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Correlates of Mathematics Achievement in Developed and Developing Countries:  

An Analysis of TIMSS 2003 Scores  

Introduction 

Students’ mathematics achievement is often associated with the future of a country (Baker & 

LeTendre, 2005; Wobmann, 2003). Thus, the desire to understand and identify factors that may have 

meaningful and consistent relationships with math achievement has been commonly shared among 

national leaders, policy makers, and educators around the world. For example, in 2007, there were 

more than 60 countries participating in the Trends in International Mathematics and Science Study 

(TIMSS) (TIMSS, 2007). By collaboratively supporting and participating in a large-scale 

international achievement study such as the TIMSS, it was hoped that the rich data (achievement and 

other contextual data) collected from such an international achievement study could illuminate 

important correlates of math achievement both within and between countries that would “otherwise 

escape detection” (Wagemaker, 2003, p.1).   

Unfortunately, despite the fact that data from these international achievement studies have 

been made available for all participating countries (NCES, 2007) only a small number of these 

countries were included in subsequent research studies. A review of existing literature suggests that 

low income countries as well as those that performed poorly in international achievement studies 

such as South Africa, Chile, and Egypt, were rarely included in international research studies. In 

contrast, researchers tended to focus on a small group of developed and high-performing countries 

such as Japan, Canada, and the United States. Such bias in international achievement research has 

resulted in research findings related to students’ math achievement that are based mostly on students 

in developed countries. Consequently, the lack of research findings related to students’ math 

achievement in developing countries has led many of these countries to base their policy decisions 

and even educational reform projects on research findings and educational models of other developed 

countries (Riddell, 1997). Such bases are problematic because countries differ in characteristics and a 

model that works in a developed country may not work in a developing country (Delaney, 2000). 

Purpose 

The purpose of this study was to investigate correlates of math achievement in both developed 

and developing countries. Specifically, two developed countries and two developing countries that 

participated in the TIMSS 2003 eighth-grade math assessment were selected for this study. For each 

country, contextual factors at both the student and the teacher/school levels were used to construct 
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models that yield country-specific findings related to students’ math performance. This study was 

driven by the following research questions:  

1) To what extent are contextual variables (i.e., student background, home resources, 

instructional variables, teacher background, and school background variables) associated 

with TIMSS 2003 eighth-grade math scores in each country? 

2) To what extent are the patterns of the correlates of TIMSS 2003 eighth-grade math scores 

consistent across the countries? 

Theoretical Framework 

John B. Carroll developed the Model of School Learning in 1963 in an attempt to explain why 

students succeed or fail in their learning at school (Carroll, 1963). The Model of School Learning 

proposes that a student will succeed in learning a given task to the extent that he/she actually spends 

the amount of time he/she needs to learn the task, with time defined as the time during which the 

student is actively engaged in his/her learning. According to Carroll (1963), there are five categories 

of variables associated with student’s success in learning: (1) Aptitude – the amount of time needed 

to learn the task under optimal instructional conditions, (2) Ability to understand instruction, (3) 

Perseverance – the amount of time the learner is willing to engage actively in learning, (4) 

Opportunity to learn – time allowed for learning, and (5) Quality of instruction – the extent to which 

instruction is presented so that no additional time is required for mastery beyond that required in 

regard to aptitude.  

Inferring from the Model of School Learning, the first three categories of variables (i.e., 

aptitude, ability to understand instruction, and perseverance) are related to the students; whereas the 

last two categories of variables are concerned with external conditions (i.e., opportunity to learn and 

quality of instruction). It is worthy of note, however, that of these categories of variables, opportunity 

to learn, quality of instruction, and perseverance can be more readily intervened or manipulated than 

aptitude and ability to understand instructions which tend to be relatively resistant  to change 

(Carroll, 1963). 

Literature Review 

A comprehensive review of literature was conducted in order to inform the study in terms of 

research design and data analysis. Several important findings are highlighted in this section.  
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First, in terms of variable operationalization, it seems common that achievement outcomes 

were reported in the form of standardized achievement scores. There appear two common definitions 

for math achievement: (a) math as an average composite score of sub-content areas such as number, 

data, algebra, measurement, and geometry, and (b) math as a single sub-domain score such as 

algebra, or measurement, or problem solving. For contextual factors, variables were defined variously 

from one study to another. The majority of the background data came from self-reported 

questionnaires. For example, in some studies, time on homework referred to time student spent on 

homework in all subjects per week; whereas in other studies, this variable was defined as time student 

spent on mathematics homework per week or as the time students typically spent on homework per 

day.  

