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Abstract: Science literacy, which is included in Programme for International Student Assessment (PISA) as an assessment area, is an 
important research and discussion area of science education literature with all its dimensions. In this study, the clustering results of 
the students from 34 Organization for Economic Cooperation and Development (OECD) countries participating in the PISA 2015 test 
and sampled by systematic sampling method are obtained by K-Means Clustering and Two-Step Cluster Analysis using the factor 
scores and PISA science literacy average scores. It is thought that the study is of great importance in terms of dividing individuals 
into clusters according to science instruction methods and the mean of plausible values and having an idea about how each cluster is 
defined. As a result of the K-means cluster analysis, it was determined that the input variable with the highest level of importance in 
the formation of the first and third clusters in which the students with the highest scores were included was teacher-directed science 
instruction, and after this variable, the input variable with the highest level of importance was the perceived feedback from science 
teachers. Within the scope of the Two-Step Clustering Analysis, it was determined that teacher-directed science instruction has the 
most importance in terms of the decomposition of clusters, followed by adaptive instruction in science lessons in terms of 
importance level. 
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Introduction 

The importance of large-scale tests in the global world is increasing everyday day in terms of comparing the education 
systems of countries. Large-scale tests are the applications that are used to evaluate student achievement both 
nationally and internationally and consequently that help to make international comparisons by obtaining important 
information (Dossey et al., 2006; Feuer, 2012). The Organization for Economic Cooperation and Development (OECD) 
conducts many studies to compare the education systems of countries, which affect the education policies of countries. 
Programme for International Student Assessment (PISA), Progress in International Reading Literacy Study (PIRLS), 
Trends in International Mathematics and Science Study (TIMSS) and The Teaching and Learning International Survey 
(TALIS) are examples of these applications.  

PISA, an OECD application, is the world's most comprehensive survey research that contributes to the international 
evaluation of the knowledge and skills of 15-year-old students every three years (OECD, 2019). PISA, which is repeated 
every three years since 2000, focuses on one of the three literacy areas (mathematics, science and reading) in each 
application, collecting in-depth data in that area. In other words, in each application, the attitude of each student 
towards one of these areas is determined as well as his/her overall literacy in all three areas, and their opinions about 
themselves, their family and their school are taken. In PISA 2015, financial literacy was also added to three basic 
literacies in the measurement process and the focus area of the application was science literacy (OECD, 2016a). 

PISA evaluates the performance of 15-year-old students on "real life" tasks, which are thought to be suitable for active 
participation in society and lifelong learning (OECD, 2013, 2019). The objective of PISA is not creating a competitive 
environment between countries but ensuring that participating countries evaluate their own education systems, and 
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the knowledge and skills of the students in mathematics, science and reading are monitored by years (Ministry of 
Education, 2010). In the literature, the data obtained as a result of the PISA test are considered as big data and the 
results obtained from this test are of great importance for many different institutions and organizations. These projects 
contribute to practitioners’ and policy makers’ efforts of improving educational practices, by offering new perspectives 
(Plomp, 1998; Schleicher, 2011). The data obtained from this test, which has important results for policy makers and 
practitioners in education, is an indicator that data mining methods can be used on PISA data sets in education. 
Educational data mining is about developing, researching and applying analysis methods on the computer, to detect the 
patterns in the collections of large-scale educational data, which is difficult and impossible to analyze due to the 
presence of huge volumes of data (Romero & Ventura, 2013). At the same time, educational data mining is a set of 
methods that help to search for correlations and rules through programming, which reveal valuable information 
included in very large data and which allows to draw inferences about the future (Kayri, 2008). Educational data 
mining is a research area that has gained importance in recent years and aims to analyze original data types to solve 
research problems in the field of education (Baker & Yacef, 2009). In this respect, educational data mining can also be 
defined as the application of data mining (DM) techniques to specific data types obtained from educational 
environments to address important educational questions. 

