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Introduction

Inquiry skills are essential components of scientific literacy and funda-
mental to 21st-century cognitive competencies. These skills have garnered 
increasing attention in response to evolving science education standards 
(Abd-El-Khalick et al., 2004; Gagné, 1963; National Research Council, 2000; 
Zhou et al., 2016). Scientific inquiry fosters critical thinking and problem-
solving, enabling students to engage in systematic exploration. Lipman 
(2003) has highlighted the importance of cultivating an integrated thinking 
approach within scientific inquiry practices. Prior research has consistently un-
derscored key dimensions of inquiry skills, including data analytics (DA)—the 
ability to analyze and interpret data to derive meaningful insights, control of 
variables (COV)—the capacity to systematically manipulate and isolate vari-
ables to establish causal relationships, and scientific reasoning (SR)—which 
encompasses logical analysis, hypothesis evaluation, and evidence-based 
argumentation (Bao et al., 2009; Chen & Klahr, 1999; Chen et al., 2023; Kuhn 
& Pease, 2008; Omarchevska et al., 2022; Sui et al., 2023; Wu & Hsieh, 2007).

Beyond cognitive skills, inquiry skills also involve attitudinal dimensions 
that influence students’ engagement and problem-solving approaches (Gib-
son & Chase, 2002; Windschitl, 2003). Sui et al. (2024) developed a scientific 
inquiry skill profile model using latent profile analysis (LPA) to classify students 
based on their likelihood of exhibiting distinct inquiry skill patterns (Spurk et 
al., 2020). Their study examined learners’ performance in an animation-based 
activity (ABA) designed to assess DA, COV, and SR. However, while this profil-
ing approach has identified distinct inquiry skill patterns, it did not validate 
these profiles through standardized assessments of scientific competency. 
As a result, it remains unclear whether students categorized under different 
profiles possess corresponding levels of domain-specific scientific knowledge. 
Investigating this relationship is crucial for understanding how inquiry skills 
translate into scientific competency in practice.
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To address this gap, the present study integrates a formal assessment of students’ scientific competencies 
and examines their relationship with the inquiry skill profiles identified by Sui et al. (2024). Specifically, this study 
employs replication research, which plays a critical role in educational research by confirming previous findings 
(Makel et al., 2019), identifying moderating variables (Perry et al., 2022), and expanding theoretical models to new 
contexts (Hedges, 2018; Morrison, 2022). This study utilizes assessment items from Inquiry in Scientific Thinking, 
Analytics, and Reasoning (iSTAR) alongside science examination questions from Taiwan’s national secondary-level 
assessments. The iSTAR framework provides a structured approach to evaluating scientific reasoning across core 
inquiry dimensions, including DA, COV, and SR (Bao et al., 2022). By incorporating these assessments, this study 
sought to validate the predictive utility of inquiry skill profiles in determining students’ scientific competency.

Scientific Inquiry

The National Science Education Standards (NSES) defines scientific inquiry as “the diverse ways in which sci-
entists study the natural world and propose explanations based on evidence derived from their work” (National 
Research Council, 1996, p. 23). This definition aligns with various academic perspectives, which conceptualize 
scientific inquiry as a process involving key steps such as question formulation, hypothesis development, experi-
mentation, planning, prediction, model utilization, data collection and analysis, result interpretation, and knowledge 
dissemination (Bell et al., 2010; Minner et al., 2010).

In contrast to traditional views that consider scientific competence as a sum of individual skills, contemporary 
global assessments—such as the Programme for International Student Assessment (PISA)—underscore a more 
integrative approach. PISA emphasizes that students’ engagement in science learning and their ability to address 
real-world scientific problems require the dynamic application of multiple interrelated skills (OECD, 2017). This 
shift highlights the importance of understanding how students apply scientific inquiry skills rather than simply 
measuring isolated competencies.

Prior research (Bao & Koenig, 2019; Bao et al., 2022) has identified three core scientific inquiry skills essential 
for students’ active participation in the learning process:

1.	 Data analytics (DA) – identifying trends and patterns in data to extract meaningful insights.
2.	 Control of variables (COV) – designing and conducting experiments by systematically manipulating 

variables to establish causality.
3.	 Scientific reasoning (SR) – linking evidence to logical conclusions through structured reasoning pro-

cesses.
These skills form the foundation of scientific inquiry, equipping students with the ability to interpret data, 

design controlled experiments, and develop causal explanations, all of which are crucial for engaging meaning-
fully with scientific problems. DA refers to the ability to recognize patterns and trends within data, enabling data-
driven decision-making (Gandomi & Haider, 2015). Developing DA skills allows students to analyze collected data 
systematically, interpret it as evidence, and draw informed conclusions about causal relationships (Bao et al., 2022).