Second, there seems little consensus among research studies regarding potential contextual 

factors that could improve student math achievement. In addition, the strength and direction of the 

relationships between contextual factors and math achievement appeared to be inconsistent from one 

study to another. For example, whereas Coleman (1966) suggested that family-related factors exerted 

stronger positive effects than school-related factors on student achievement, Komber and Keeves 

(1973), Heyneman and Loxley (1982), and Fuller (1987) argued the opposite was true, especially if 

the studies were conducted in developing countries. Similarly, the relationship between time on 

homework and achievement has been hotly debated.  Cooper (1989) found that time student spent on 

homework was positively related to greater student achievement. In contrast, evidence from 

Rodriguez’s (2004) study suggested that students who did no homework each day performed slightly 

higher on average than those students who spent more than one hour a day on math homework. 

Further, Trautwein (2007) indicated that the relationship between homework time and achievement 

was only moderate at the school level and was negative at the student level. Likewise, whereas 

Darling-Hammond (2000) strongly believed that teacher preparation to teach was one of the most 

important determinants of student achievement, Glazerman, Mayer, and Decker (2006) demonstrated 

that having no preparation to teach did not prevent talented and enthusiastic individuals who neither  

majored in education nor had prior teaching experiences from contributing positively to student 

achievement. It is important to note, however, that each study has its own limitations and thus, the 

findings from these studies should be carefully interpreted within context.  

Third, the majority of studies reviewed in this chapter were guided by a correlational research 

design because the focus of these studies was the relationships between contextual factors and student 
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achievement. However, these studies differed from one to another in several respects, including data 

sources, samples selection, variables of interest, data management (e.g., treatment of missing data and 

use of sample weight to account for complex, large-scale survey design), and methods of data 

analysis. As an illustration, with regards to variables of interest, different approaches were used to 

identify the final set of variables for the study. In some studies, the researchers determined potential 

predictors of student achievement by examining prior research. In other studies, only variables that 

met certain statistical significance criteria (e.g., correlation coefficients of the variable with 

achievement had to be larger than twice their standard errors or average standardized regression 

coefficients across samples exceeded .05) could be selected. Still in some studies, variables of interest 

were only included if they had sufficient data across samples. Yet, in other studies, the list of 

variables could be different across samples.  

In terms of data analysis, several common statistical methods such as multiple regression 

analysis, structural equation modeling (SEM), hierarchical linear modeling (HLM) were employed to 

examine the effects of contextual factors on student achievement across studies. For studies 

conducted before the 1990s, multiple regression analysis and SEM tended to be used more frequently 

and for studies conducted after 1990s, HLM appeared to be used more frequently. The reason behind 

this shift in the method of data analysis over time was due to the fact that HLM is a newer and more 

advanced statistical analysis method that allows researchers to conceptualize the effects of contextual 

factors on students achievement as occurring at multiple levels due to the nature of nested structure of 

educational data (i.e., students nested within teachers, and teachers nested within schools, etc.). Other 

statistical tests such as independent t-test, analysis of variance (ANOVA), and multivariate analysis 

of variance (MANOVA) were also used to examine differences across sub-samples (e.g., gender 

groups, grade levels, and regions) and across time. 

There were also several studies that applied qualitative approaches to analyze the data. The 

area of research that seemed to attract more qualitative studies includes opportunity to learn in terms 

of curriculum coverage, teacher quality (i.e., preparation to teach, ready to teach, and professional 

development) and instructional activities in the classroom. Thus, the data sources used in these 

studies came from interviews with study participants, classroom observations, instructional goals and 

curriculum, and participants’ reflection journals or field notes.  

