distribution, as it is generated in accordance
with human thought. While numerous types of probability
distributions exist, this paper assumes a two-dimensional
normal distribution for simplicity.

The two-dimensional normal distribution for variables = and
y is described by the following equation.

1 1
= = - (X?4Y?-C
pen) = o~y (XY= 0)),
here,
R = 2mog0y\/1— p?,
X = xi”x’
O
y — y_,uy7
Oy
o = 2@ )y —py)
030y

When mixing p(z, y), let K denote the number of mixture
components. The actual distribution F(dypn,, dnn,) of
(dnn,, dnn,) can be described as follows.

K
F(dyw,, dvn,) = Y mipi(z, y), here, Y mp =1
K k

For F(dyn,, dnn,), considering a specific mixture com-
ponent k, the following exist for pp(x, y): mean [z, fy,
standard deviation o, oy, correlation coefficient p. These
are determined for each NN; and NN, belonging to k.
Furthermore, for each py, the mixing weight 7, should ideally
also be considered.

Using the above parameters and equations, in this paper we
set K = 2 to create a template matching the distribution
of F(dyn,, dnn,). Then we discuss the tendency of S
when a distribution resembling this template is observed.
Table II shows the parameters we used, and calculations
were performed using various combinations. Since pj, includes
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TABLE II. THE PARAMETER SET USED FOR COMPUTING THE PROBABILITY
DENSITY DISTRIBUTION. THE COMPUTATION RANGE IS FROM -5 TO 5.

parameter | value set
NN, | —3, —1, 0.5, 1, 3
LN N -3, -1, 0.5, 1, 3
ONN, 1, 2, 3
ON Ny 17 2, 3
p 0.1, 0.25, 0.5, 0.75, 0.9
Tk 0.5
slc s cle
= s/? m/m c/?
=
S
sls s cls
dNNl

Figure 4. Prediction of the occurrence of each state in Table 1 using mixed
synthesis. The gray shaded area indicates the approximate distribution.

INN,s UNNy» ONNys ONN,, P, the parameters for each k
were calculated by combining the values from Table II and
summing them with each weight 73 set to 0.5. Figure 5, Figure
6, and Figure 7 show the computational results. Based on the
results, we discuss about the behavior. All figures display the
probability density at its maximum value. When calculating
the probability density distribution, the computational range
for both N N; and N N5 is from -5 to 5.

A. Distribution of (dxn,, dnn,) under the Mixture Model

The template created as described above, which mimics
the (dyn,, dnn,) distribution, is represented as a density
distribution on a plane with dy, on the horizontal axis and
dn N, on the vertical axis, as shown in Figure 4. In this paper,
we refer to this as the depth structure of nearest neighbor.
Interpreting this together with Table I, the regions to consider
are those shown in the figure: c/c, c/s, s/c, s/s, and regions
with one side fixed.

Here, we interpret the meaning of vertical axis direction and
change value. From (1), dyp, is the sum of the degrees of
all words connected to W;. This means that equation (1), by
taking the sum of d;_, for connected words, emphasizes the
properties of the group of words that W; can combine with.

When dyy, has a large value, W; indicates that it has many
links with global words, meaning it is a more general-purpose
word. Concepts explained by using many general-purpose
words generally correspond to explanations using examples
or analogies, or descriptions based on deeper understanding
by linking to other concepts. In Figure 4, a strong peak in
the c/c region indicates the presence of careful explanations
using examples. A strong peak in the s/c region signifies
that the specific word itself represents a concept capable of
having many connections, and that it is being explained more

concretely using technical terms and examples. In either case,
it indicates the presence of descriptions that utilize newly
acquired knowledge.

When dyy, has a small value, W; has only links to specific
words. This means that even if W; were a global word, it would
only be used to explain specific words. That is, it indicates that
after learning the concept of a new item, learners attempted
to explain it using the exact learned phrase without much
elaboration. This tendency is commonly observed immediately
after learning the concept of a new item. Particularly when a
strong peak appears in the s/s area in Figure 4, it is reasonable
to assume that many learners absorbed the new item but remain
in a state of mere absorption.