COV is a critical experimental strategy that enables students to establish causal inferences by isolating and 
systematically manipulating a single variable at a time (Strand-Cary & Klahr, 2008; Tschirgi, 1980). Mastery of COV 
has been identified as a strong predictor of scientific competence (Bryant et al., 2015) and serves as a fundamental 
principle in scientific reasoning (Kuhn, 2007). Engaging in experimental setup and variable specification fosters 
learners’ ability to conduct rigorous scientific investigations and draw valid conclusions. SR is the cognitive process 
of deriving conclusions from empirical evidence and logical inference (Lohman & Lakin, 2011; Zimmerman, 2007). 
Shaw (1996) defined reasoning as the act of linking facts and evidence to support logical conclusions. SR is integral 
to the scientific learning process, as it underpins hypothesis testing, systematic variable manipulation, and the 
evaluation of experimental outcomes (Bao et al., 2009). Through scientific reasoning, students refine their inquiry 
abilities by iteratively developing, testing, and revising knowledge based on observed evidence.

Latent Profile Analysis

LPA is a categorical latent variable modeling technique designed to identify latent subpopulations within a 
broader demographic based on shared characteristics (Collins & Lanza, 2009; Wang & Hanges, 2011). By employing 
probabilistic classification, LPA assigns individuals to distinct subgroups, each characterized by unique configura-
tions of personal and situational variables. This person-centered methodology identifies typologies of individuals 
by analyzing patterns in observed indicators (Spurk et al., 2020), offering a structured approach to understanding 
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heterogeneity within a population. The resulting categorical latent variable models provide an effective means 
of capturing underlying subgroup structures, enhancing the interpretation of population diversity (Howard & 
Hoffman, 2018).

A key consideration in applying LPA is the determination of an appropriate sample size to ensure reliable 
profile identification. Simulation-based evidence indicates that a sample size of around 500 is ideal for reliable 
classification (Nylund et al., 2007). Additionally, selecting the most suitable profile solution requires evaluating 
various goodness-of-fit indices, including the Akaike information criterion (AIC), Bayesian information criterion 
(BIC), sample-size adjusted BIC (SABIC), bootstrapped likelihood ratio test (BLRT), and entropy (Spurk et al., 2020). 
Lower AIC, BIC, and SABIC values indicate a more parsimonious and better-fitting model (Weller et al., 2020). En-
tropy, ranging from 0 to 1, measures classification accuracy, with values above 0.8 considered satisfactory (Celeux 
& Soromenho, 1996; Clark, 2009). Furthermore, a significant p-value for the Lo-Mendell-Rubin likelihood ratio test 
(LMR-LRT) and BLRT suggests that a model with a greater number of profiles provides a superior fit compared to 
a more parsimonious solution.

While statistical criteria play a vital role in determining model fit, past research emphasizes the importance 
of integrating theoretical and substantive considerations in profile selection (Gabriel et al., 2015; Hirschi & Valero, 
2017; Vermunt, 2002; Woo et al., 2018). A well-constructed LPA model should not only demonstrate strong statisti-
cal validity but also align with theoretical frameworks and empirical insights to ensure meaningful interpretation.

Recent years have witnessed a surge in LPA applications within the field of science education, reflecting its 
growing recognition as a valuable methodological tool. An analysis of the Scopus database (2016–2023) reveals an 
increasing number of studies utilizing LPA, with 16 articles published in leading journals such as the International 
Journal of Science Education, Science Education, Journal of Research in Science Teaching, Research in Science 
Education, and International Journal of Science and Mathematics Education.

Several studies illustrate the diverse applications of LPA in science education. For instance, Sui et al. (2024) 
employed LPA to classify 11th-grade Chinese students’ inquiry skill profiles, while Galano et al. (2024) utilized LPA 
to identify attitudinal profiles among Italian students in grades 9–13. Additionally, Snodgrass et al. (2020) explored 
the mathematics and science beliefs of underrepresented student populations, leveraging LPA to examine their 
attitudes and perceptions. This trend highlights the increasing adoption of LPA for investigating individual differ-
ences in science learning and engagement.

The selection of LPA in this study is driven by its alignment with a person-centered approach (Bergman & 
Trost, 2006; Collins & Lanza, 2009), which facilitates the identification of heterogeneous learning profiles within 
a dataset. As a form of mixture modeling, LPA assesses the existence of multiple latent profiles by evaluating the 
fit of competing models (Goodman, 2002; Bowers et al., 2013). This technique is particularly advantageous for 
distinguishing whether students exhibit a singular pattern of inquiry skills or a mixture of distinct profiles within 
the target population.

By employing LPA, this study sought to explore how many distinct profiles of inquiry skills best represent 
Taiwanese students and examine how these profiles relate to demographic characteristics and scientific compe-
tency. This study aimed to extend existing research on inquiry-based learning by providing a refined classification 
system that links students’ inquiry abilities with their broader academic performance.

