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Abstract

This study examined the growth of students’ moral reasoning on the moral dilemma of applications
of modern biotechnology. A total of 206 high school students participated in this study. They
underwent four waves of assessment over one semester. We validated a hypothesized model of
longitudinal data using a multilevel analysis framework by Mplus 8.0. The results showed that 32.6%
of the total variance was due to individual differences (intraclass coefficient = .326). There was
variation in terms of students’ initial moral reasoning scores (O'io = 2719, p < .001). At an
intrapersonal level, moral reasoning can be explained by time and moral sensitivity. Moral reasoning
would increase by 0.19 point in each subsequent measurement (p < .05). At an interpersonal level,
the mean of initial moral reasoning was 11.33 points (p < .01) and at the initial point, girls scored
1.377 points more than boys on the moral reasoning measure. Knowledge of DNA technologies and
previous biology achievement could not explain the within- and between-person variance of moral
reasoning, respectively. The pedagogical implications for moral education were also discussed.
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Analysis of Growth Curve Modeling of Students’ Moral Reasoning on Applications of Modern Biotechnology

Introduction

The application of modern biotechnology raises considerable moral questions.
Therefore, from an educational perspective, many science educators (Pedretti, 1999;
Zeidler, 1984) have recommended that when dealing with such topics—especially gene
and DNA technology—morality and ethics must be taken into account. If we seriously
consider the proposition that the science curriculum must prepare future citizens
(AAAS, 1990), then the moral dilemmas posed by the applications of modern
biotechnology can provide opportunities for science classrooms to prepare students
to be functional citizens who can appropriately apply their understanding of science
in making well-informed decisions (Dawson & Schibeci, 2003).

Many science educators have advocated enhancing moral reasoning in science
classrooms through the use of socioscientific issues (SSls), especially genetics-related
dilemmas (Andrew & Robotton, 2001; Evans, 2002; Stock & Campbell, 2002; Zeidler,
1984; Zohar & Nemet, 2002). SSis features complex real-world problems that remain
unresolved. SSl-based teaching can stimulate the consideration of moral issues and
implications for students across various age groups, including middle school, high
school, and university (Grace & Ratcliffe, 2002).

Time is required to develop the ability of moral reasoning (National Research
Council of Thailand, 2013; Piaget, 1932). Therefore, the change in students’ moral
reasoning over time needs to be systematically captured using a longitudinal data
analysis framework. To capture developmental changes over time in a targeted
construct (in this case, moral reasoning), many researchers have advocated the use
of multilevel analysis or hierarchical linear modeling (HLM). Longitudinal data, or
repeated measures data, can be viewed as multilevel data with repeated
measurements nested within individuals (Singer & Willett, 2003). HLM is used for
modeling within-person systematic changes (i.e., intrapersonal level) and between-
person differences (i.e., interpersonal level) in developmental outcomes across
different measurements over time (McCoach & Kaniskan, 2010; Singer & Willett, 2003).
In addition, HLM does not require the repeated measurement to be equally spaced,
and it can effectively handle missing data by treating each testing occasion of an
individual participant as a separate case. Further, HLM can handle both continuous
and categorical predictors (Hox, 2010; Raudenbush & Bryk, 2002).

In this light, this study aims to answer the following research questions: (1) How
do the overall moral reasoning scores change over the course of the intervention? (2)
How large are students’ within- and between-person variations of the moral reasoning
scores? and (3) What are the factors that can explain students’ between- and within-
person variations of the moral reasoning scores? Based on our synthesis of the
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relevant literature, we hypothesize the following variables as potential determinants to
explain such variations: (1) moral sensitivity, (2) conceptual understanding of basic
genetics and DNA technology concepts, (3) previous achievement in basic biology,
and (4) student’s gender.

