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ABSTRACT 

The Organization for Economic Co-operation and Development’s (OECD) Programme for International Student 
Assessment (PISA) global education survey is a triennial international survey that aims to evaluate education 
systems worldwide by testing the skills and knowledge of 15-year-old students in Mathematics, Reading, and 
Science. The survey has become increasingly influential on politicians who see their countries and their policies being 
measured against these global school league tables. At the same time, there have been many discussions and 
debates in Singapore regarding the issues surrounding the ever-evolving education system. A standardized scoring is 
needed due to the survey using multiple booklets and each booklet contains varying number of questions from a 
combination of science questions together with reading and/or mathematics questions. We used latent class analysis 
to determine the difficulty of each question through the profiling of clusters and then adjust the weight of the question 
based on the difficulty in order to get a standardized score. From the results of LCA and standardization, we have 
determined that not all schools perform on the same level and there are schools which have performed exceptionally 
well for the 2015 PISA survey while there are also schools which have performed poorly.  

INTRODUCTION 

In Singapore, the Ministry of Education (MOE) is responsible for collecting and analyzing data collected from schools 
in order to improve on their policies and practices in education which they set for schools. However, most of the data 
from MOE are not publicly available for research and analysis for those who are not working inside MOE. With this 
limitation, it is hard to gain insights on the performances of schools and its students in Singapore to make 
improvements or suggestions to the education system. An alternative for deriving insights from Singapore’s education 
system is through the publicly available data collected by the Organization for Economic Co-operation and 
Development (OECD). The OECD conducts the Programme for International Student Assessment (PISA) global 
education survey every three years to assess the education systems worldwide through testing 15 year old students 
in the subjects of mathematics, reading, and science. The 2015 PISA data was released last December 6 2016 and 
Asian countries continue to perform exceptionally well, with Singapore rated as the best, replacing Shanghai which is 
now part of a combined entry for China. This paper aims to analyze the recently released PISA data to find out what 
are the contributing factors resulting in Singapore’s stellar performance as well as find out if there are key 
characteristics or traits for the best performing schools in Singapore.  

OECD education director Andreas Schleicher shared in a BBC article that “Singapore managed to achieve excellence 
without wide differences between children from wealthy and disadvantaged families.” [1] However, being products of 
the Singapore education system ourselves, we acknowledge that this not seem to be that case, and there are still 
disparities that exist. We aim to analyze the performances of students based on their socio-economic background 
and see if this plays a part. Furthermore, Singapore’s Minister for Education, Mr. Heng Swee Keat also started an 
“every school a good school” slogan [2]. Therefore, the focus of this paper is to also find out if it is fair to state that all 
schools are the same based on the PISA data that we will be using. 

The rest of the paper is organized as follows. Following the introduction, we review the literatures related to our study 
which is on latent class analysis. This is followed by an overview on our methodology and our data preparation steps. 
The next part of the paper will focus on the method used followed by an analysis of the results. With the results, the 
standardized scores can be obtained and insights can be derived. Lastly, the paper concludes by highlighting the key 
findings from the method and analysis.  

LITERATURE REVIEW 

An analytics practicum team did an analysis on the 2012 PISA data in 2016[3]. The team did an aggregation of 
student scores by dividing the total number of correct answers by the total number of questions the student attempted 
and then calculated the average test score for each school and every subject based on the percentage score of 
students. The team had an assumption that school, family and personal factors can all affect the performance of a 
student and used techniques such as K-means clustering, partition analysis, and regression model for their analysis 
and variable selection. The team was able to identify factors which affect the performance of students and made 
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recommendations on how schools can identify high risk students based on various factors. 

Latent class analysis (LCA) is a statistical method for finding subtypes of related cases (latent classes) from 
multivariate categorical data. The results of LCA can be used to classify cases to their most likely latent classes. 
Common areas for the use of LCA are in health research, marketing research, sociology, psychology, and education 
[4]. This clustering algorithm offers several advantages over traditional clustering approaches such as K-means such 
as assigning a probability to the cluster membership for each data point instead of relying on the distances to biased 
cluster means and LCA provides various diagnostic information such as common statistics, Bayesian information 
criterion (BIC), and p-value to determine the number of clusters and the significance of the variables’ effects [5].  

This method was applied on the 2012 PISA data of Taiwan to objectively classify students’ learning strategies to 
determine the optimal fitting latent class model of students’ performance on a learning strategy assessment and to 
explore the mathematical literacy of students who used various learning strategies. The findings of the research 
shows that a four class model was the optimal fit model of learning strategy based on the BIC and adjusted BIC when 
comparing the four class model to other models of two to five classes. The study showed that Taiwanese students 
who were classified under the “multiple strategies” and “elaboration and control strategies” group (multiple learning 
strategy) tend to score higher than average while students classified under the “memorization” and “control” group 
(single learning strategy) performed lower than average [6]. 