This study contributes to the field in two significant ways. First, it replicates and validates the inquiry skill profile 
model, reinforcing its generalizability across diverse educational contexts. Ensuring the stability of these profiles 
strengthens their applicability in future research and practice. Second, this study builds upon previous work by 
examining how different inquiry skill profiles are associated with scientific competency. By providing empirical 
evidence that distinct profiles predict variations in scientific performance, this study enhanced the model’s util-
ity as both a descriptive and predictive tool. In summary, the study addressed the following research questions:

4.	 To what extent can the inquiry skill profiles be replicated and validated?
5.	 How do students’ scientific competencies, as measured by iSTAR and Taiwan’s national science exami-

nations, differ across the identified inquiry skill profiles?
6.	 To what extent do demographic factors moderate the relationship between inquiry skill profiles and 

scientific competency?
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Research Methodology

General Background

This study employed a quantitative, cross-sectional research design grounded in a person-centered analytical 
approach. The research aimed to validate and replicate high school students’ scientific inquiry skill profiles and 
examine their relationship with scientific competency and demographic characteristics. Data collection occurred 
over two academic years (2022–2023) in a public high school located in central Taiwan. The school was purposively 
selected due to the representative nature of its students’ academic performance in national assessments. The study 
utilized LPA to identify distinct subgroups of learners based on their scientific inquiry skills. The use of LPA reflects 
a commitment to person-centered methodologies that capture heterogeneity in learners’ cognitive profiles, as 
opposed to traditional variable-centered approaches. To assess students’ inquiry and scientific competencies, the 
study integrated both performance-based assessments and standardized test items from the iSTAR and CAP as-
sessments. The scope of the research included investigating the distribution of inquiry skill profiles, their predictive 
validity for scientific competency, and the influence of demographic factors such as gender, academic major, family 
financial background, and parental education.

Sample Selection

This study examined high school students’ scientific inquiry abilities, with the goal of assessing the robustness 
and transferability of inquiry skill profile classifications. Previous studies utilizing LPA have indicated that a minimum 
sample size of around 500 participants is necessary to achieve adequate model stability and estimation accuracy 
(Morgan, 2015). In this study, this senior high school was selected due to its representative student academic 
performance, as prior research has demonstrated that its students’ General Scholastic Ability Test (GSAT) scores 
closely align with the national probability distribution (Chang & Cheng, 2008; Lin & Chang, 2017). The participants, 
specializing in both natural and social sciences, were purposively sampled from a centrally located school in Taiwan. 
Data were collected from 667 high school students (aged 15–16 years) over two consecutive years. Before data 
collection, informed consent was obtained from the school administration and participating students. Background 
information—including gender, academic major, parental education level, and family financial status—was gathered 
to explore potential influences on scientific inquiry skill profiles and their relationship with scientific competency.

Instrument and Procedures

Animation-based activities

	 The ABA integrates multiple representations, dynamic visualizations, seamless 2D-to-3D transitions, and 
cognitive load reduction techniques to enhance students’ engagement and comprehension of scientific inquiry 
(Papadakis, 2022; Papadakis, Kiv, et al., 2023; Papadakis, Kravtsov, et al., 2023; Wu & Shah, 2004). This rigorously 
validated inquiry-based learning activity (Sui et al., 2024) was implemented in Taiwanese high schools, with content 
carefully translated from Simplified Chinese to Traditional Chinese to ensure accessibility and linguistic accuracy.

Developed on the CCR platform (https://ccr.tw), ABA consists of a structured sequence of learning compo-
nents, including a preface, two animation experiments (AE1 and AE2), and five assessment tasks. The activity begins 
with an introductory preface that contextualizes the topic by discussing rising atmospheric methane levels and 
emphasizing methane’s significantly greater heat absorption capacity compared to carbon dioxide.

The first animated experiment (AE1) presents a comparative setup featuring three bottles: Bottle A contains 
air and H2O(l), Bottle B contains air, H2O(l), and CO2, and Bottle C contains air, H2O(l), and CH4. Following this visualiza-
tion, students complete Task 1, a multiple-choice question designed to assess their DA skills by interpreting the 
experimental setup.

Building upon the first experiment, AE2 extends the scientific investigation by incorporating an animated 
procedure that simulates exposure to UV light. This simulation introduces an essential concept in atmospheric 
chemistry by making water vapor and hydroxyl radicals visible. After engaging with AE2, students proceed to three 
additional assessment tasks. Tasks 2 and 3 consist of multiple-choice questions evaluating students’ DA skills. Task 
4, an open-ended response item, assesses their SR abilities, requiring them to construct logical explanations based 
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on the presented evidence. Task 5, another open-ended task, measures students’ COV skills, challenging them to 
design or evaluate experimental conditions.

The illustrations of ABA are provided below (Figures 1, 2, 3, 4, 5, 6, and 7). The original task descriptions were 
presented in Traditional Chinese for student activities, and the accompanying figures include English translations 
for clarity and accessibility.

Figure 1
The preface of the ABA

Figure 2 
Animation experiment 1 (AE1)

(a) (b)
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(c) (d)

Figure 3
Task 1

Figure 4 
Animation experiment 2 (AE2)

(a) (b)
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Figure 5
Task 2

Figure 6
Task 3
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Figure 7
Task 4 and Task 5

Scientific Competency Test

The Scientific Competency Test was employed to assess the relationship between students’ inquiry skill pro-
files and their science achievement. This assessment consisted of 12 multiple-choice questions from the Taiwan 
Comprehensive Assessment Program (CAP) and 18 multiple-choice questions from the iSTAR assessment.

The CAP is a standardized science examination used for high school and vocational school admissions in Taiwan. 
Since 2012, the Taiwanese government has increasingly aligned CAP with the Programme for International Student 
Assessment (PISA), reflecting the growing influence of PISA rankings on educational policy and public perception 
(Yang & Lin, 2015). This integration has reinforced CAP’s emphasis on scientific inquiry and problem-solving skills, 
making it a relevant measure for assessing students’ science competency in line with international benchmarks.