Science literacy, which is included in PISA as an assessment area, is an important research and discussion area of 
science education literature with all its dimensions. There are many studies in the literature that contain suggestions 
for improving the science literacy of students of all age groups. According to Jurecki and Wander (2012), for the last 40 
years the main method of giving science literacy to students in an education process that students learn through 
observations and experiments as scientists do, which is summarized as learning by doing. In addition, an 
interdisciplinary approach associated with students' interests is suggested to be more effective in providing science 
literacy (Ross et al., 2013). Moreover, although it is essentially similar in nature, science literacy should be defined in 
different contexts for different cultures, as the culture significantly affects the individual's view of nature and learning 
style (Seraphin, 2014). Even though students are traditionally expected to have a good level of science literacy before 
graduating from high school, the development of science literacy is accepted as a lifelong process in the 21st century 
(Liu, 2009). 

Most of the scientific principles and theories of 15-year-old students are taught at school. As in other fields, the way 
science is taught in schools can affect not only the achievement of the students in science, but also those who want to be 
involved in science in advanced education and career planning. Considering the expected growth in science-related 
employment worldwide and the decline of students' interest towards science due to school reasons, examining why 
some students are more interested in science-related careers has become even more important. This has created the 
need to analyze in detail the resources offered for science such as science learning opportunities at school, laboratory 
applications, science teachers and science activities, and the ways in which science is instructed at school. In addition to 
past and present science education policy, the theory (s) about the nature of science teaching and learning have been 
and continue to be developed through international studies. At this point, the question "How can science literacy be 
improved among the students who are responsible for the science lesson" comes to mind. Most studies using the data 
obtained from the PISA application focused on the relationship between science teaching method used in a single 
country and science achievement for students in that country. Some of the studies using the data obtained through the 
PISA application are based on comparing the science education of countries with different science levels. However, 
such studies are limited due to the inability to control confounding variables such as the country-based school system 
and education expenditures. For this reason, it is thought that more research is needed on how groups with similar 
science achievement levels across countries are perceived when science teaching methods are considered. For this 
reason, studies on the factors affecting science instruction are considered important. Accordingly, various studies on 
the factors affecting science instruction have been conducted in the last 30 years (Langdon et al., 2011) Vedder-Weiss, 
& Fortus, 2011). In the light of this information, in this study the students of OECD countries participating in the 2015 
PISA test were modeled with different clustering methods according to the factors affecting science instruction and the 
mean of science plausible values, and the importance of input variables in cluster formation were determined. 

It is thought that the study is of great importance in terms of dividing individuals into clusters according to science 
instruction methods and the mean of plausible values and having an idea about how each cluster is defined. In this 
respect, it is predicted that the study will contribute to the relevant literature and future studies, and will guide all 
stakeholders in education systems, especially policy makers. As a result of the literature review, there is no study 
focusing on different clustering models established by considering science instruction methods and students' science 
achievement, in which the results of the models are evaluated within themselves, and the factors that are most effective 
in the formation of the clusters are interpreted. At the same time, this study is important in terms of using data mining-
based clustering methods together with classical clustering methods and analyzing the results obtained. 

In this study, it was aimed to model the students in the OECD sample participating in the 2015 PISA test, according to 
the sub-dimensions of science instruction and the mean of science plausible values using different clustering methods, 
and to determine the importance of input variables in the formation of clusters regarding the sub-dimensions of science 
instruction and science achievement. The obtained cluster properties also provide information about the cluster 
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profiles. The focus of the 2015 PISA survey was science literacy, which is thought to increase the importance of the 
research. The following research questions are addressed within the scope of the study: 

How are the students who participated in the PISA 2015 student survey and who are in the OECD sample clustered 
according to the items related to science instruction and the mean of plausible values? 

Methodology 

 Research Problem  

 Sub-problems of the research 

Considering the purpose and importance of the study the following sub-problems are addressed within the scope of the 
study: 

1. How are the students participating in the PISA 2015 student survey and included in the OECD sample clustered 
by k-means cluster analysis according to the items related to science instruction and the mean of plausible 
values? 

2. How are the students participating in the PISA 2015 student survey and included in the OECD sample clustered 
by two-step cluster analysis according to the items related to science instruction and the mean of plausible 
values? 

