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Abstract

This study explored an alternative assessment model to examine Chemistry learners’ progress. “The Assessment
of Problem-Solving in Chemistry Learning” as a model represented students’ mastery of chemistry study. The
data were from journaling narratives and analyzed through cognitive task analysis. Based on the analyses, a
student model was established, which represents the qualitative information in a structure, and provides a
potential framework of the assessment model for the quantitative representation—a Bayesian network
assessment model. The student’s performance was assessed via the Bayesian network assessment model, and
classified into three categories: low level, middle level, and high level. The mastery level should be at least
scored at and above 90.51/100 for Declarative, Procedural, and Strategic Knowledge respectively.

Keywords: science learning, Bayesian network representation, student modeling, diagnostically cognitive
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1. Introduction

Developing and validating reliable assessment instruments and models are challenging processes. Many
researchers and assessors think about the designs in different ways, which may be determined by assumptions
and perspectivism (National Research Council, 2001; Stowe & Cooper, 2018; Toomela, 2009). However, we
usually use the words, “beliefs”, and “purposes” rather than assumptions and perspectivism in describing the
types of assessment models. In the context of science learning, some educators want to measure what students
know and what students learned in the learning tasks (National Research Council, 2001). Alternatively, other
educators want to know what mistakes students make and what leads to the mistakes. In addition, the learning
tasks also influence the assessment designs and models.

This study was to develop an alternative assessment through a cognitive task analysis (Hollnagel, 2003; Lesgold,
Lajoie, Logan, & Eggan, 1990), and the data were from collections of chemistry learning journaling. The
journaling texts were coded in terms of thematic analysis (Saldana, 2021). An assessment model was developed
based on the thematic analysis, and further formed a cognitive framework. This framework consists of three
critical components: declarative, procedural, and strategic (conditional) knowledge components. Three
components supported the framework of the student model, and are further connected to the Bayesian network
model ((Mislevy, Almond & Lukas, 2004; Zhang, 2022). Thus, a structured assessment model was developed
and students’ learning process, progress, and mastery can be recognized. The mixed methods design transitions
qualitative or mixed data to the quantitative data representation via a Bayesian network model.

2. Theoretical Frameworks

Perspectivism and assumptions (Landa, Westbroek, Janssen, van Muijlwijk, & Meeter, 2020) influence how the
assessment is described and defined. It is believed that the design of any assessment should target cognition or
cognition-relevant elements. Knowledge, problem-solving skills, and strategic knowledge are basic components
that assessment procedures and models will target (Zhang, 2007a). The perspective of measuring and assessing
“what students know” with cognitive frameworks lays the foundation of modern assessment (NRC, 2001;
Pellegrino, 2014).
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2.1 Pellegrino’s Triangle

The Assessment basically refers to deliberate effort with a given procedure or model to observe student learning
through different means to evaluate students learning objectives. Pellegrino (2014) and other researchers (e. g.,
Stowe & Coper, 2018) presented that “assessment should be approached as a process of reasoning from evidence
generated by students on assessment tasks has gained broad acceptance in the science education community.”
(Stowe & Coper, 2018, p. 3) The assessment triangle is an important concept in Pellegrino’s assessment model,
which includes a) a model of student cognition and learning in the domain, b) the observation that provides
evidence of students’ performance, and c) an interpretation process for making sense of the evidence.

Pellegrino’s Triangle model provides a very general assessment framework. The assessors holding different
assumptions and perspectivism might explain the model in different ways.

2.2 Evidence-Centered Assessment (ECA) Design

Evidence-centered assessment design was developed at the Educational Testing Service by Mislevy, Steinberg,
and Almond (2000). “This framework provides an effective structure and process for designing, producing, and
delivering assessments that can be used to enhance the validity of learning assessments. The statistical
mechanism of Bayesian networks connects cognitive processes and evidence from given task performances
(Zhang, 2007b, p. 25). The evidence-centered assessment provides assessors and educators with an effective
framework for considering how to connect between qualitative assessment information and quantitative
representation.

2.3 Quantitative Representation of the Student Model With a Bayesian Network

Student models represent student knowledge, skills and expertise. Although they cannot be directly observed,
knowledge, skills and expertise can be indirectly inferred through what students say or do which provides
evidence about assessment constructs, that is, student-model variables (Zhang, 2007b; Zieky, 2014). The student
modeling is to explore learning processes and extract evidence from student behavioral data for measurement of
student’s achievement in the context of the online environments, and establishment of a model for student
mastery learning processes. The student model represents a process of data changes from a raw dataset to a
structured dataset (Mislevy, Almond & Lukas, 2004).