The iSTAR assessment, developed by Bao et al. (2022), is a robust tool for evaluating scientific literacy, particu-
larly within inquiry-based learning contexts. Over the past decade, iSTAR has undergone extensive qualitative and 
quantitative validation, ensuring its alignment with established science education frameworks such as PISA and 
TIMSS. The test assesses higher-order cognitive skills, including COV, DA, and causal decision-making, mirroring 
PISA’s focus on explaining phenomena and designing investigations and TIMSS’s emphasis on Knowing, Applying, 
and Reasoning (Mullis & Martin, 2013; OECD, 2017).

Unlike traditional assessments such as the Lawson Classroom Test of Scientific Reasoning (LCTSR), which have 
limitations in differentiation and scalability, iSTAR provides a more precise and adaptable evaluation of scientific 
reasoning. While originally designed for college entry and higher education assessments, its inquiry-based structure 
makes it well-suited for tracking the development of scientific reasoning from middle school onward. The validity 
and reliability of iSTAR have been rigorously tested using classical statistical methods and Rasch analysis, confirming 
its effectiveness in measuring scientific reasoning skills. Additionally, science education experts have reviewed and 
validated the assessment items to ensure construct validity, reliability, and relevance to the targeted competencies.

PROFILING SCIENTIFIC INQUIRY SKILLS: EXPLORING RELATIONSHIPS WITH SCIENTIFIC 
COMPETENCY AND BACKGROUND FACTORS IN HIGH SCHOOL STUDENTS
(pp. 824–842)

https://doi.org/10.33225/jbse/25.24.824



Journal of Baltic Science Education, Vol. 24, No. 5, 2025

ISSN 1648–3898     /Print/

ISSN 2538–7138 /Online/

832

Procedures

The study was conducted during regular school hours and consisted of two phases. First, students completed 
the Scientific Competency Test, designed to assess their understanding of key scientific concepts and their abil-
ity to apply scientific reasoning skills. Following this, students participated in an ABA, an inquiry-driven learning 
module that included multiple animated experiments and assessment tasks to evaluate their inquiry skills in an 
interactive context.

Data Analysis

Coding Approaches

Tasks 1, 2, and 3 assessed DA skills, with each task awarding two points for correctly matching all labels. To 
enhance scoring efficiency, Tasks 1 and 2, which focused on recognizing covariation in data, were averaged to 
provide a composite score. Task 3, a multiple-choice question, evaluated students’ ability to distinguish between 
the charts in the previous tasks by including two correct options, requiring a more nuanced understanding of 
data representation.

Tasks 4 and 5, designed based on established coding criteria and prior research by Sui et al. (2024), examined 
distinct aspects of scientific inquiry skills. Task 4 assessed mechanistic causal reasoning, requiring students to 
explain interactions among key variables such as UV light, water, CO2, methane, and hydroxyl radicals. A compre-
hensive response is needed to logically describe how water vapor reacts with UV light to form hydroxyl radicals, 
which subsequently interact with methane to produce CO2. This process results in the gas composition in Bottle 
C resembling that of Bottle B, with the reaction nearing completion but not fully occurring. As a result, the curve 
for Bottle C approaches but does not exactly match that of Bottle B.

Task 5 aligned with the study’s research objective by prompting students to compare the effect of hydroxyl 
radicals on methane. Participants analyzed two experimental setups:

1.	 Experiment 1 served as the control group, featuring a 60-watt light bulb with no hydroxyl radicals.
2.	 Experiment 2 represented the experimental condition, incorporating UV light and hydroxyl radicals.

This task required students to identify data-covariation relationships, determine necessary experimental condi-
tions, and specify the corresponding independent variables to establish causality. To ensure scoring reliability, the 
first author evaluated all responses, ensuring consistency and accuracy in grading. Additionally, two independent 
authors double-checked all assessments, reinforcing the validity of the scoring process.

Analytical Strategies

This study used the tidyLPA package in R (version 4.1.0; Rosenberg et al., 2019) to do LPA. Models were esti-
mated with increasing numbers of latent groups (1 to 10), following the equal variance and zero covariance model, 
as alternative specifications failed to converge. The analysis produced categorical latent variables, representing 
students’ scientific inquiry skill profiles within the dataset (n = 667). To validate the final class solution, the dataset 
was randomly partitioned into two halves (Kampa et al., 2016). LPA was then re-executed on both subsets to en-
sure that the derived profiles remained consistent with the original model. This step was critical for assessing the 
stability and replicability of the identified profiles.

To identify the associations between students’ inquiry skill profiles and their science competency, χ² tests and 
cross-tabulation analyses were employed. A threshold of p < .05 was determined for statistical significance (Agresti, 
2012; Li et al., 2023). For significant associations, additional post-hoc tests were conducted using the Bonferroni 
correction and standardized Pearson residuals. Absolute residual values exceeding 1.96 were interpreted as indi-
cating a significant difference at the .05 significance level.