Research Group  

In the study, 2015 PISA data obtained from students of OECD member countries except Slovenia were used. While 
performing cluster analysis with large data sets in the R program, calculation time may be delayed, and systemic 
problems may be encountered. In order to eliminate this delay, systematic sampling was applied to the data set and as a 
result, analyzes were carried out with the data of 9,870 student. Distribution of the number of students by country is 
shown in Figure 1. 

 

Figure 1. Distribution of the number of students by country 

Data obtained from the students of 34 countries were included in the cluster analysis. Regarding Figure 1, which shows 
the distribution of the number of students by country, the most participants are from Canada and the least is from 
Iceland. The number of participants shows a noticeable decrease after Canada, followed by Australia and the UK. Poland 
and Lithuania follow Iceland as the countries with the least number of participants. 

Variables  

Inquiry-based science instruction was developed within the scope of PISA 2015 using exploratory factor analysis and 
confirmatory factor analysis (Lau & Lam, 2017). Within the scope of PISA 2015, there are a total of 4 science instruction 
structures: Inquiry-based science instruction, teacher-directed science instruction, perceived feedback from science 
teachers and adaptive instruction in science lessons. In the study, sub-dimensions of science instruction in the PISA 
2015 student questionnaire and the mean of science plausible values were used as data input. The input variables used 
in the study are coded as: Factor 1 (Teacher-directed science instruction), Factor 2 (Perceived feedback from science 
teachers), Factor 3 (Adaptive instruction in science lessons), Factor 4 (Inquiry-based science instruction), Factor 
5/PVSCIENCE (Mean of science plausible values) ”. 
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Analyzing of Data 

In the research, the data has been subjected to the "Data Pre-Processing" process to get it ready for analysis before 
starting the analysis. In this process, missing data analysis was performed first. The missing data in the data set of PISA 
surveys have a random structure, thus multiple value assignment method, which is one of the missing data assignment 
methods, was applied to the data set used in the study (Adams et al., 2013; Kaplan & Su, 2016). The multiple value 
assignment was carried out based on logistic regression regarding the structure of the data set (The link related to 
data: https://figshare.com/articles/dataset/K-Means_Cluster_Analysis_Syntax_R/14979879). As a result of the missing 
data assignment, the data related to Slovenia, which has a large amount of missing data in the variables used in the 
research, was removed from the data set. 

After missing data assignment, systematic sampling was applied to the data set. Considering that the data obtained 
from 253,140 students will delay computer's calculation time in the cluster analysis of the R program, a data set 
consisted of the answers of 10,000 individuals was thought to be sufficient and the proportionality constant k was set 
as k = 25 (253.140 / 10.128). A macro was created in the Excel program, and 1 out of every 25 students in the universe 
was included in the sample. Considering the systematic sampling and the data related to Slovenia were removed from 
the data set, the data set consisted of 9870 students. Systematic sampling is a non-random sampling method that 
includes people selected from the universe at regular intervals (Monette et al., 1990). 

The total number of items in the sub-dimensions of science education, included in the study was 21; factor scores were 
used in the study, considering that interpretation will be difficult if the scores of all these 21 items are used as input. 
Factor scores are weighted combinations of associated variables, making this score type more reliable and better 
quality versus actual values, which is the main reason of preferring to use factor scores in the research (Fiedler & 
Mcdonald, 1993). There are different methods for estimating factor scores. Factor scores of input variables used in the 
study were obtained by regression analysis based on the least squares method. Regression at the point of estimating 
factor scores is a method that is very easy to apply and has higher statistical validity compared to factor scores 
estimated by other methods (Grice, 2001; Mulaik, 2009). 

K-means and two-step cluster analysis were used in the study. Cluster analysis is an objective method that attempts to 
measure the structural characteristics of a set of observations. Regarding cluster analysis, although there is a normal 
distribution assumption for the data, the normality assumption usually remains in principle and is not considered 
much. In addition, there is no assumption about the covariance matrix in the cluster analysis, and the assumptions 
required in other multivariate analyzes, such as linearity and having covariance, are not requested. In short, cluster 
analysis is a type of analysis robust to the violations of assumptions (Garson, 2014; Hair et al., 2009; Tatlıdil, 1992). 
When it comes to violation of assumptions, although cluster analysis is a robust type of analysis, normality and linearity 
assumptions of the data set were checked in order to have more detailed information about the data used in the study 
and to prevent any data pre-processing errors. 