Considering the above points comprehensively, the dis-
tribution of (dyn,, dnn,) enables estimation of temporal
transitions when administering similar tasks after a period
following training. Although a strong peak is observed in the
s/s region immediately after learning, as learning progresses, it
changes in the vertical or horizontal direction. If it transitions
to c/c via s/c or c/s, it indicate that standard learning deepening
has been achieved.

In the case of analysis toward actual short answer data,
we can easy image that such distributions do not necessarily
appear in a single specific location. Therefore, we consider
synthesizing K probability density functions and estimating
learners’ acquisition of new concepts by determining where
the composite result shows strong responses.

B. The Effect of the Standard Deviation in py, on the Mixture
Model

Figure 5 shows the computation results for the influence of
ONN,, ONN, for each p; on the mixture model distribution.
Here, unn,, unn, for p1 were set to (3, 3), unn,, UNN,
for po as (3,1), and p fixed at 0.5. oy nN,, ONnN, Were varied
from 1 to 3. In the figure, the top row shows the mixture model
distribution when o N, = onn,, the middle row shows the
distribution when o, for p; is set to 1 and the other standard
deviations are varied, the bottom row shows the distribution
when o, for p; is set to 2 and the other standard deviations
are varied.

The upper right section shows that both p; and p2 have
(oNNy, ONN,) = (3, 3). The distribution is a diffuse witout
specific concentration large value. Therefore, we concluded
that creating a template is unnecessary when the standard
deviation is excessively large, and thus created combinations
with standard deviations of either 1 or 2.

Overall, when py, includes (onn,, onn,) = (1, 1), there
is one location showing a very strong peak, but elsewhere
the distribution appears diffuse. Furthermore, the shape during
diffusion can be reproduced as either a distorted shape or a
clean elliptical shape depending on the combination of standard
deviations within py.

C. The Effect of the Correlation Coefficient in py,

Figure 6 investigates the influence of p; and po for each py
on the distribution of the mixture model. Here, pnn,, 1NN,
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for p; were set to (3, 3), unn,, UNN, for po as (3,1), and
ONN,, ONN, Were varied from 1 to 3. In the figure, the top
row shows the p; = po, the middle row shows the p; < po,
the bottom row shows the p; > po.

As a general trend, as the value of p increases, p; shows
a concentration of spread in specific directions toward the
center, and the probability density takes on sharply large values.
That is, it exhibits bias. However, this bias appears to occur
generally around p > 0.7. Regarding shape, when the centers
of py are close together, the diffusion tendency is not lost even
if the values of p for each k are small. Directivity becomes
pronounced only when large values of p are observed on one
side exclusively.

D. The Effect of Average and Correlation Coefficient on the
Mixture Model in py,

The figure depicts a mixture model of two dimensional
normal distributions, with oy, and oy, each fixed at 1
for pg. In the figure, The top row fixes (unn,, UNN,) at
(0.5, 3), (0.5, -3) The middle row fixes (unn,, UNN,) at
(1, 1), (=1, —1). The bottom row fixes (Unn,, HUNN,)
at (3, 3), (3, 1). Additionally, from the left column to
the right column, the values of (p,,, pp,) were varied to
(0.1, 0.1), (0.1, 0.5), (0.5, 0.1), (0.5, 0.5). The displayed
colors represent probability density. As the color transitions
from blue to yellow, it indicates a higher probability density
for the corresponding (dyn,, dnn,), meaning the frequency
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Figure 7. Two dimensional normal distribution for K = 2 when fixed at (o4, oy) = (1, 1).

of occurrence for the degree with that value increases.

Comparing the upper and lower parts of the figure, when
NN, , UNN, are sufficiently far apart, p;, p2 have independent
distributions. However, as p;, ps approach each other, the
two distributions are mixture. Specifically, when varying
(Ppys Pp,) up to (0.5,0.5), depending on the relative positions
of (unn,, HNN,) between py, they may appear to form a
single elliptical distribution. Furthermore, comparing the left
and right sides, as the values of p,, and p,, increase—that
is, as the correlation strengthens—the distributions of both
extend along the major axis of the ellipse, distorting their
shape. However, no single point exhibits a decisively high
density; instead, relatively widespread areas with moderately
high values are observed.