Fourth, there appears bias in the inclusion of countries in international research studies that 

examine the relationships of contextual factors and student achievement. Specifically, these research 
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studies tended to focus more on developed countries than on developing countries. Countries that 

were frequently included in international research studies include the United States, Canada, 

Germany, Japan, Korea, and Hong Kong. The lack of representation of developing countries in 

international research is not desirable because it is very possible that the relationships between 

contextual factors and student achievement that were significant in these countries may not be 

significant in developing countries due to substantial differences in country economic status. In fact 

this contention was well supported by the study of Fuller (1987) where the researcher showed that the 

inclusion of developing countries such as India, Chile, or South Africa actually changed the strength 

and direction of school-related factors on student achievement from little or non-existent (Coleman, 

1966) to a strong and positive relationship (Fuller, 1987). Similarly, as Werf, Creemers, Jong and 

Klaver (2000) suggested, in Western countries, large differences in student achievement were noted 

between students from different socioeconomic backgrounds. However, in developing countries such 

differences were much smaller. Thus, it might not be realistic for developed countries to set a goal to 

improve achievement level of all students with different SES background but it is possible for 

developing countries to aim to improve the achievement level of all the students in their educational 

systems.  

Finally, from this examination of literature, the importance of continuing research in the area 

of international achievement assessment is clear. Repeatedly, international studies demonstrated that 

they significantly contributed to the advancement of the field of educational research by challenging 

existing beliefs and research findings, by illuminating new ideas and insights into how to improve 

educational systems, both from a theoretical and methodological perspective, and by offering a host 

of opportunities for educators, researchers as well as policy makers around the world to share and 

learn from each other’s experience and expertise. Theoretically, results from these international 

studies are important in that they provide insights into the extent to which the effects of contextual 

factors such as family resources and school resources on student achievement could change over time 

or function differently across educational systems (Baker et al., 2002; Coleman, 1966; Heyneman & 

Loxley, 1982, 1983; Woobman, 2003). This is because the effects of many of the contextual factors 

are influenced by national economic status which, in turn, is subject to change across time. 

Methodologically, the large-scale of international data as well as the level of variance among 

countries provides excellent advancement opportunities for new and improved statistical 

methodologies to be developed and tested.  
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Method 

Data Source 

Data from the Trends in International Mathematics and Science Study (TIMSS) 2003 for 

eighth-grade math were selected for this study.  Specifically, five data databases from TIMSS 2003 

for eighth-grade were used: student math achievement, student background, math teacher 

background, and school background. The TIMSS 2003 data are maintained by the National Center 

for Education Statistics (NCES) and can be retrieved for research purposes from the following 

TIMSS 2003 official website: http://timss.bc.edu/timss2003i/userguide.html 

Sample 

 TIMSS 2003 used a two-stage sampling design to select representative samples of students in 

each country: (1) a probability-proportional-to-size at school level, and (2) random selection of one 

mathematics class at student level (Martin, 2005). For this study, two developed and two developing 

countries were of selected from the TIMSS 2003 database. Two criteria were applied in the sample 

selection. First, all the countries in the TIMSS 2003 database were stratified into two categories: 

developed countries and developing countries. The World Bank’s (2003) official list of developing 

countries was used for determining country categorization (The World Bank, 2003). A list of TIMSS 

2003 countries grouped by country status (i.e., developing and developed countries) can be found in 

Appendix 1.  Next, for each category, the two countries with the largest number of schools were 

selected. This step was done to ensure that the study has sufficient level two units (i.e., number of 

schools) for examining the variance in eighth-grade math achievement within each country. Table 1 

provides a list of countries that met the selection criterion and their sample descriptions.  

 
Table 1. 
Summary of the Samples Included in the Study 

No. of students Class size 
Country 

status 
Country 

name Total Female Male 

No. of 
schools/ 
teachers M Min Max 

Canada 8,473 4,287 4,186 354 24 10 38 
Developed 

U.S.A 8,008 4,106 3,902 241 33 10 102 
Egypt 7,095 3,329 3,765 217 33 12 36 

Developing South 
Africa 8,927 4,470 4,355 253 35 10 56 

Note: 102 students in South Africa and 1 student in Egypt did not report their gender 
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Variables  

The selection of variables for this study was guided by the conceptual model, the review of 

existing literature on contextual factors related to student math achievement, and the practical 

implications of the variables to policy issues. Once the variables were defined, factor analysis was 

performed to evaluate the reliability of composite variables. In addition, the selected variables were 

reviewed and validated by two content experts in the field of math education. Please refer to 

Appendix 2 for an explicit description of the study’s contextual and background variables, their 

respective indicators, and computed Cronbach’s alpha as reliability indicators. 