The outliers included in the data sets are defined as noisy / dirty data within the scope of data mining. Within the scope 
of the research, it was aimed to reduce the input variables to the same scale level in order to prevent the outliers from 
adversely affecting the statistical analysis results. For this purpose, the scores related to the means of science plausible 
values were converted into standardized '' z '' values and included in clustering analysis. 

As mentioned in the data analysis section, k-means and two-step cluster analysis are used in this study; and the most 
effective variables in the formation of these clusters are examined within the scope of the study. In addition, the 
clusters are used to generate outputs that can be used on determining the similarities and differences between 
countries. The findings obtained using the relevant cluster analysis are summarized below. 

Findings about the First Sub-Problem  

In the first sub-problem of the study, the outputs obtained by k-means method are discussed. 

Since K-means algorithm does not certainly find the ideal number of clusters, the analysis was performed multiple 
times using different parameters and random samples. In the R program, the "nstart" parameter found under k-means 
algorithm allows to select random start for the trial, it also uses “iter.max” parameter to set the maximum number of 
iterations allowed by the algorithm for each random start. For this reason, the change of within-groups sum of squares 
should be checked for different number of clusters. Figure 2 shows the change of within-group sum of squares 
according to the number of clusters. 
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Figure 2. Change of within-group sum of squares according to the number of clusters 

Regarding Figure 2, the sum of squares decreases as the number of clusters increases. Within-group sum of squares is 
also accepted as the error value and the distance between two points of the graph shows the number of clusters 
formed. Since the error values decrease as the number of clusters increases, the point where the error values do not 
change much can be taken as a reference in determining the ideal number of clusters. Accordingly, there is a rapid 
decrease in error values until the number of clusters reaches four, but then for five or more clusters, the change in error 
values is not too much. According to this result, the ideal number of clusters seems to be four. In order to verify this 
result, between clusters sum of squares should be checked as well. Figure 3 shows the change of between clusters error 
values according to the number of clusters. 

 

 

Figure 3. Change of between clusters error values according to the number of clusters 

Regarding Figure 3, showing the change of between clusters error values obtained for different number of clusters, 
between clusters error values are observed to increase as the number of clusters increases. To determine the ideal 
number of clusters, the point where the difference between error values is not too much can be taken as a reference, as 
in the previous graphs. In this graph, which is accepted as a measure of how well and accurately a cluster differs from 
the others, the clusters stop to differentiate well when the number of clusters is five or more. According to this result, it 
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is thought that the ideal number of clusters will be four. In addition to these, in order to determine the ideal number of 
clusters, it is necessary to examine how the AIC and BIC of the formed clusters vary for different number of clusters. 
The line graph obtained for both criteria is shown in Figure 4. 

 

Figure 4. Change of criterion values according to the number of clusters 

Regarding Figure 4, which shows the change of AIC and BIC criteria according to the number of clusters, both criteria 
are observed to decrease as the number of clusters increases. Information that will help in determining the ideal 
number of clusters is related to determining the point where the line graph reaches a flat plateau shape. Accordingly, it 
can be said that the amount of decrease in the graph is relatively less when the number of clusters is over four. Another 
method used to determine the ideal number of clusters is the gap statistics regarding the gap between clusters. The 
graphic regarding the gap between clusters is shown in Figure 5 

 

Figure 5. Graph of the gaps between clusters 

Regarding Figure 5, showing the lower and upper values of the change of within-cluster coefficients for different 
number of clusters, intragroup variability is observed to gradually decreases after the number of clusters reaches k=4. 
It is known that the point where the Gap statistic is maximum will show the information about the ideal number of 
clusters. Accordingly, the ideal number of clusters is thought to be four. Although determining the ideal number is 
considered intuitive, the color scatter plot of the given clusters is seen as the most effective method in determining the 
ideal number of clusters. Figure 6 shows the scatter plot of the clusters obtained in the study. 
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Figure 6. Scatter plot of the clusters 