METHODOLOGY 

 

Figure 1. Flow diagram illustrating analytical process 

Figure 1 illustrates the analytical process used for this paper. Multiple steps are done for the data preparation as the 
data is directly obtained from the PISA database where the 2015 PISA data was released last December 6 2016. We 
then proceed with the data analysis using LCA to determine the optimal fitting latent class model and a discussion on 
the results from the method. From the results of LCA, every question’s weight will be adjusted to determine the 
standardized score of each student.  

The above-mentioned data analysis will be carried out using JMP Pro 13, which provides all the techniques we 
require. Its in-memory processing features also allowed us to run iterations of the various analyses multiple times at 
an efficient speed when necessary. 

DATA 

From the PISA 2015 Database, we only used the files relevant for the project which are the student questionnaire 
data, school questionnaire data, and cognitive item data. The other files which were not relevant for us were the 
teacher questionnaire data and the questionnaire timing data. We also used the codebook data file for easy 
reference. 

Upon initial exploration of the cognitive item data, which contains information on how students answered 
mathematics, reading, and science questions, we noticed that there were multiple booklets used and discovered a 
pattern. Booklets 31 to 96 were used for schools in Singapore and all booklets contained questions for Science 
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together with Reading and/or Mathematics questions or just purely Science questions. Each booklet contained 
various number of questions and thus the total scores of each student cannot be compared across booklets. LCA will 
be used to determine the difficulty of the each question based on how well the students performed for the question 
and then the questions will be adjusted based on the difficulty.  

 

Figure 2. Breakdown of booklets based on distribution of reading, math, and science questions 

DATA PREPARATION 

For steps 1 to 4, we used Excel in preparing the data while JMP Pro was used for the rest of the steps.  

Step 1: 

From the raw files extracted from the PISA 2015 database, we only kept those with the 3 character country code of 
“SGP” as we only want the data related to Singapore. This is applied to the student questionnaire data, teacher 
questionnaire data and cognitive item data. This provided us with 6115 students and 177 schools of which 168 are 
public schools while the other 9 are private schools.  

Step 2: 

The next step was to remove columns with no responses from all schools and students. Columns that contained the 
same value in all entries were also removed such as Region and OECD Country. For the student questionnaire data 
and teacher questionnaire data, this is the last step for data preparation while more steps are needed for the 
cognitive item data in terms of having a standardized score for each student.  

Step 3: 

In the cognitive item data, each question contained several information such as raw response, scored response, 
timing, and number of actions. The only columns which were kept for the cognitive item data were the scored 
responses or coded responses as this contains the information on whether the student received any points for the 
question.  

 

Figure 3. Information for each questions (Step 3) 

Step 4: 

Questions in the cognitive item data were scored differently as some questions were given the value of 1 for partial 
credit and 2 for full credit. We decided to allocate 0 for no credit, 0.5 for partial credit, and 1 for full credit. For missing 
values, the value of 9999 was given.  
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Figure 4. Value of 1 for partial credit and 2 for full credit 

 

 

Figure 5. Multiple values for partial credit and full credit 

Step 5: 

In Excel, each student belonged to a row and the columns contained the student’s score for the questions that were 
answered. We then transposed the questions from columns to rows in JMP Pro to get the count and distribution of 
scoring classification for each question.  

 

Figure 6. Transposed question from columns to rows in JMP Pro 

 

As there were different booklets used, each student only answered a small portion of all the questions that were 
available. When the cognitive item data was transposed into JMP Pro, the questions which were not in the booklet 
answered by the students were also included and this gave a total of 2,109,675 rows. After removing rows which did 
not contain any value in N(0), N(0.5), N(1), and N(9999), we were left with 314,366 rows.  

Step 6: 

We then proceeded to bin the scoring classifications based on its distribution for every question. 10 bins were used of 
10% ranges. The data is then ready for LCA after this step.  
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Figure 7. Binning of scoring classifications 

DATA ANALYSIS 

Latent Class Analysis: 

With the binned scoring classifications, latent class analysis can be performed to determine the most likely difficulty of 
the questions. To determine the number of clusters to be used, a selection of 2 to 5 clusters was chosen to determine 
the best fit to the data. The Bayesian information criteria (BIC) was looked at in order to determine the best model fit.  

 

 

Display 1. Latent class analysis window with selected columns and range of clusters 

 

From the results, the Bayesian information criteria (BIC) was looked at for two to five clusters and the lowest value 
was determined to be the model with the best fit. From table 1, we could see that the latent class analysis with 4 
clusters provided the best fit with a BIC value of 2921.4. However, the latent class analysis with 3 clusters also 
provided a low BIC value of 2927.15 and thus, we decided to use the latent class analysis with 3 clusters to signify 
the 3 difficulties for the questions which are easy, medium, and hard.  