Research Results

Students’ DA skills were assessed through three tasks, each scored on a 0 to 2 scale. Table 1 presents the de-
scriptive statistics for each task, including minimum and maximum scores, mean values, and standard deviations. 
On average, students scored 4.84 out of a maximum of 6 (SD = 1.79) across all three tasks, indicating a moderate 
level of proficiency in data interpretation and pattern recognition.
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Students’ SR skills were evaluated through Task 4, which assessed four dimensions of cause-and-effect analy-
sis. The task required students to examine the relationships among three distinct causes (C1, C2, C3) and a single 
effect (E1), emphasizing the interconnected nature of causal mechanisms. Each dimension was scored on a 0 to 1 
scale. Table 2 provides descriptive statistics, including minimum and maximum scores, mean values, and standard 
deviations. Overall, students obtained an average score of 0.88 out of a maximum of 4 (SD = 1.11), suggesting dif-
ficulties in articulating mechanistic causal explanations.

Students’ COV skills were assessed using Task 5, which measured two key dimensions: identifying the com-
parative group structure within the experimental design (CP) and recognizing the independent variable (IV). Each 
dimension was evaluated on a 0 to 1 scale. Table 3 summarizes the descriptive statistics, including minimum and 
maximum scores, mean values, and standard deviations. The average student score was 0.63 out of a maximum of 
2 (SD = 0.70), indicating that students faced challenges in experimental design and variable control.

Table 1
Description of Students’ DA

Task Min Max M SD

Task 1 0 2 1.51 0.86

Task 2 0 2 1.54 0.84

Task 3 0 2 1.79 0.48
          
Table 2
Description of Students’ SR

Task Min Max M SD

Task 4

C1 0 1 0.18 0.39

C2 0 1 0.18 0.39

C3 0 1 0.10 0.29

E1 0 1 0.43 0.50

Table 3
Description of Students’ COV

Task Min Max M SD

Task 5
CP 0 1 0.40 0.49

IV 0 1 0.23 0.42

Pearson correlation coefficients were computed to explore the correlation among students’ performance in 
DA, SR, and COV skills. Table 4 presents significant positive correlations among all three inquiry skills, indicating 
a strong interconnection between them. There was a moderate positive correlation between DA performance 
and SR skills (r = .301, p < .01) as well as DA performance and COV skills (r = .249, p < .01). Additionally, a strong 
positive correlation was observed between SR skills and COV skills (r = .459, p < .01), suggesting that students 
with stronger scientific reasoning abilities tend to demonstrate better control of variables in experimental design. 
These findings highlight the interdependence of inquiry skills, suggesting that students who perform well in one 
area are likely to excel in others. The results further emphasize the importance of adopting a holistic approach to 
fostering inquiry skills, as interventions targeting one domain may yield broader improvements across multiple 
aspects of scientific inquiry.
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Table 4
The Correlations Among Students’ Performance

Inquiry skills DA SR COV

DA 1

SR .301** 1

COV .249** .459** 1

Identification of inquiry skill profiles

LPA was performed using z-transformed averages of DA, COV, and SR. Models with different numbers of groups, 
ranging from one to eight, were evaluated based on various fit indices, while attempts to estimate more than nine 
groups failed to converge. To identify the optimal model, we examined several fit indices, including AIC, BIC, SABIC, 
entropy, and BLRT. Among these, the three-group model was the best fit, as it had the lowest AIC, BIC, and SABIC 
values (Weller et al., 2020). Additionally, the entropy and BLRT p-value were considered to further validate model 
selection. High entropy values for the two-group and three-group models suggested good separation between 
the groups (Celeux & Soromenho, 1996). Moreover, the BLRT p-value was below zero point zero for both models, 
indicating significantly better model fit compared to alternative solutions (Table 5). Overall, the three-profile solu-
tion was determined to be the best fit, as it demonstrated the lowest AIC, BIC, and SABIC values, along with strong 
entropy and BLRT p-values, confirming its superior fit over other models.

Table 5
Comparison of the Fit Models with Different Group Numbers

Indicators 1 group 2  group 3  group 4  group 5  group 6  group 7  group 8  group

Log-likelihood -2828.8 -2594.1 -2435.4 -2434.9 -2411.4 -2080.0 -2418.7 -1904.1

AIC 5669.7 5208.2 4898.8 4905.8 4866.8 4212.0 4897.3 3876.3

BIC 5696.7 5253.3 4961.9 4986.9 4965.9 4329.0 5032.4 4029.4

SABIC 5677.6 5221.5 4917.4 4929.7 4896.0 4246.5 4937.2 3921.4

Entropy 1.00 .98 .93 .81 .83 .86 .66 .72

BLRT (p) NA .0099 .0099 .6931 .0099 .0099 .7525 .0099

Smallest group 
frequency 1.00 0.23 0.20 0.03 0.03 0 0 0

Based on the outcomes of the LPA, we characterized three distinct profiles, labeled as “Experimental,” “Sophis-
ticated,” and “Basic.” The Experimental profile (57.0%) comprised the largest number of students. The Sophisticated 
profile and Basic profile accounted for 19.9% and 23.1%, respectively. Figure 8 highlights the distinguishable nature 
of these profiles based on their inquiry skills. The Sophisticated profile demonstrated strong proficiency across 
SR, DA, and COV skills. The Experimental profile excelled primarily in DA, with moderate proficiency in COV and 
SR skills. Conversely, the Basic profile exhibited standardized mean scores below average across all three skills, 
indicating deficiencies in their performance.
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Figure 8
Taiwanese High School Students’ Inquiry Skill Profiles