In Figure 6, the variables on the x and y axes show the clusters obtained for the first two variables Dimension1 (Dim1) 
and Dimension2 (Dim2), which are most effective in clustering analysis, in other words, which explain the maximum 
amount of variance. In the light of this information, it is seen that the first input variable explains 44.30% of the total 
variance, and the second input variable explains 20.30% of the total variance in clustering students into groups. The 
total amount of variance explained by the first two variables used in clustering is 64.60% and this is considered to be 
sufficient. Accordingly, a total of 4 clusters were formed, as shown in purple, green, blue and orange on the graph. 
When all the methods used to determine the ideal number of clusters in the scope of the study were evaluated in a 
holistic manner, it was concluded that the students were divided into 4 clusters. In addition to this, the column chart 
that gives information about how many students from each country in the sample among 4 clusters determined as the 
ideal number of clusters is shown in Figure 7. 

 

Figure 7. Student distribution of each country among clusters 

Figure 7 gives information about how many students from each country are included in the four clusters determined by 
k-means cluster analysis. When Figure 7 is examined, it is seen that Canada, which is seen to have the highest number 
of students, gives the highest number of students to the third cluster and the least student to the second cluster. When 
Figure 7 is examined again, it is seen that, like Canada, Australia gave the highest number of students to the third 
cluster and the least students to the second cluster. It is observed that Israel, which has the least number of students 
within the scope of the research group, gives the most students to the third cluster and the least students to the first 
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cluster. Cluster profiles were obtained in order to determine the effect of factor scores at the point of decomposition 
into clusters on the formation of each cluster. The effect of factor scores for four different clusters is shown in Figure 8. 

 

Figure 8. Distribution of profile scores in clusters 

Regarding Figure 8, teacher-directed science instruction (Factor 1) is the most effective factor in the first cluster. In 
addition, students with the highest science plausible values (factor 5) are in the first cluster. Teacher-directed science 
instruction (Factor 1) is the most effective factor in the second cluster as well. However, perceived feedback from 
science teachers (Factor 2), adaptive instruction in science lessons (Factor 3) and Inquiry-based science instruction 
(Factor 4) variables are observed to be effective in this cluster. Regarding the third cluster, teacher-directed science 
instruction (Factor 1) had the most effect. Compared to the second cluster, the students in the third cluster have higher 
science plausible values. In the fourth cluster, teacher-directed science instruction (Factor 1) had the most effect. 
However, the students with the lowest science plausible values are in this cluster. 

 The holistic evaluation of the obtained results shows that students in the first and third cluster generally adopt 
teacher-directed science instruction, and the first and third clusters consist of the students with higher science 
plausible values than the students in the second and fourth clusters. At the same time, it was determined that the 
perceived feedback from science teachers (factor2) for students in the first cluster and the third cluster, which 
consisted of individuals with the highest scores, respectively, had an important place in the formation of these two 
clusters after teacher-directed science instruction. 

Findings about the Second Sub-Problem  

In the second sub-problem of the study, the data obtained from 9,870 students are clustered by using two-step cluster 
analysis and the number of clusters is determined. First of all, the change of silhouette coefficients obtained for 
different number of clusters is examined.  

Regarding the analysis results, in two-step cluster analysis silhouette coefficients are observed to be weak and different 
algorithms should be tested for 2, 3, 4, 5, 6 and 7 clusters. The highest silhouette value is obtained when the number of 
clusters is 2; they don’t change considerably when the number of clusters is 3 and 4; but they decreases (<0.25) when 
the number of clusters is 5, 6 and 7. Accordingly, it can be said that the ideal number of clusters may be 2, 3 or 4. To 
support this result statistically, the results of the automatic clustering process obtained as the output of the analysis are 
shown in Table 1. 