In a longitudinal data analysis framework, some of the abovementioned variables
are time-varying, that is, they change and affect the variation of the measurement
occurrence of moral reasoning within a subject over time. We hypothesized that these
variables are moral sensitivity and conceptual understanding. By contrast, other
variables are time-invariant. We thought that some variables were already innate in a
subject (e.g., gender, previous biology achievement (before intervention). This type of
predictors would explain either the variance of the initial status and rate of change
between the subjects.

Development of Moral Reasoning in Science Teaching

As we wish to enhance students’ moral reasoning, we synthesized the essential
features of teaching bioethics and incorporated them into a well-established SSI
approach (Zeidler, 1984). Underlying these strategies are the assumptions that
learning must be made meaningful to students and should be situated and dialogic. We
reviewed many interventions in school science contexts targeting bioethics and moral
reasoning. We found that most relied on Kohlberg’s framework (1969), Rest’s
framework (1986), and the extensive works of Sadler and Zeidler (2005a). The five
essential features of teaching biotechnology that we used to guide the design and
construction of our instructional modules are listed below:

1. Selection of a provoking issue that connects the student’s experience and
science content.

2. Have students encounter different views and engage in a critical discourse.

3. Encourage students to express and justify their standpoint in a respectful
and supportive environment.

4. Train students to monitor and regulate their moral learning.

5. Teachers as facilitator.

Hypothetical Growth Mode/

In growth analyses, the initial status, rate of increase, and shape of the growth
trajectory represent the primary parameters of interest. In addition, many growth
models strive to explain the factors that influence individual variations in development
(Hox, 2010). Our hypothetical model aims to illustrate factors that may help to explain
the development of high school students’ moral reasoning. Based on the growth curve
modeling within a multilevel framework (Hox, 2010; Singer & Willett, 2003), this
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investigation constructed a two-level hypothetical model to explain students within-
and between-person variations for the outcome variable, moral reasoning (REA). Moral
reasoning refers to the logical process of determining whether an action is right or
wrong. At level 1, the predictors include time-varying variables: moral sensitivity (SEN),
understanding of DNA-Technologies (UND), and occasion of measurement (TIME).
Moral sensitivity is the ability to identify the existing moral problem and understand
the moral consequences of the decisions made on the patient's part. The
understanding of DNA-Technologies is students’ conceptual understanding of key
concepts in DNA Technology Unit in Biology subject. At level 2, the predictors were
time-invariant variables that are constant over the time, including previous biology
achievement (SUM) which is academic outcomes that indicate the extent to which a
student has achieved their learning Biology and student gender (GND) (Figure 1). This
two-level conceptualization implies the need for a model in which the parameters in
the first level become the outcome variables in the second level. Because of this
multilevel character, it is convenient to refer to this conceptualization of growth curve
modeling as a hierarchical linear modeling or HLM.

Figure 1
A Hypothetical Growth Curve Model of Moral Reasoning on the Application of
Modern Biotechnology.

Level 1: Within - person

SEN

UND

/0

Time - varying variable

Level 2: Between - person

GN\D |/

Time - invariant variable

Upon applying the above model to our study, at level 1, we obtain
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REAU' =Tg; + Tq; TIMEU + 1Ty SENti + T3 UNDU' + &t (1)

The coefficients at level 1 are often indicated by the Greek letter m. The
subject-coefficients at the second level can be represented by the usual Greek letter
y. In Eq. (1), REA;; is the moral reasoning score of individual / measured at
measurement occasion ¢, TIME}; is the time variable that indicates the measurement
occasion, and SEN;; and UND,; are time-varying covariates. The second-level
predictors including SUM and GND are time-invariant covariates. They are
hypothesized to explain the variation of the initial status (1y;) and the rate of growth
(11;), respectively.

Toi =Yoo + Yo1 SUM; + Vo2 GND; + uy;
Ty = Y10 + Y11 SUM; + ¥15 GND; + py; (2)

where &; represents the residual of person /s score at time ¢ from his/her model
predicted score at that time point. The person-level residuals lg; and pq; represent
the deviation of person /s intercept and slope from the overall intercept and slope.