The Association Between Inquiry Profiles and Scientific Competency

One-way ANOVA was conducted to examine variations in scientific competency achievement among differ-
ent profiles of students. Additionally, a χ2 test and cross-table analysis were utilized to evaluate the presence of 
significant associations between students’ background factors, such as gender, major, parents’ education level, and 
family financial situation. A descriptive analysis of the scientific competency scores for each profile is summarized in 
Table 6. The results demonstrate distinct performance levels across the profiles. The Sophisticated profile exhibited 
the highest average score (M = 18.44, SD = 4.91), demonstrating their advanced level of scientific competency. 
The Experimental profile ranked second with a moderately high average score (M = 16.06, SD = 5.59), while the 
Basic profile had the lowest average score (M = 13.23, SD = 6.55), indicating the greatest need for development.

Table 6
Description of Scientific Competency Test Scores of Different Profiles

Profile n M SD Min Max

Experimental 380 16.06 5.59 0 30

Sophisticated 133 18.44 4.91 0 30

Basic 154 13.23 6.55 0 30

The one-way ANOVA analysis indicates significant differences in scientific competency test scores among 
different profiles, with a moderate effect size (F (2, 664) = 30.20, p < .001, partial η² = .083), as shown in Table 7. 
These results suggest that students categorized as ‘Experimental,’ ‘Sophisticated,’ and ‘Basic’ performed differently 
on the scientific competency test. Post hoc Bonferroni tests further revealed statistically significant differences 
in test scores (p < .001), with moderate and large effect sizes. Specifically, the Bonferroni tests identified signifi-
cant mean differences between each pair of profiles. In summary, students classified as the Sophisticated profile 
demonstrated higher scientific competency than both the Experimental profile and the Basic profile, while the 
Experimental profile performed better than the Basic.
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Table 7
The Result of Post Hoc Bonferroni Tests of Different Profiles

Comparison
M difference SE p d

Condition Condition

Sophisticated
- Experimental 2.378 0.575 < .001 .436

- Basic 5.209 0.675 < .001 .895

Experimental - Basic 2.831 0.545 < .001 .478

Table 8 presents the results of chi-square tests examining the association between students’ background 
factors and their scientific inquiry skill profiles. The analysis shows no significant differences in the distribution of 
students’ gender (χ² = 1.122, p = .571), parents’ education level (χ² = 15.490, p = .345), and family financial situation 
(χ² = 1.749, p = .417). However, a significant difference was found in the distribution of students’ majors (χ² = 23.078, 
p < .001), indicating that students’ majors significantly influence their scientific inquiry skill profiles.

Table 8
Chi-Square Tests of Students’ Background Factor

Background factor χ² p

Gender 1.122 .571

Major 23.078 < .001

Parents’ education level 15.490 .345

Family financial situation 1.749 .417

The distribution of inquiry skill profiles varies significantly between students majoring in social and natural 
sciences. Among social science majors (n = 187), 50.3% (94 students) are classified as Experimental profile, 14.4% 
(27 students) as Sophisticated, and 35.3% (66 students) as Basic. In contrast, for natural science majors (n = 440), 
60.0% (264 students) are Experimental, 22.0% (97 students) are Sophisticated, and 18.0% (79 students) are Basic. 
A Pearson chi-square residual analysis revealed notable differences between these groups (Agresti, 2019). Follow-
up tests indicated that the proportion of Experimental profile and Sophisticated among natural science majors is 
significantly higher than among social science majors, with standardized residuals of 2.25 and 2.19, respectively. 
Conversely, the proportion of Basic is significantly lower for natural science majors compared to social science ma-
jors (standardized residual = -4.71). Interestingly, across both groups, the Experimental profile represents over half 
of the students, suggesting that many possess basic data analysis skills. However, the proportion of Sophisticated, 
who exhibit advanced inquiry and reasoning capabilities, remains relatively low in both majors.

Discussion

Inquiry Skill Profile Model

This study identified three distinct inquiry skill profiles among Taiwanese high school students, highlighting 
variations in their proficiency across SR, DA, and COV. These profiles provide empirical support for partially replicating 
student classifications based on inquiry abilities. From a statistical modeling perspective, selecting n = 3 as the optimal 
solution is supported by multiple factors. First, BIC and SABIC values show a notable decrease at n = 3, whereas further 
increasing the number of profiles results in only marginal improvements. Second, the BLRT ceases to be significant 
beyond n = 3, indicating that additional profiles do not contribute significantly to the model. Third, the three-profile 
solution ensures an adequate sample distribution, preventing the formation of excessively small classes that may 
compromise statistical power. Finally, the n = 3 model aligns with theoretical and practical interpretability, preventing 
excessive complexity that could hinder meaningful application.