Table 1. Results of the Automatic Clustering Process 

Number of 
Clusters  

Bayesian Information 
Criteria (BIC) 

Change of BIC  
Percentage of 
Reduction in BIC 

Ratio of Measured 
Distance  

1 34296.286       
2 28868.831 -5427.455 1 2.09 
3 26319.408 -2549.422 0.47 1.202 
4 24213.022 -2106.387 0.388 1.595 
5 22927.142 -1285.879 0.237 1.429 
6 22054.826 -872.317 0.161 1.255 
7 21378.379 -676.446 0.125 1.127 
8 20788.732 -589.648 0.109 1.074 
9 20245.913 -542.819 0.1 1.037 
10 19725.474 -520.439 0.096 1.23 
11 19319.553 -405.921 0.075 1.126 
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Table 1. Continued 

Number of 
Clusters  

Bayesian Information 
Criteria (BIC) 

Change of BIC  
Percentage of 
Reduction in BIC 

Ratio of Measured 
Distance  

12 18969.2 -350.353 0.065 1.119 
13 18665.954 -303.246 0.056 1.031 
14 18374.478 -291.476 0.054 1.044 
15 18099.188 -275.289 0.051 1.046 

BIC is one of the criteria in Table 1 that can be used to determine the ideal number of clusters, which can be set as the 
point where it has the smallest value. However, this value is sensitive to the number of clusters, therefore the 
percentage of reduction in BIC is a more stable criterion to be used. The point where this ratio is greater than the others 
shows the ideal number of clusters. Accordingly, the ideal number of clusters is thought to be two. Evaluating the 
obtained results as a whole and considering that silhouette value also reaches the highest value when the number of 
clusters is two, it is concluded that the units in the data set can be divided into two clusters. Two-step clustering 
analysis also provides an output about the importance of the variables in the formation of clusters. The results 
regarding the predictor importance of input variables in the formation of clusters in the Two-Step Clustering Analysis 
are shown in Figure 9. 

 

Figure 9. Predictor importance of the variables 

Regarding Figure 9, teacher-directed science instruction (Factor 1) is determined to be the most effective variable in 
the formation of clusters. It is followed by adaptive instruction in science lessons (Factor 3), perceived feedback from 
science teachers (Factor 2), inquiry-based science instruction (Factor 4), and mean of science plausible values (Factor 
5). 

Discussion 

In this study, the clustering results of the students from 34 OECD countries participating in the PISA 2015 test and 
sampled by systematic sampling method are obtained by K-Means Clustering and Two-Step Cluster Analysis using the 
factor scores and PISA science literacy average scores. Five input variables, namely teacher-directed science instruction 
sub-dimension, adaptive instruction in science lessons sub-dimension, perceived feedback from science teachers sub-
dimension, inquiry-based science instruction sub-dimension, and mean of science plausible values are used and the 
clustering of the students is determined using different clustering methods. 

The first sub-problem of the study addresses the number of clusters obtained by k-means clustering and cluster results. 
The ideal number of clusters is determined to be four, based on the computations of the changes in within-group sum of 
squares, between clusters error values, Gap statistics, AIC and BIC performed by K-Means Clustering in the R program. 
Students are determined to mostly fall in the third cluster and then in the fourth cluster. As a result of the K-means 
cluster analysis, it was determined that the input variable with the highest level of importance in the formation of the 
first and third clusters in which the students with the highest scores were included was teacher-directed science 
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instruction, and after this variable, the input variable with the highest level of importance was the perceived feedback 
from science teachers. In k-means cluster analysis, the most effective variables in the formation of the first cluster are 
found to be teacher-directed science instruction and science achievement. This result is similar to the finding of the 
study conducted by Costa and Araújo (2018) that using teacher-directed science instruction method is associated with 
higher achievement in science. 

The second sub-problem of the study addresses the number of clusters obtained by two-step cluster analysis and 
cluster results. In Two-Step Clustering Analysis, where the analysis results obtained for the first sub-problem are 
limited, the ideal number of clusters was determined regarding silhouette values, BIC and BIC change criteria. The 
results regarding silhouette value, BIC and BIC change criteria were examined and it was determined that the ideal 
number of clusters was similar and equal to two according to all three statistics. In the literature, there are studies in 
which the ideal number of clusters obtained by Two-Step Cluster Analysis and by K-Means Clustering are not equal 
(Ceylan, 2013; Shih et al., 2010). Within the scope of the Two-Step Clustering Analysis, it was determined that teacher-
directed science instruction has the most importance in terms of the decomposition of clusters, followed by adaptive 
instruction in science lessons in terms of importance level. 