E. The meanning of k, u, o, p in the Depth Structure of Nearest
Neighbor

Based on the above, we now discuss the meaning of k, i, o, p
in the proposed depth structure of nearest neighbor.

First, k indicates the number of core probability distributions
in the depth structure of the nearest neighbor plane. When all
respondents provide the same answer, the expected & would
be 1 or a very small value. As responses become more diverse,
the expected value of k increases. However, if there is too little
consensus among respondents, setting k becomes meaningless,
and the probability distribution for the plane will essentially
diverge.

(NN, INN,) indicates positions on the same plane.
If (unn,, HNN,) are separated between py, we consider
the interference between pj is able to be negligible. Since
(N Ny, pNN,) for pg indicates the properties of connecting
words for W;, the existence of isolated high probability density
regions at specific positions implies that the respondent group is
using words with similar characteristics. Particularly when the

number of k is small, we consider that learners’ preferences
lack diversity due to specific social factors like lectures or
habits. When focusing on short answers to semi-open-ended
questions, responses are mostly based on learned concepts,
so the words contained in short answers should be somewhat
limited. In this sense, it is unlikely that & would be large.

Next, (onnN,, ONN,) indicates the degree of diversity
within the same plane. The magnitude of oy, for a given
pr 1s expected to be small, as using uniform words for
explanatory concepts likely restricts the number of connectable
words. Conversely, the trend for oy, will vary significantly
depending on how extensively explanations are provided
or whether additional conceptual explanations are given. If
additional explanations of the concept are provided before a
deep understanding of the learned content is achieved, we
consider the oy, will be tend to small. Conversely, when
providing additional explanations of the concept, the diversity
of words used exists depending on the perspective from which
the additional explanation is made. Therefore, we consider the
onn, Will be tend to large.

Finally, we consider the meaning of pj in the plane. The
ordinal sense of a correlation coefficient indicates the strength
of the relationship between dyn, and dyn,. While dyn,
and dyy, cannot be expressed as functions describing this
relationship, they can be positioned as properties of W;_ that
are connectable to ;. Since most W; are considered linkable
to both global words and specific words, p is expected to take
very small values. However, for p;, regarding specific words, if
only words used exclusively for explaining specialized concepts
can be employed, then p would likely exhibit strong correlation.
In this sense, p should be useful for exploring the presence or
absence of such special conditions.

From the above, it indicates that when analyzing pj on the
depth structure of the nearest neighbor plane, ;4 and o are the
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most important factors, but occasionally p is also necessary.
Moving forward, it will be necessary to demonstrate the validity
of this series of considerations regarding the parameters when
applying them to actual data.

IV. CONCLUSION AND FUTURE WORKS

In this paper, we proposed a framework that classifies learn-
ers’ short answers into three levels as one method for grading
semi-open-ended questions, requiring only minimal knowledge
of complex networks. This framework enables the classification
of learners’ level of understanding and degree of knowledge
expression, and contributing to subsequent educational efforts.
By adapting the concept of the mixed Gaussian model, we
created a depth structure of the nearest neighbor plane for
WCN. We demonstrated that by adjusting the number of py,
distributed within it and the effects of variations in u, o, and
p, as well as the synthesis process, it is possible to reproduce
various distributions. In practice, obtaining approximations of
probability density for this plane it requires preparing real data
and deriving approximate probability density using methods
like the EM algorithm. Regarding real data, we plan to validate
this approach using short answer data from thousands of semi-
open-ended questions on graph reading comprehension, for
example, obtained by Yagashira et al. [19]. Additionally, a key
advantage of this method is its independence from the language
used. We aim to apply it to other languages in the future to
confirm its usefulness. We believe this method is beneficial
when semi-open-ended questions can be posed, assuming there
are settings like education or lectures where learners share a
common understanding. On the other hand, considering the
contexts in which this approach is applied, we assume that the
realistic application of this method is for small-scale settings,
such as within a classroom or a school. For this reason, while
application to large-scale datasets is not currently anticipated.
If we consider applying this approach to large-scale datasets in
the future, instability—such as an excessive number of degree
—may arise, requiring appropriate measures to address it.
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