The dependent variable of the study is Overall Mathematics Score, an IRT-based score, which 

was calculated by averaging five plausible sub-topic scores: algebra, number, geometry, 

measurement, and data. 

The independent variables are five groups of factors: (1) student background, (2) home 

resources, (3) instructional practices, (4) teacher background, and (5) school background. Each of 

these groups of factors was precisely defined by using existing variables in the TIMSS 2003 

database. For example, student background was measured by five variables: gender, self confidence 

in math, valuing of math, time on math homework, and extra math lessons. Home resources was 

represented by three variables indicating the availability of: calculator, computer, and desk for 

student’s use at home. Instructional practices had nine indicators: opportunity to learn number, 

opportunity to learn algebra, opportunity to learn measurement, opportunity to learn geometry, 

opportunity to learn data, amount of homework assignment, content-related activities in math lessons, 

instructional practice-related activities in math lessons, and instructional time. Teacher background 

was represented by preparation to teach, ready to teach number, ready to teach algebra, ready to teach 

measurement, ready to teach geometry, ready to teach data, and math-related professional 

development. Finally, school background was measured by class size, school resources for math 

instruction, and teacher’s perception of math instructional limitations due to student factors.  

Hierarchical Linear Modeling Analysis 

Because the TIMSS 2003 data were reported by students nested in classes where there was one class 

sampled for each selected school, the analysis of the data was accomplished by the use of hierarchical 

linear modeling (HLM), a multi-level multiple regression technique useful in analyzing nested data 
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(Raudenbush & Bryk, 2002). In order to proceed with HLM, the number of levels in the data needed 

to be specified and models needed to be constructed. The TIMSS 2003 data were best described in 

two levels: student level (level-1), and school and teacher level (level- 2). Level-1 was represented by 

student background and home resources variables which were unique across students. Level-2 was 

represented by instructional practices, teacher background and school background variables because 

each school had only one mathematics class sampled. All HLM analyses were conducted using HLM 

version 6.06 (Raudenbush, Bryk, Cheong, & Congdon, 2008). Sampling weight was incorporated in 

the analysis to account for complex sampling design of TIMSS 2003. 

Recoding Predictor Variables for HLM Analyses 

 In order to improve interpretability of the results, both level-1 and level-2 predictors were 

recoded such that 0 represented the smallest category of a variable. For example, the predictor 

variable student self-confidence in learning math originally had three categories: 1= high, 2 = 

medium, and 3 = low. After recoding, the three categories of this variable were: 0 = low, 1 = medium, 

and 2 = high. There was one exception. The predictor, average number of math instructional hour per 

year was grand-mean centered.  

Models of the Study 

 For each country, 23 models were constructed to represent level 1, level 2, and the five 

contextual factors of interest in the study.  Details of the 23 models are described below:  

Model 1: Baseline Model. For the baseline model, no level 1 or level 2 variables were included. 

jj

ijjij

u
rY

0000

0

+=

+=

! 

 
  

where ijY  is mathematics score of student i in school j, j0!  is regression intercept of school j, 00!  is 

the overall average mathematics score for all schools, j
u0  is the random effect of school j, and ij

r is 

the random effect of student i in school j. 

Models 2-7: Level-1 Student Background. These models aimed to examine the extent to which 

student background variables were associated with math achievement. First, each background 

variable (i.e., gender, self confidence in learning math, student valuing of math, time on mathematics 

homework, and tutoring in math) was entered separately in the baseline model to make Models 2-6. 
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Next, Model 7 as the combined level-1 student background model was built to include all the student 

background variables as follows: 

ijjijjijjijjjij rkTimeHomewoValuingConfidenceGenderY
43210

!!!!! ++++= + ijijj rTutoring +5!  

Model 8: Level-1 Home Resources. The home resources model was constructed to examine the 

extent to which home resources for learning was related to student math performance.  

ijijjjij rcesHomeResourY ++=
10
!!  