Method
Population and Sample

The population in this study are grade 12 students studying DNA technology
unit in academic year of 2017 in Saraburi province. There were, in total, 21 high
schools in Saraburi. Three schools with different sizes (extra-large, large, and medium)
were randomly selected. The sample were 206 Grade 12 students. All of them had
learned fundamental and prerequisite genetics concepts before our intervention.
These students were taught by three biology teachers who volunteered to participate
in this study. Each taught two intact biology classes. The teaching method used was
SSl-based instruction emphasizing case-based discussion. The cases were issues and
concerns on the application of DNA technology. After introducing the case, the
students engaged in either a whole-class discussion or, where appropriate, were
divided into pro and con groups based on their opinion and discussion.

Interventional bioethics modules

The teaching intervention comprised five modules in the units of Molecular
Genetics and DNA Technology in high school biology. We named our intervention,
Bioethics for Informed-Decision Modules or BID modules. The teaching modules
integrated SSl-based teaching. We wished to enable students to develop moral
reasoning skills so they could move beyond a “gut reaction” to more informed and
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critical positions. The goals of BID modules were to encourage them to ask moral
questions, understand moral principles, and apply them and scientific understanding
to make informed decisions considering various stakeholders’ perspectives on
biotechnological issues. We tried to cultivate critical reasoning skills, moral values,
and leadership in “hard” topics in Biology. BID comprised five modules namely, XYY
syndrome born to be bad, Gene therapy and Huntington's disease, GM mosquito,
Alzheimer’s disease and the secret letter, and Thyroid cancer and genetic diagnosis.
The implementation of the BID modules can be flexible depending on school contexts.
We only designed classroom activities, worksheets, and materials and gave teachers
instructional guidelines. In each module, we provided scenarios about moral dilemmas
in the application of DNA technology. These were fictional or realistic and were
conducted after teaching science content. The students engaged in structured
discussion in a safe learning environment.

Instruments and Measures

We used two research instruments. The first instrument was a questionnaire
measuring moral sensitivity and moral reasoning. It was adapted from the work of
Clarkeburn (2002) and Fowler et al. (2009), and we created some more scenarios
related to the Thai context; “Golden Rice” and “BT cotton.” The questionnaire
comprised four open-ended questions covering the application of DNA technology on
health, economy, society, and environment. The instrument began with a short
paragraph introducing a dilemma that was complex and multifaceted and that had to
do with balance and trade-offs. To measure sensitivity, the students were asked to list
questions or concerns they had after reading the text. Regarding moral reasoning,
with the same dilemma, students were asked further to give their position and
justification for their choice. Their responses were interpreted and classified into one
of predetermined ordered categories. The second instrument measures the
conceptual understanding of molecular genetics and DNA technology. It was a multiple
choices test comprising 12 items. The item difficulty ranged between .3 and .7. The
item discrimination, the items fall in acceptable values are .2 or higher.

The moral sensitivity, a time-varying variable, had a total score of 12 points
using a scoring rubric adapted from Fowler et al. (2009). The outcome variable, moral
reasoning (REA), had a total score of 20 points. We adapted a five-level scoring rubric
based on Crne-Hladnik et al. (2012) to assess moral reasoning. The understanding of
DNA-technology-related concepts was measured from a multiple-choice test with a
maximum score of 12 points.

All instruments were content validated by experts and pilot tested. After the
pilot test, interviews were conducted with some students to gauge whether and how

Journal of Research Methodology, 2024, 37(1), 1-16. 7



Onrumpa Kumnuanek, Pongprapan Pongsopon, and Uriwan Aranyawat

they understood the dilemma and questions and which items caused them the most
trouble. Based on results from the pilot test, the instruments were revised. The data
of other variables in the model, such as gender and previous biology achievement,
were retrieved from the students’ academic record provided by their school.