The cluster profiles obtained in the study do not show a direct cause-effect relationship between individuals and 
variables. The cluster profiles obtained as a result of the cluster analysis performed within the scope of the study do not 
provide information about a direct cause-effect relationship between the individuals that make up the study group and 
the variables used in the study. Using the outputs obtained within the scope of the analysis, it gives comparable 
information (s) about the importance level of the variables within themselves at the point of dividing the students that 
make up the study group into groups. Therefore, there may be differences in the clusters in which the individuals are 
assigned according to the clustering method. This result is thought to be due to the high heterogeneity of the data set. 

The review of the results of both clustering methods used in the research in a holistic manner shows that the students 
belonging to the cluster with the highest science plausible values adopted teacher-directed science instruction instead 
of inquiry-based science instruction. This may be due to the fact that inquiry-based science instruction is a more 
difficult teaching strategy, and its effective implementation requires certain resources and a specific school 
environment (Mostafa et al., 2018). Inquiry-based science instruction, in which students are guided at the lowest level 
due to its nature, requires students to have a high level of prior knowledge and self-discipline (Kirschner et al., 2006). 
Students who fails to meet these requirements may perform poorly when exposed to inquiry-based teaching (OECD, 
2016a, 2016b). This suggests that using inquiry-based learning to 'engage' students in a classroom where noise, 
disorder, and wasted time are the norms is unlikely to increase the science performance of these students (Hattie & 
Yates, 2014; OECD, 2019). Another possible explanation is the excessive use of inquiry activities, in which minimal 
guidance is offered to students, by teachers. Lazonder and Harmsen (2016) conducted a meta-analysis study on 
inquiry-based methods and concluded that inquiry-based science teaching is the most effective method when 
appropriate guidance is provided by the teacher. A similar result was reached in another meta-analysis study 
conducted by Kirschner et al. (2006). In the meta-analysis study conducted by Furtak et al. (2012), the generalized 
effect size of student-directed course activities was determined to be .50; whereas the generalized effect size of teacher- 
directed course activities was .90. 

The effectiveness of inquiry-based science instruction depends on the readiness of many factors. The most important of 
these factors can be listed as: the planning time of the teacher and intensive resources need for school-related 
materials, the readiness of the classroom environment for productive learning behavior, high level of prior knowledge, 
the correct adjustment of the amount of guidance that the teacher will provide, and the autonomy support that teacher 
provides to the student. The autonomy support provided by the teacher to the students is related to all other factors 
(Jang et al., 2010). There are studies suggesting that the autonomy support provided by the teacher to the students may 
not involve students in learning activities alone, and that this support should be turned into a structure (Hospel & 
Galand, 2016; Mouratidis et al., 2018; Sierens et al., 2009). Although many inquiry-based activities look excellent, they 
are not as effective as teacher-directed teaching activities alone. As a result of the study carried out by Flick (1995), 
when it is aimed to gain scientific knowledge and certain scientific process skills, teacher-directed science instruction is 
aimed to measure higher-level thinking skills, and inquiry-based science instruction is the basis for teachers with a high 
level of education provided they work in a supportive classroom environment that it should be taken. 

Contrary to popular belief, the finding that successful students adopted teacher-directed science instruction more than 
inquiry-based science instruction is quite interesting in itself. Considering the undisputed opinions accepted in the 
context of education rhetoric today, this finding of the research is perhaps unexpected. This finding may lead to the 
conclusion that Piaget's notions of constructing one's knowledge is combined with the idea that inquiry-based learning 
methods are more desirable. 

A teacher-directed formation which is structured in a more definite framework of what students should understand, in 
which the subjects and learning objectives are more clearly defined, that is containing much less uncertainty, can be 
considered to be more preferable for students (Areepattamannil et al., 2020). 
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When the relevant literature is examined, it is seen that there are experimental studies that suggest using teacher-
directed science instruction instead of inquiry-based science instruction (Scheier et al., 2001) and also suggest using 
inquiry-based science instruction instead of teacher-directed science instruction (Klahr & Nigam, 2004). At the same 
time, it is striking that there are studies in the literature that indicate that there is no statistically significant difference 
regarding both methodologies (Cobern et al., 2010). At the point of science acquisition, there is a lack of evidence that 
teacher-directed science instruction is superior to inquiry-based science instruction (Areepattamannil et al., 2020). It is 
thought that the number of evidence can be increased with future studies that will yield similar results to this study. 