Model 9: Overall Level-1 Student Model. The overall level-1 student model was created to include 

all the student-related variables to the baseline model. The purpose of this model was to examine the 

relationship of each of the student-related variables in the presence of other variables and eighth-

grade students’ mathematics achievement. It is important to note that only those variables that were 

statistically significant in the overall level-1 model were retained to include in level-2 models. The 

regression equation for the overall level-1 model follows: 

ijjijjijjijjjij rkTimeHomewoValuingConfidenceGenderY 43210 !!!!! ++++=    

+ ijijjijj rcesHomeResourTutoring ++ 65 !!  

pjppj u+= 0! , where  p = 0, 1, 2, …6. 

In level-1 models, ijY , j0! , 00! , ju0 , and ijr are as defined in the baseline model above, j1!  to 

j6! refer to regression slopes of school j, 0p!  refer to the level 2 fixed effects, and pju  refer to the 

level 2 random effects. 

Models 10-14: Level-2 Instructional Practices. These models were built to examine the relationship 

of instructional practices and 8th grade student math achievement. First each level-2 variable was 

separately entered in Model 9, the overall level-1 student model to make Models 10-13. Then, as a 

combined level-2 instructional practices, Model 14 was built to include all the instructional practices 

variables in the baseline model as follows: 

yMeOpportunityAlOpportunityNuOpportunit pppppj 3210 !!!! +++=     

ntHWAssignmeyDaOpportunityGeOpportunit ppp 654 !!! +++  

pjppp unalTimeInstructioPraActivitiesConActivities ++++ 987 !!!  



Correlates of Math Achievement    11 

Models 15-18: Level-2 Teacher Background. These models were built to examine the relationship of 

teacher background and 8th grade student math achievement First each level-2 variable was separately 

entered in Model 9, the overall level-1 student model to make Models 15-17. Then, as a combined 

level-2 teacher background, Model 18 was built to include all the teacher background variables in the 

baseline model as follows: 

 ReadyMeReadyAlReadyNunPreparatio ppppppj 43210 !!!!! ++++=     

pjppp utDevelopmenReadyDaReadyGe ++++ 765 !!!  

Models 19-22: Level-2 School Background. These models were built to examine the relationship of 

school background and 8th grade student math achievement. First each level-2 variable was separately 

entered in Model 9, the overall level-1 student model to make Models 19-21. Then, as a combined 

level-2 school background, Model 22 was built to include all the school background variables in the 

baseline model as follows: 

 pjpppppj uurcesSchoolResonalLimitInstructioClassSize ++++= 3210 !!!!     

Model 23: Full Model. This model included all level-2 variables and cross-level interaction terms that 

were statistically significant in earlier models. All level-2 models included random errors. The 

purpose of the full model was to examine the relationship of instructional practices, teacher- and 

school-related factors as well as possible cross-level interactions of these variables and eighth-grade 

students’ mathematics achievement.  

yGeOpportunityMeOpportunityAlOpportunityNuOpportunit ppppppj 43210 !!!!! ++++=     

PraActivitiesConActivitiesntHWAssignmeyDaOpportunit pppp 8765 !!!! ++++  

ReadyAlReadyNunPreparationalTimeInstructio pppp 1211109 !!!! ++++         

tDevelopmenReadyDaReadyGeReadyMe pppp 16151413 !!!! ++++     

pjppp uurcesSchoolResonalLimitInstructioClassSize ++++ 191817 !!!  

 where p = 0, 1, to 19. 

In Models 10-23, ijY , j0! , 00! , ju0 , and ij
r are as defined in the baseline model above, j1!  to j6!  and 

pju  are as defined in the Level 1 models, and 0p!  to 19p!  refer to the level 2 fixed effects. 
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Treatment of Missing Data 

 Due to the complex and large-scale survey design of the TIMSS 2003, missing data were 

unavoidable and need to be addressed before any statistical analyses can be performed. In this study, 

an examination of missing data was conducted separately for each country at both the student level 

(level 1) and the classroom/school level (level 2). Next, listwise deletion as a missing data treatment 

method was employed to eliminate all the missing data at both level-1 and level-2. This step was 

conducted because in two-level HLM analyses, parameter estimates are computed based on complete 

cases. 