Data Collection

This study was conducted in the first semester of the 2017 academic year. Each
student was assessed for the outcome variables and time-varying predictors four times
over the course of the intervention. The first data collection occasion occurred at the
beginning of the semester before the implementation of the intervention (TIME 0); the
second occasion, after the first module (TIME 1); the third occasion, after the third
module (TIME 2); and the fourth occasion, at the end of the semester (TIME 3).

Data Analysis

We described the data of all variables in the model using descriptive statistics
and then conducted HLM to examine and explain students’ within- and between-person
variation (Raudenbush & Bryk, 2002). We estimated a series of multilevel models using
Mplus version 8.0 software. To conduct a multilevel analysis, we adopted the multi-
step approach suggested by Hox (2010) and Singer and Willett (2003). By using the
multilevel framework, we could explore intraindividual changes over time (level 1) and
individual differences in the nature of the change (level 2). To explain the variation, the
predictors were added to each level at the time. The modeling was run in sequence
from the simplest, baseline model, to the most complex, full model. A previous model
determines and guides the specification of a subsequent model. The variations of the
outcome variables were expected to be reduced and explained in the later models. In
this study, there are five sub-models, as described in order below.

Model A, the intercept-only model, is a model with no predictors at either level.
This model contains only an intercept and error terms at the occasion and the subject
levels. Model A will help partition the total outcome variation. From this model, we
calculate the intraclass correlation (ICC, p) that quantifies the proportion of the
observed variation in the outcome that was attributable to the effect of clustering
within and between students. It was calculated as the ratio of the group-level error
variance to the total error variance where oﬁo

and 0'e2 is the variance of the level-1 residuals as follows:

2
/10

2 2
T,0 + o4

is the variance of the level-2 residuals

p:

In Model B, the unconditional growth model, the time variable was added as a
linear predictor with the same coefficient for all subjects at the intrapersonal level. We
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used a measurement occasion variable (TIME) to explain the occasion-level variance
in the outcome variable (REA) over the course of the intervention. To examine how
much the variance decreased when explanatory variables were added in the
subsequent models, we used Model B as a baseline model as suggested by Hox (2010).
The intercept represents the value of REA;; when time = 0 or a person i's initial status.
At level 2, this model shows between-person variability in terms of the initial status
and the linear growth rates.

Model C had a random intercept and a slope with a level-1 predictor model. We
added the time-varying covariates UND and SEN to this model at level 1 to explain the
within-person variance.

Model D, the inter-individual level model, was used to explain the between-
person variability of the initial status. We introduced time-invariant predictors, GND
and SUM, to explain the variability of the initial stage of moral reasoning between
students at level 2.

Model E, the inter-individual level model, was used to explain the between-
person variability of the rate of change. We introduced time-invariant predictors, GND
and SUM, to explain the variability of the rate of change in the development of moral
reasoning between students. Notably, Models D and E would proceed only if there was
a significant amount of variability of initial status and rate of change between students.

To determine the effect of the significant predictors, we calculate the
proportion of variance reduced (explained) as

(the error in a baseline model) — (the error in a subsequent model)

the proportion of variance reduced =
prop the error in a baseline model

Results

Initially, we had 206 participants. However, of these, 16 showed no variation in
their responses over time and were therefore removed from the dataset. Therefore,
the effective sample size was 190 students. We examined the distribution of the
outcome variable moral reasoning (REA) in the disaggregated data file with 190 x 4 =
760 observations with 47 missing data. This section first presents the descriptive
analysis results (Table 1) and then presents the multilevel growth curve modeling
results (Table 2).