From a theoretical perspective, this decision is grounded in the e data-covariation and mechanistic causal reason-
ing framework (Bao et al., 2022), which underscores the role of DA in identifying covariation patterns and validating 
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evidence for mechanistic causal relationships. Within this three-profile model, the Sophisticated group demonstrates 
strong DA abilities alongside high levels of COV and SR. In contrast, the Basic group exhibits weaker DA skills, with 
the lowest average performance in COV and SR. Additionally, Nkwanyana et al. (2023) highlighted that some students 
struggle to translate data analysis into meaningful insights, aligning with the Experimental group, which demonstrates 
moderate DA proficiency but suboptimal performance in COV and SR. As a result, the three-profile solution is both 
statistically and theoretically well-supported, offering an optimal balance between model fit, sample distribution, 
and interpretability.

Although the three-profile model identified in this study—Sophisticated, Experimental, and Basic—differs from 
the four-profile model proposed in China (Sui et al., 2024), the core characteristics of these profiles remain highly 
consistent across both contexts. In both models, the Sophisticated profile exhibits high proficiency across all inquiry 
skills, while the Basic profile reflects notable deficiencies. The Experimental profile identified in Taiwan closely aligns 
with China’s Experimental and Moderate profiles, suggesting similar distributions of inquiry skills despite minor dif-
ferences in classification.

From a model simplicity perspective, the three-profile solution effectively captures essential variations in students’ 
inquiry abilities while maintaining clarity and usability. This streamlined framework reinforces the robustness and gen-
eralizability of inquiry skill profiling, demonstrating its adaptability across different educational settings. By validating 
and extending the inquiry skill profile model, this study enhances our understanding of students’ scientific competen-
cies and provides valuable insights for designing targeted interventions to improve inquiry skills in science education.

Students’ Scientific Competency and Background Factors

The findings indicate that students classified within the Sophisticated profile exhibit the highest levels of scientific 
competency, significantly outperforming those in the Experimental and Basic profiles. This supports the notion that 
reasoning abilities are central to scientific competency (Bao et al., 2022) and play a crucial role in science learning (Co-
letta & Phillips, 2005). Reasoning skills have consistently been identified as essential for problem-solving and scientific 
inquiry, with research linking these skills to higher academic achievement in science (Alshamali & Daher, 2016). More-
over, scientific reasoning functions both as a cognitive skill and as a domain of knowledge, contributing to scientific 
competency and improved educational outcomes (Pasigon, 2024; Zimmerman, 2007). The exceptional performance 
of students in the Sophisticated profile underscores the importance of advanced reasoning capabilities in interpret-
ing, synthesizing, and applying scientific concepts, aligning with prior research emphasizing these skills as critical for 
science education. Conversely, the lower reasoning proficiency observed in students within the Experimental and 
Basic profiles is closely associated with their reduced scientific competency. Adey and Shayer (1993) highlighted that 
developing science process skills has a lasting impact on learning, further underscoring the critical role of reasoning 
in educational outcomes. These findings emphasize the necessity of targeted interventions to strengthen reasoning 
skills, particularly for students in lower-performing groups, as a strategy to enhance scientific understanding and 
improve academic performance.

The findings also suggest that curricular design should be sensitive to students’ academic focus, given the sig-
nificant association between students’ majors and their inquiry skill profiles. Students majoring in social sciences, who 
were more frequently classified as Basic, may require additional support to enhance their inquiry skills and bridge the 
gap with their natural science peers. To address this disparity, curriculum elements could be tailored to align with their 
academic background, for example, by integrating scientific inquiry within social science contexts, making these skills 
more relevant and accessible. Research suggests that students are more likely to retain and apply knowledge when it 
is taught in contexts that are meaningful and engaging (Iran-Nejad et al., 1990).

Furthermore, research by Russell and French (2002) indicated that nonscience majors often hold negative at-
titudes toward science, but experiential learning strategies can effectively overcome these barriers. By incorporating 
hands-on, inquiry-driven learning approaches, educators can create more engaging and meaningful science education 
experiences, ultimately improving inquiry skills among social science students.

Moreover, students majoring in natural sciences were more likely to be categorized as Experimental or Sophis-
ticated, whereas those in social sciences were predominantly classified as Basic. This suggests that scientific inquiry 
skills may play a critical role in influencing students’ academic choices. Students with stronger inquiry skills or those 
more inclined toward higher-level inquiry processes may gravitate toward natural science tracks, whereas those with 
less-developed inquiry skills may prefer social sciences.

This finding raises important considerations for science education policy. If students’ inquiry skills significantly 
influence their academic pathways, early interventions that develop these skills could expand students’ access to 
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science-related disciplines. For instance, targeted support for students in the Basic profile could help mitigate skill-
related barriers that deter some students from pursuing natural sciences. Additionally, the low proportion of students 
classified as Sophisticated across both groups highlights the need for enhancing advanced reasoning abilities across 
disciplines. These skills are essential for scientific competency and interdisciplinary problem-solving, reinforcing the 
importance of strengthening higher-order thinking skills within the broader education system.