Results 

Missing Data 

In all four countries included in this study (i.e., Canada, USA, Egypt, and South Africa), 

missing data were present at both level-1 (i.e., student level) and level-2 (i.e., teacher and school 

level). With more missing data found at level-2 than at level-1, an evaluation of the extent to which 

these missing data at level-2 were completely at random was conducted for each country. The results 

showed that the missing data mechanism in all countries was not completely at random. In addition, 

the amount of missing data tended to be larger in developing countries (i.e., Egypt and South Africa) 

than in developed countries (i.e., Canada and USA). Using listwise deletion as a method of missing 

data treatment, the percentages of complete cases in Canada, USA, Egypt, and South Africa were 

73.74%, 55.12%, 26.44%, and 17.56%, respectively, and the number of schools or level-2 units for 

these countries was 271, 153, 69, and 52, respectively. 

Univariate Analysis 

 Descriptively, considerable differences were observed in the weighted average math 

achievement across four countries, from 272.66 for South Africa to 529.30 for Canada. Similarly, it 

was observed that in Canada and USA, students had most basic resources at home for learning (i.e., 

calculator, desk, and computer) and rarely took extra math lessons but in Egypt and South Africa, 

students reported having fewer resources at home for learning and took extra math lessons more 

frequently, at least once or twice a week. However, there were also some commonalities across these 

countries. For example, students tended to spend a modest amount of time on math homework and 

had above medium level of self-confidence in learning math and valuing of math.  

At teacher and school level, it was observed that schools in Canada and U.S tended to have 

smaller class size than schools in Egypt and South Africa. Approximately 87% of the schools in 
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Canada and 90% of the schools in the U.S. had less than 33 students in a class, whereas in Egypt and 

South Africa, the majority of schools (i.e., more than 70% in Egypt and 87% in South Africa) had 

between 33 and 41+ students in a class.  

Bivariate Analysis 

 An examination of weighted bivariate correlations among student-level predictors (i.e., 

gender, student self-confidence in learning math, valuing of math, time students spent on homework, 

extra math lessons, and home resources) suggested that these predictors were uncorrelated with each 

other. From Egypt, South Africa to Canada and the U.S., weak correlation coefficients among these 

predictors were observed, less than +/-.40.  

Similarly, the results of unweighted bivariate correlations among level-2 predictors suggested 

that these variables were weakly related to each other (r less than +/-.40), except for those that 

measure the same construct such as ready to teach math content variables, opportunity to learn 

variables, and activities in math lessons variables. In these instances, the correlation coefficients 

among the variables tended to be moderate in strength (r less than .70) and positive in direction.  

Evaluation of HLM Assumptions 

 For each of the four countries included in this study, visual analysis of both level-1 and level-

2 random effects of the most efficient and parsimonious model was conducted. Results of these 

analyses suggested that in all four countries, the assumptions of normality and homogeneity of level-

1 and level-2 random effects were satisfied. 

HLM Analysis 

Baseline Model 

Across countries, the fixed effect for the intercept ranged from 267.57 (SE = 17.18) for South 

Africa to 527.33 (SE = 2.55) for Canada. This suggests considerable differences in overall average 

school math scores across countries. Likewise, the intra-class correlation (ICC) was found dissimilar 

from one country to another, with Canada and Egypt having the lowest ICC of .28, the United States 

having a moderate ICC of .51, and South Africa having the highest ICC of .76. These data suggest a 

modest to strong level of clustering of students occurred between schools across countries. In other 

words, approximately 28% to 76% of the total variance in math scores occurred between schools 

across schools in these four countries. 
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Student Background Model 

 The student background models were developed to examine the extent to which student 

background variables (i.e., gender, self-confidence in learning math, valuing of math, time on math 

homework, and tutoring in math) were associated with TIMSS 2003 eighth-grade math scores in each 

country. First, each of the student background variables was entered separately into the baseline 

model to predict math achievement. Then, as a group, all of these variables were included in the 

combined student background model to predict math achievement. The results obtained from the 

combined student background models for Canada, USA, Egypt and South Africa suggest that this 

model worked differently across countries (see Table 2). Please note that only variables that are 

statistically significant in the combined model (Model 7) are shown in Table 2. 