Table 1 presents the descriptive statistics of the outcome variable and level-1
and level-2 predictors. The average score of the moral reasoning outcome variable
was 14.17. The average score of the level-1 explanatory variables, SEN and UND, was
7.23 and 6.95, respectively. The average score of the level-2 explanatory variable,
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SUM, was 136.25. Skewness assesses the extent to which a variable’s distribution is
symmetrical. As a general guideline, a skewness value between -1 and +1 is
considered excellent. Kurtosis is a measure of whether the distribution is too peaked.
the general guideline, when both skewness and kurtosis are close to zero, the pattern
of responses is considered a normal distribution” (Hair et al., 2022, p. 66). In this study,
the skewness and kurtosis of the variables were less than 1 and close to O respectively,
suggesting that all variables were symmetrical and normally distributed.

Table 1
Descriptive statistics of each variable

Score N (%) Max Min Mean SD Skewness Kurtosis
Outcome REA 20 8 14.17  2.879 -.305 -.708
Level-1 SEN 12 4 7.23 1.849 .232 -.426
explanatory UND 12 0 6.95 3.057 -.168 -1.082
variables TIME - - - - - B
Level-2 SUM 177 99 136.25 13.654 401 .088
explanatory Total 190 (100) - - - - -

variable GND Female=1 122 (64.2)

Male =0 68 (35.8)
Note: REA (moral reasoning), SEN (moral sensitivity), UND (understanding of DNA technologies), TIME

(occasion of measurement), SUM (previous biology achievement), GND (student gender)

Next, we present the results obtained from the HLM analysis based on the
approach by Hox (2010) and Singer and Willett (2003). Table 2 lists the results of the
parameter estimates for the growth models. Each model is described in detail below.

The result of Model A indicates that the intercept (Y), which is the average
REA across all individuals and occasions without predictors, is 14.195. The variance
of the repeated measurement-level residual errors, denoted by O'ez, is estimated as
5.572. The variance of the student-level residual errors, denoted by Oﬁo, is estimated
as 2.704. The ICC or the proportion variance at the second level, calculated as p =
Glfo / (alfo +02), is .326. In other words, 32.6% of the total variance is contributed by
individual differences, and the remaining variance is due to intrapersonal variations.
The fit indices AIC and BIC provide the model fit information. When explanatory
variables are added to the model, the AIC and BIC are expected to decrease.

In Model B, the time variable was added as a linear predictor. The variance of
the repeated measurement-level residual errors, denoted by 032, is estimated as 5.505.
The variance of the student-level residual errors, denoted by U;fo, is estimated as
2.719. The ICC or the proportion variance at the second level, calculated as p = Oﬁo/
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(Oﬁo + O'ez), is .330. This shown that, 33% of the total variance is contributed by
individual differences. In other words, about 70% of the remaining variance is due to
intrapersonal variations. The result of Model B predicts a value of 13.862 (Yy,) at the
first occasion, and it increases by .198 (Y;,) on subsequent measurement occasions.
According to this model, students have a positive rate of change in their moral
reasoning score. Model B also shows a statistically significant variation in the intercept
within students in the population (032 =5.505; p <.001).

The result obtained from a revised version of Model C after trimming
insignificant predictors indicated that only moral sensitivity (SEN) was a significant
predictor. The conceptual understanding of DNA technology (UND) cannot explain the
variance of occasion level. The value of the moral reasoning means score (Yoqo) is
12.221 (p < .001) at the first occasion, and it increases by 0.189 (Y;,) on subsequent
measurement occasions. The regression coefficient for SEN is .229 (Y;;); this means
that for each unit increase in scale point on the ethical sensitivity measurement, the
ethical reasoning is expected to increase by .229 scale points in succeeding
measurements after controlling the other significant predictor (TIME). The fit indices
AIC and BIC decrease.

In Model D, all level-2 predictors were added to explain the variation of the
initial status of moral reasoning between students. After trimming the insignificant
predictor; biology achievement (SUM), gender (GND) had a regression coefficient of
1.376 (p < .001), implying that a gender difference existed in moral reasoning at the
initial stage. The gender can reduce and explain the variation of the initial status
between students by ((2.719-1.933)/2.719) = .29 or 29%. At the initial point, girls
scored 1.377 points more than boys on the moral reasoning measure.