The student model can be represented by using a quantitative construct such as Bayesian network representation.
The Bayesian network represents the semantic/qualitative components and constructs the probability model
separately (Koller & Friedman, 2009). Thus, the combination of a student model and a Bayesian network model
provides a path to develop an assessment framework used to collect and represent the data (Zhang, 2022).

3. Research Methods
3.1 Cogpnitive Task Analysis

The data were from a set of simulated pilot studies that assumed the students to finish the chemical learning by
journaling their understanding of the learning tasks. Cognitively we call a learning task a cognitive task.

This study seeks to analyze cognition through cognitive task analysis. Students’ thinking is monitored through
the use of journaling as they embark on answering questions. The cognitive component of students’
understanding of chemistry concepts and ideas will be analyzed through a performance of cognitive tasks.
Cognitive tasks are goal-driven (Yates, 2003) and require thinking and yield performance.

The Cognitive tasks in this study focused on the descriptions of the steps used in problem-solving in chemistry
learning. Students’ journal narratives were analyzed by using the three phases as classified by Linhart (1976), 1)
Phase 1, the discovery of the problem / situation; 2) Phase 2, identifying the properties of the situation and trying
to obtain resources that address the situation to achieve the goal as a solution process; and 3) Phase 3, confirming
and substantiation of the learned concept or process and its application in the specified problem at hand.
Domain-specific knowledge in students’ online journal entries iS identified whether they’re declarative,
procedural and conditional. Based on the cognitive task analysis, a structured student model was developed.

3.2 Journaling and Data Resources
Several cognitive tasks were included, which are in both statement and question formats:
Students will be asked to finish the following cognitive tasks:

1. Positioning the melting point capillary directly next to the temperature-sensing bulb of the thermometer is a
procedure for determining a melting point. Discuss why. Explain your answers in 20 sentences using the
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following vocabulary words: melting point, capillary tube, crystals, approximately, apparatus, thermometer,
temperature, and degrees.

2. Discuss the necessity of drying the benzoic acid crystals before finding its melting point. How would the
melting point be affected if crystals are still wet? Explain your answer in 6 sentences using the following
vocabulary words: crystals, remove, boiling water, dry, filter paper, benzoic acid, melting point.

3. Based on your explanation, explain why a higher percentage of measurement accuracy is derived with a dry
benzoic acid as compared to a wet crystal.

3.3 Student Model Development and Bayesian Network Representation

Students’ journaling records were assessed using the three phases as categorized by Linhart (1976). Each
question was coded: 1) the student understood the problem and situation; 2) the student identified the properties
of the situation and tried to obtain resources, that addressed the situation to achieve the goal as a solution process;
and 3) confirmed and substantiated in his / her explanation the learned concept or process and its application in
the specified problem at hand.

Cognitive knowledge was identified and coded in three categories: 1) declarative knowledge, which explains
presents facts; 2) procedural knowledge, which shows a collection of facts and step by step explanation of the
concepts or ideas outlined in the problem; and 3) strategic knowledge, also called condition knowledge, which
shows knowledge on when and where facts were derived and indicated through their writing procedures as to
how they solved the problem.

Problem-Solving in
Chemistry |Learning

Strategic Knpwle

Deghdrativg Knowledge Procodural Dianosing any Errors and

Discovering the Problem Finding Solutions

and Relevant Concepts

Discovery of the Confirming the

Identifying the Procetures and Steps to Precedures and STeps in Evaluating the
Properties of the Solve the Problem Problem Solving Protocol's Steps and
Situation Possible Results
Confirming and
Substantiating Learned
Concepts Identifying the Designing One's Own Lab
Situation how to Take Proptocol
Actions

Figure 1. A Student Model and a Bayesian Representation of the Chemistry Learning

As shown in Figure 1, a student model of chemistry learning was developed, and further, the model was
represented in a Bayesian network. This is a mixed representation of both the qualitative model, which was from
structured cognitive task analysis and the quantitative model, which was structured by using a Bayesian network.
Bayesian networks are represented a learning process and further an assessment process (Culbertson, 2016).