 

 

  

Table 2. 
Parameter Estimates for Models 7 (Level-1 Student Background)  

Country Effect Parameters Estimates SE p 
INT 492.91 5.24 <.001 
Extra lessons -15.22 1.05 <.001 

Fixed 

Self-confidence 26.39 1.24 <.001 
τ00 2142.83 46.29 <.001 
Self-confidence 23.54 4.85 .021 
Valuing math 95.32 9.76 <.001 
Homework time 273.02 16.52 <.001 

United States 

Random 

σ2 1892.30 43.50   
Canada Fixed INT 472.20 3.72 <.001 

  Extra lessons -12.80 1.17 <.001 
  Self-confidence 35.88 1.19 <.001 
  Valuing math 4.81 1.30 <.001 
 Random τ00 1381.93 37.17 <.001 
  Gender 77.76 8.82 .001 
  Extra lessons 48.11 6.94 <.001 
  Self-confidence 53.04 7.28 .001 
  σ2 1656.53 40.70   

Egypt Fixed INT 349.43 13.66 <.001 
  Extra lessons -5.90 1.68 .001 
  Self-confidence 29.80 3.36 <.001 
 Random τ00 2887.49 53.74 >.500 
  σ2 4500.18 67.08   

South Africa Fixed INT 217.00 18.96 <.001 
  Extra lessons -11.97 1.79 <.001 
  Self-confidence 24.67 2.58 <.001 
  Valuing math 16.24 2.80 <.001 
 Random τ00 10418.03 102.07 <.001 
  Extra lessons 66.25 8.14 .010 
  σ2 2286.76 47.82   
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Notably, in Canada, Egypt, and South Africa, all of the student background variables, except for 

gender, were statistically significant predictors of math achievement, whereas, in the U.S, only extra 

math lessons and student self-confidence in learning math showed statistically significant 

relationships with math achievement. Similarly, whereas the relationships between math achievement 

and valuing of math, and time students spent on homework appeared to differ significantly across 

schools in the U.S., these relationships did not seem to vary statistically across schools in Canada. 

Noteworthy was in Egypt where none of the slope variances was statistically significant, meaning 

that the relationships between math achievement and student background predictors did not differ 

significantly across schools.  

 However, there were some commonalities across these countries. For example, gender as a 

main effect did not seem to contribute significantly in the prediction of math in all of the four 

countries. Similarly, whereas student self-confidence in learning math was found to have the 

strongest and positive relationship with math achievement, extra math lessons tended to show an 

inverse relationship with math scores across countries. Put differently, across countries, the higher 

level of self-confidence students expressed in learning math, the higher math scores they tended to 

achieve. In contrast, the more frequently students took extra math lessons, the poorer in math they 

seemed to perform. Finally, the inclusion of student background variables in the unconditional model 

resulted in increased explained variance within schools in all of the countries although the amount of 

increase differed across countries (see Table 3) 
Table 3. 
Comparison of  R2 between Model 7 and Previously Constructed Models 

Country Previous Models ! τ00 ! σ2 
United States 2 - 6 -0.03 - 0.06 0.11 - 0.26 

Canada 2 - 6 -0.51 - -0.16 0.08 – 0.37 
Egypt 2 - 6 -0.95 - -0.04 0.04 – 0.12 

South Africa 2 - 6 -0.39 – 0.00 0.10 – 0.21 

 

Home Resources Model 

 The home resources model examined the extent to which home resources (i.e., availability of 

calculator, computer, and desk for student use) were associated with TIMSS 2003 eighth-grade math 

scores in each country. The results of this model, as indicated in Table 4, suggested that as a main 

effect, home resources was found to be a statistically significant predictor of math achievement in all 

countries. With the estimates for the fixed effect of home resources of 31.92 (SE = 3.65) for Egypt, 
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9.74 (SE = 1.86) for USA, 7.55 (SE = 2.30) for South Africa, and 7.48 (SE = 1.76) for Canada, it 

could be inferred that the more home resources students had for learning math, the higher math scores 

they tended to achieve. Interestingly, it was found that only in the U.S., the relationship between 

home resources and math achievement varied significantly across schools. Examining the model from 

the aspect of the variance accounted for it appeared that the use of this model instead of the 

unconditional model only yielded a marginal increase of the within school variance (from .4% in 

Canada to 5% in Egypt) but a considerable reduction of the between school variance in Canada (up to 

56%). 