 

Latent Class Model BIC statistic 

2 Clusters 2990.5 

3 Clusters 2927.15 

4 Clusters 2921.4 

5 Clusters 2954.2 

Table 1. Latent class models with BIC statistic 
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Discussion on Latent Class Analysis Results: 

From the transposed parameter estimates, the probability of each question’s most likely difficulty can be determined 
based on the conditional probabilities of each cluster. From cluster 1, we can see that the biggest contributor comes 
from 60.00% to 80.00% of % of (1) Binned which are questions where students have gotten full marks and the 
second biggest contributor comes from 20.00% to 40.00% of % of (0) Binned which are questions where students 
have gotten no marks. From the contributors we can profile this cluster to be questions which have medium difficulty. 
For cluster 2, the biggest contributor comes from 80.00% to 100.00% of % of (1) Binned and 0.00% to 20.00% of % 
of (0) Binned which means these are questions where students generally get full marks and thus we can profile this 
cluster to be questions which have easy difficulty. For cluster 3, the biggest contributors are 0.00% to 50.00% of % of 
(1) Binned, 40.00% to 90.00% of % of (0) Binned, and 10.00% to 40.00% of % of (0.5) Binned. We can profile this 
cluster to be questions which have hard difficulty since these are questions where more students get no marks or 
only partial marks.  

 

Figure 8. Latent Class Analysis of 3 cluster model 

 

 

Figure 9. Transposed Parameter Estimates 

Cluster Difficulty 

Cluster 1 Medium 

Cluster 2 Easy 

Cluster 3 Hard 

Table 2. Cluster with difficulty level based on profiling 
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Standardized Scoring 

From the latent class analysis, 3 columns are created in the data table with the binned scoring classifications which 
are the probability of each difficulty (easy, medium, and hard). From these 3 columns, the most likely cluster is 
derived based on the column with the highest probability.  

 

Figure 10. Probability of difficulty based from the latent class analysis 

 

Each question’s weight is then adjusted based on the difficulty of the question and the total score for each student 
can then be computed for. With the adjusted total score for every student, each school’s performance can be 
calculated for based on the scores of the students. 

 

Figure 11. Mean scores for every subject and overall mean score 
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DATA EXPLORATION 

From the distribution report, we took a look at the mean score distribution for all 177 schools and it can be seen that 
not all schools performed the same. The mean score was 51.28% for all schools and the middle 50% of schools had 
a range score of 41.23% to 58.39%.    

 

Figure 12. Distribution of mean score 

 

Figure 13. Quantiles and summary statistic 

Looking at the boxplot of the scores of all schools, we see how schools in Singapore are different in terms of their 
performance. There are schools which perform exceptionally well as seen in the right side of the image below while 
there are also schools which did not perform well which is contrary to the notion of every school being a good school. 
Another point to highlight in the box plot is the number of outliers for schools which performed well. Although majority 
of the students in the high performing schools did well, there are a lot more outliers compared to schools in the 
middle and bottom tier. 
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Figure 14. Boxplot of each school’s performance 

 

We also took a look at whether there were differences between the students of public and private schools. We 
performed an analysis of variance on the data with the response being the standardized score of the students and the 
grouping by the school category which is either public or private. From the results, there is a significant difference 
between the performance of public school students and private school students as seen in figure 13. To further 
support this, the p-value in figure 14 is 0.0009 which supports figure 13 that there are significant differences between 
the students from public schools and private schools.  

 

Figure 15. One way analysis 
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Figure 16. Analysis of variance 

CONCLUSION 

With the use of latent class analysis, a three-class model and four-class model was found to provide the best fit to our 
data as both had a low BIC value of 2927.15 and 2921.4 respectively. The three-class model was picked over the 
four-class model to signify the three levels of difficulty which were easy, medium, and hard. The three clusters from 
the model were then profiled based on the parameter estimates to determine the associated difficulty of the cluster. 
We were then able to standardize the scores for each student based on the results of the latent class analysis due to 
the fact that there were numerous booklets used in all the schools and each booklet contained different number of 
questions with varying levels of difficulty. We also discovered that not all students had to answer questions from all 3 
subjects which were mathematics, reading, and science due to the use of various booklets and thus, standardization 
of scores were needed in order to compare performances of students and schools with one another. From the data 
exploration, it can be seen that there are indeed differences between schools in Singapore when viewing the 
performances of all schools through a boxplot. We also found out that the private schools performed better than 
public schools through an analysis of variance. Thus, the slogan of “every school a good school” used by Singapore’s 
Minister for Education, Mr. Heng Swee Keat, is not true as there are schools which performed poorly compared to 
other schools. The Programme for International Student Assessment (PISA) global education survey allowed us to 
discover that there are differences between performances of schools but this data is only conducted on a small 
percentage of students in Singapore and in order to improve on the performances of schools, a wider sample is 
needed to have a better analysis on the performance of schools in Singapore. 
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