Koller and Friedman (2009) suggested that assuming there is a class of variables that can be designated by xi,
Xo, ... Xn, and C, where variables xi, X, ... X, are observed. The upper-level variable C means a class. It
represents a concept, which is supported by all of these observed/evidence variables x,. Thus, the relationship of
all of these variables can be described in a model which factorizes as:

(¢, x1, X2 -+ Xn) = (€)" 121 P(Xi [c)
This model represents the joint distribution by using a group of variables, which include a prior distribution P (C)

and a set of P (X;)| C). The model indicates that a concept, which is usually a latent variable, can be supported by
a group observed variable x.
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As shown in Figure 1, there are three layers of the Bayesian network. The top one is The Assessment of
Problem-Solving in Chemistry Learning, which is a concept or a latent variable. The bottom nine variables are
evidential variables, which collect the data from students” journaling records.

4. Results
4.1 Joint Probability and Initializing the Bayesian Network

The Bayesian network needs to be initialized with subjective data (Almond, Mislevy, Steinberg, Yan, &
Williamson, 2015; Jackman, 2009; Koski & Noble, 2009). The value of each variable is set at 0.67 as a
successful performance, and the failed performance of each variable is set at 0.33. The network becomes stable
and robust with the data increase.

There is no evidential data to propagate upwards from the bottom variables, and the model is “empty.” As shown
in Figure 2, the joint probabilities are: The Assessment of Problem-Solving in Chemistry Learning is 0.67 for the
successful option and other variables are 0.5578 for the successful option. Figure 2 is only a part of the entire
Bayesian network assessment model for illustrative purposes.
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Figure 2. The initialized Bayesian network assessment

Figure 3 shows another case full of evidential data to propagate upwards from the bottom variables. The figure
indicates the highest joint probabilities with both The Assessment of Problem-Solving in Chemistry Learning and
Strategic Knowledge for the successful options. The Strategic Knowledge is 90.51% and The Assessment of
Problem-Solving in Chemistry Learning is 71.84%. This means if a student receives the full scores of the nine
evidential variables based on the “empty model,” the student can receive as high as 71.84/100 at the top
level—The Assessment of Problem-Solving in Chemistry Learning. The strategic knowledge score at 90.51/100.
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Figure 3. The full evidence model

4.2 Data, Evidence and Findings

In this study, the simulated data from nine chemistry students have been shown in Table 1. They completed the
journaling when they learned a set of chemistry tasks. The range from 11.54 to 71.84 was established. The range
is 71.84-11.54=60.30 and is divided into three categories: low level, middle level, and high level. Thus,
11.54—31.64 is the level one range; 31.64"—51.74 is the level two range, and 51.74" —71.84 is the level three
range. Based on the scores in the column of “The Assessment of Problem-Solving in Chemistry Learning,”
students 1-4 are at level one; students 5-6 are at level two, and students 7-9 are at level three.

Table 1. Students’ Performance of the Motion Learning

Student  The Assessment of Declarative  Procedural Strategic Assessment
Problem-Solving in Chemistry Knowledge  Knowledge  Knowledge by Range
Learning

S1 11.54 23.04 7.17 7.17 L

S2 17.19 55.24 7.96 7.96 L

S3 22.16 83.57 8.65 8.65 L

S4 28.08 84.40 28.08 9.48 L

S5 38.32 85.83 61.68 10.91 M

S6 46.01 86.90 86.90 11.98 M

S7 53.89 88.00 88.00 35.95 H

S8 65.03 89.56 89.56 69.82 H

S9 71.84 90.51 90.51 90.51 H

5. Discussion

This study explored an alternative assessment model for chemistry student learning with journaling records.
These were analyzed by using qualitative analysis and cognitive task analyses. A student model was developed
based on these analyses. The student model can be further represented by using a quantitative construct—the
Bayesian network model. The dynamic processes of the chemistry students were assessed based on the Bayesian
network representation. The assessment provided an alternative model for educators and researchers to think
about the assessment process and results in a different way. The journaling records can be data resources for the
assessment. The data can be further explored with cognitive task analysis techniques and quantitatively
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represented via a Bayesian network model. The student progress was comprehensively shared with the students
and relevant stakeholders.

6. Limitations

This study used data from 9 students. The findings and analyses have limited generalizations. The author will
collect more assessment information from other students. The proficiency student model can be varied based on
different expertise. The initialized values of the variables are subjective, and these initial values can be changed
based on different learning scenarios. The Bayesian network model becomes more robust with the increase in the
sample size. Thus, the mastery level of the semantic explanation is relative.
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