When the results obtained within the scope of both clustering methods are examined in a holistic manner, perceived 
feedback from science teachers is the variable with the highest importance after teacher-directed science instruction 
for the k-means method, and adaptive instruction in science lessons is the variable with the highest importance after 
teacher-directed science instruction for two-step cluster analysis.  

When the literature is examined, it is striking that only a few previous studies on PISA application dealt with the 
variables used within the scope of this research on science education. When the results of the related studies are 
examined, it is striking that teacher-directed science instruction and adaptive instruction in science lessons are 
generally associated with higher science achievement (Costa & Araújo, 2018; Forbes et al., 2020; Lau & Lam, 2017). 
These results are thought to be consistent with the results of the study. Contrary to inquiry-based science instruction, 
the concept of "teacher-directed science instruction" is not fully conceptualized in the literature. However, there is a 
consensus that teacher-directed science instruction should include teaching features such as regular feedback and 
adaptive teaching in achieving high levels of success in science (Forbes et al., 2020). It should be noted that 'experience-
based' teaching and 'active student participation' are certainly advantageous for an effective science teaching process, 
but such 'hands-on' and 'catchy' aspects can arise when using inquiry-based or teacher-directed science instruction 
approaches (Costa & Araújo , 2018; Forbes et al., 2020). 

A study conducted by McKinsey & Company reveals that a model that will be created by blending inquiry-based and 
teacher-directed science instruction by evaluating the PISA 2015 results for OECD countries can be used and needed at 
least within the education systems of European countries (Denoël et al., 2017). The approaches blending inquiry-based 
and teacher-directed science instruction approaches can be created and used. Findings of meta-analysis studies on the 
effectiveness of inquiry-based science instruction may help to find out which blended approach types are most 
promising in increasing students' learning, competencies and disposition. At this point, the most promising approach 
may be providing the student with a content knowledge and a sufficiently strong basis through teacher-directed science 
instruction and using inquiry-based science instruction methods on this basis after creating sufficient content 
knowledge. 

Conclusion 

In k-means cluster analysis, the most effective variables in the formation of the first cluster are found to be teacher-
directed science instruction and science achievement. Within the scope of the Two-Step Clustering Analysis, it was 
determined that teacher-directed science instruction has the most importance in terms of the decomposition of 
clusters, followed by adaptive instruction in science lessons in terms of importance level. When the results obtained 
within the scope of both clustering methods are examined in a holistic manner, perceived feedback from science 
teachers is the variable with the highest importance after teacher-directed science instruction for the k-means method, 
and adaptive instruction in science lessons is the variable with the highest importance after teacher-directed science 
instruction for two-step cluster analysis.  

Recommendations 

Science literacy has always been and will be one of the main goals when considering international science studies 
(Waddington et al., 2007). At this point, the biggest problem in terms of achieving the basic goals is related to the 
selection and use of science-related teaching methods in achieving classroom success in a holistic sense. PISA is a large-
scale and internationally representative application and therefore the data obtained as a result of this application 
contribute greatly to solve this problem. This study and similar studies contribute to theoretical perspectives on the 
nature of science teaching (Settlage, 2007). Such studies on science teaching methods can be helpful in terms of 
guidance for science teachers, experts developing science curriculum, and academic staff training teachers. As a result, 
it is thought that these and similar studies will help to solve problems related to science education and contribute to 
science literacy globally. 

Limitations 

In terms of variables, this research is limited to items related to science teaching strategies selected from the student 
questionnaire of the students in the PISA 2015 sample and items related to the possible average science achievement 
score. This research was also limited to 9870 students from OECD countries, which were obtained as a result of PISA 
results conducted in 2015, two different clustering methods and systematic sampling. 
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