There was no significant association between students’ inquiry skill profiles and background factors such as gender, 
parental education level, or family financial status. This lack of association suggests that scientific inquiry skills may be 
relatively independent of these socioeconomic variables, indirectly supporting the effectiveness of Taiwan’s science 
education system in promoting equity. The consistent performance patterns across different inquiry skill profiles in-
dicate that Taiwan’s education system not only delivers quality science education but also ensures equitable learning 
opportunities for students from diverse backgrounds.

However, caution is warranted in interpreting these findings. Studies examining multi-level moderation or 
mediation effects, or conducting subgroup analyses, often require large-scale datasets—such as those used in inter-
national assessments like PISA or TIMSS—to accurately detect subtle differences. To better understand the nuanced 
and context-dependent effects of socioeconomic status on learning outcomes, future research should consider larger 
and more diverse samples (Tan, 2024).

The implications are profound for education, particularly in tailoring instructional strategies to meet the diverse 
needs of students. By recognizing the three distinct inquiry skill profiles—Basic, Experimental, and Sophisticated— 
educators can design targeted interventions that address the specific needs of each group, ultimately enhancing 
overall educational outcomes.

Students in the Basic profile, who frequently struggle with science learning, would benefit from instructional 
interventions focused on building foundational skills and enhancing engagement. Glynn et al. (2007) suggested that 
linking science concepts to career pathways for nonscience majors can increase both engagement and achievement. 
This approach could involve strategically integrating real-world applications and experiential learning to make scien-
tific inquiry more accessible. By increasing students’ interest and confidence in science, their DA skills may improve, 
leading to enhancements in COV and SR abilities.

On the other hand, research by Kuhn (2007) highlighted that reasoning processes can be applied across multiple 
domains. Students in the Experimental profile, who generally exhibit strong analytical skills but may require further 
development in scientific reasoning, could benefit from more advanced inquiry-based tasks. Kind and Osborne (2017) 
propose that scientific reasoning varies based on both content knowledge and epistemic understanding. For these 
students, interventions could include complex problem-solving tasks or higher-order thinking exercises, bridging the 
gap between their current skill set and the advanced reasoning abilities required for scientific competency.

Limitation

This study has certain limitations in its data collection process. Although data were gathered from 667 students, 
the sample was restricted to a single high school in central Taiwan. Despite this limitation, the resulting model closely 
aligns with prior research, suggesting that the sampling approach is valid and that the findings are reliable. However, 
students from other regions in Taiwan or different cultural and educational contexts may exhibit variations in their 
inquiry skill profiles. While the observed similarities between Taiwanese and Chinese high school students indicate 
a degree of universality in inquiry skill classifications, additional research is needed to examine the applicability of 
these profiles across diverse cultural and educational settings. Such investigations would provide further validation 
of the universality of scientific education principles and offer deeper insights into how inquiry skill development is 
influenced by contextual factors.

While this study did not identify significant relationships between students’ inquiry skill profiles and background 
factors such as gender, parental education level, and family financial status, this absence of statistical significance should 
not be interpreted as definitive evidence of no effect. Instead, it may reflect methodological constraints, including 
sample size limitations and measurement sensitivity. Additionally, the background variables in this study were broadly 
categorized (e.g., binary classifications of parental education level and financial status), which may not fully capture 
subtle socio-economic disparities that influence inquiry skills.

Future research could adopt more granular socio-economic indicators to gain a deeper understanding of how 
socio-economic factors shape inquiry skill development. Potential avenues for investigation include access to scientific 
learning resources at home, parental involvement in science education, and school-level contextual factors. A more 
comprehensive examination of these variables could provide richer insights into the relationship between socio-
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economic background and scientific inquiry skills, ultimately informing policy decisions and instructional interventions 
aimed at bridging educational gaps.

Conclusions and Implications

Scientific inquiry skills are essential indicators of students’ cognitive abilities and their readiness to engage in 
scientific reasoning. This study successfully replicated and validated the inquiry skill profile model from previous 
research, confirming its robustness across different educational settings. Through LPA, we identified three distinct 
inquiry skill profiles—Sophisticated, Experimental, and Basic—each characterized by varying levels of proficiency in 
DA, COV, and SR. These findings provide empirical evidence that students’ inquiry skills are not uniformly distributed, 
but rather follow distinct patterns based on their competencies in scientific inquiry.

Furthermore, this study established a significant correlation between students’ inquiry skill profiles and their 
scientific competency. Students classified under the Sophisticated profile demonstrated higher scientific competency, 
significantly outperforming those in the Experimental and Basic profiles. These results emphasize the critical role of 
advanced reasoning abilities in enhancing students’ understanding and application of scientific concepts. Conversely, 
students in the Basic profile exhibited the lowest levels of scientific competency, underscoring the need for targeted 
interventions to improve their inquiry skills.

Notably, demographic factors such as gender, parental education level, and family financial status did not sig-
nificantly impact students’ inquiry skill profiles, reinforcing the effectiveness of Taiwan’s science education system in 
providing equitable learning opportunities. However, academic majors exhibited a strong association with inquiry skill 
profiles, with natural science majors demonstrating higher inquiry skill proficiency than their social science counter-
parts. This finding suggests that scientific inquiry skills may influence students’ academic choices and highlights the 
importance of science curricula that support students across different disciplines.
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