Model E was the same as Model D and was added to explain the variability of
the rate of change between students. The result of Model E indicated that the variance
of the slope (TIME) between a person was insignificant (0.163, p = .069), implying that
all students have the same rate of change in moral reasoning score over the course
of the instruction. Thus, we revised Model E by fixing the variance of slope to 0. Finally,
we reran the revised Model E and found that all students have the same positive rate
of change of moral reasoning score at 0.19 unit. An evaluation of the fit indices AIC
and BIC indicated that the revised Model E was the best model to explain the within-
student variance of the measurement occasions and the between-student variance of
the initial status of moral reasoning.

Journal of Research Methodology, 2024, 37(1), 1-16. 11
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Table 2
Parameter Estimates of Submodels in the Multilevel Growth Curve Modeling

Parameter Estimates

Model A Revised Revised . .
Model B Revised Standardized
(Null Model C  Model D .
(+TIME) Model E Coefficients
model) (+only SEN) (+only SEX)
Level 1: Within level
REA on TIME (Y1) 0.198** 0.189* 0.190* 0.190* .15
REA on SEN (Y;,) 0.229** 0.228** 0.228** .07
REA on UND (Y5) Trimmed
Residual variances
5.572** 5.505** 5.544* 5.529** 5.529**
REA (0%)
Level 2: Between level
Means REA (Yqo) 14.159** 13.862** 12.221** 11.330** 11.330**
REA on SUM (Y3) Trimmed
REA on GND (Y14) 1.376** 1.377* .69
Residual variance
) 2.704** 2.719** 2.334** 1.933** 1.934**
(G uO)
Means of Slope 0.190*
Variance of Slope Fixed at 0

Model fit information

Number of free

parameters 3 4 > ° °
Loglikelihood -1722 -1718.8 -1717.9 -1700.6 1700.57
AIC 3450.06 3445.66 3433.8 3413.13 3413.13
BIC 3463.76 3463.23 3456.65 3440.55 3440.55
ICC .326 .329 .288 .292

*p<.05 *™p<.01

The coefficients in Table 2 were all unstandardized regression coefficients. To
interpret them properly, standardized regression coefficients were calculated from
revised Model E using the equation below (Hox, 2010). This will help identify the
strongest or the weakest explanatory variable that explains the outcome variable.

The result of the standardized regression coefficients indicated that gender
(GND) has the largest impact (3 = .69), followed by time (3 = .15) and moral sensitivity
(B = .07). The overall results from unstandardized parameters indicate that the initial
score of moral reasoning for male students is 11.33 points. The initial score of female
students is 1.377 points higher than that of male students. Their score increases
constantly by 0.19 points in each subsequent measurement. Taking into control of the
previous variables, with each unit increase in the scale point for moral sensitivity, the
ethical reasoning is expected to increase by 0.228 points.
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Discussion

Based on the ICC from Model B, we found that around 70% of the variance
arises from intrapersonal differences in the repeated measure. This may be influenced
by personal experience of an issue, family biases, or cultural values (Sadler & Zeilder,
2005b). Individuals are posited to respond to moral situations based on their own
unique perceptions, which make their action choices dynamic and unpredictable.

In Model B, when a linear time variable was added as a predictor to the
measurement occasion level, we found that it was significant and positive. This
indicates that over the course of instruction, moral reasoning increases in every
subsequent measurement. This means that the moral qualities of our subject can be
fostered or hampered by given learning experiences and opportunities in their
classroom environment. Hart (2005) asserted that the development of a moral identity
was nurtured by prolonged learning experiences related to self-awareness, continuity
through time and place, the self in relation to others, and the self as a basis for strong
evaluations. In our case, we capture the growth of students’ moral reasoning over four
months. They included the important plans, goals, and values that form a basis for
individual’s perceiving, judging, and acting. These kinds of experiences are consistent
with the essential features of teaching bioethics underlying BID modules.

We, therefore, discuss the findings from only Model E. We found a weak positive
relationship between the moral sensitivity and the moral reasoning score. The minimal
effect may be explained by the issues used in the test. Some examples like a GM cow
for patients with cystic fibrosis are new and are unrelated to personal experiences.
Further, genetic disorders are not widely known in Thai society. Therefore, students
might not have been impacted by this issue. The students may have felt less sensitive
when exposed to the situation.

We found that the conceptual understanding of the issue and previous biology
achievement are not significant predictors. This finding is consistent with some
previous studies. Dawson and Taylor (1999) and Olsher and Dreyful (1999) noted that
ethical decisions did not differ between nonscience and science major students.
Additionally, previous studies have documented differences in argumentation quality.
Sadler and Zeidler (2005b) indicated that subjects who knew a great deal about
science and genetics and those who knew little displayed similar patterns in terms of
their reliance on rational, emotive, and intuitive arguments with respect to genetic
engineering issues.

To explain the variance in the initial status of moral reasoning between the
students, we found that gender is the only significant level-2 predictor, and it has the
largest impact among all predictors in the final model. Female students have a higher
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score on moral reasoning than their male counterparts. Gilligan (1993), a psychologist,
explained that women tend to consider moral issues in terms of relationships, caring,
and compassion, whereas men are likely to consider such issues in terms of justice,
rules, and individual rights. Dawson (1992) similarly noted that in solving ethical
dilemmas, females are likely to primarily respect feelings whereas males are likely to
primarily respect rights.

The growth in moral reasoning over the course of BID modules may have caused
by the essential features of teaching bioethics, including an introduction to the
dilemmas and an open discussion based on reliable resources. It consists of structured
discussions and ethical inquiry activities based on situated and dialogic learning. These
activities emphasize ethical deliberation to enable students to face the implications of
modern biotechnology from multiple perspectives, including human health,
environment or ecosystem, and economics. Consistent with Sadler and Zeidler
(2005a), moral reasoning that ignores real-world evidence is fundamentally flawed.
Science classrooms that deny emotive venues of discourse in the discussion of social-
science issues curtail student’s moral development.

In the final model, after entering all significant predictors to both levels, we
could not reduce the occasion measurement variance (level-1) in the baseline model
with the trivial effect of moral sensitivity. By contrast, we could reduce and explain
around 29% of the variance between students (level-2) with gender. This suggests that
the rest of the variance within and between students is unexplained. We must have
omitted some other significant predictors from our hypothetical model. Some potential
variables that may help explain the variance include, but are not limited to, the
subjective norm, normative belief, perceived behavior control, religiosity, and
obedience to the law. These will be investigated in further research.

Limitation and Suggestion

We believed that the advantages offered by this longitudinal study research
design could help science teachers capture students’ moral growth. We confirmed
that classroom assessment should be ongoing and reflective and should inform
teachers’ teaching practice. This guides future studies to extend the course of the
intervention with a wider space between waves of observations. This would help to
capture a holistic picture of students’ moral reasoning growth. Further, we might use
other advanced statistical analyses, for example, latent growth curve modelling, to
explore other factors that might have an impact on students’ moral reasoning
construct.
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Implication

Even though growth in moral reasoning may not occur obviously in one
semester, science teachers should not ignore it in their science classroom. With time
and continuous practice, students will show better results. Science educators need to
move students beyond their initial reactions, not as a means of necessarily changing
these views, but as a means for encouraging critical reflection. Students are expected
to not only make reasoned judgments of scientific data; the real-world challenges them
to consider what is right, and this necessarily entails normative ethical thoughts like
“ought” and “should.” Thus, policymakers or stakeholders should better prepare
teachers to teach the moral dimension of science in science classrooms.
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