Table 4.      
Parameters Estimate for Level-1 Home Resources Model   

Country Effect Parameters Estimates SE p ! τ00 ! σ2 

INT 489.62 6.06 <.001   Fixed 

Home resources 9.74 1.86 <.001   
τ00 1356.76 36.83 <.001   
Home resources 35.59 5.97 .015   

Random 

σ2 2576.33 50.76    

 
 

USA 

Pseudo R2         0.05 0.01 
 Fixed INT 506.17 5.89 <.001   

Canada  
 

Home resources 7.48 1.76 <.001   
 Random τ00 1604.39 40.05 .110   
  

 
σ2 2640.68 51.39    

 Pseudo R2         -0.56 0.004 
 Fixed INT 352.86 9.37 <.001   

Egypt  
 

Home resources 31.92 3.65 <.001   
 Random τ00 2011.95 44.85 <.001   
  

 
σ2 4853.60 69.67    

 Pseudo R2         -0.01 0.05 
 Fixed INT 253.63 15.49 <.001   

South Africa  
 

Home resources 7.55 2.30 .002   
 Random τ00 6957.50 83.41 <.001   
  

 
σ2 2860.28 53.48    

 Pseudo R2         0.25 0.01 
 

 As a next step of model building, all of the student variables (i.e., gender, self-confidence in 

learning math, valuing of math, time on math homework, tutoring in math and home resources) that 

were statistically significant in earlier models were included in the overall combined model or the 

foundational level-1 model to predict math achievement. Thus, as a result of this model building 

strategy, the foundational level-1 model was different across countries. For example, for Egypt, the 
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foundational level-1 model was a random intercept only model, but for remaining countries, this 

model was a random coefficient model. 

 As different as countries could be, the results of the foundational level-1 model as can be seen 

in Table 5 suggested that all of the level-1 predictors (i.e., self-confidence in learning math, valuing 

of math, time on math homework, tutoring in math and home resources) were statistically significant 

predictors of math achievement in Egypt and South Africa. For Canada, however, in the presence of 

other variables in the model, only extra math lessons, student self-confidence in learning math, and 

valuing of math showed statistically significant relationships with math achievement. In the U.S., in 

addition to extra math lessons and self-confidence in learning math, home resources also appeared 

statistically significant in the prediction of math achievement.  

Table 5.       
Parameters Estimate for Combined Level-1 Predictors Model     

Country Effect Parameters Estimat
es 

SE p Compar
ed 

Model 

! τ00 ! σ2 
INT 481.69 6.72 <.001       
Extra lessons -15.63 1.07 <.001    
Self-confidence 26.31 1.25 <.001    

Fixed 

Home resources 3.99 1.66 .017    
τ00 1874.76 43.30 <.001    
Self-confidence 29.61 5.44 .045    
Valuing math 92.34 9.61 .014    
Homework time 252.02 15.87 <.001    

Random 

σ2 1898.74 43.57     
    7 0.02 0.00 

 
USA 

Pseudo R2 
        8 0.02 0.26 

 Fixed INT 464.55 6.19 <.001    
Canada  Extra lessons -12.89 1.17 <.001    

  Self-confidence 35.79 1.20 <.001    
  Valuing math 4.51 1.28 .001    
 Random τ00 1236.43 35.16 <.001    
  Gender 68.64 8.28 .005    
    Extra lessons 44.42 6.66 <.001    

Self-confidence 58.44 7.64 <.001    
σ2 1665.98 40.82     
    7 0.11 -0.01 

  
Pseudo R2 

        8 0.23 0.37 
 Fixed INT 292.77 17.45 <.001    

  Extra lessons -5.64 1.75 .002    
Egypt  Self-confidence 26.94 3.30 <.001    

  Valuing math 15.94 8.00 .046    
  Homework time 7.04 2.88 .015    
  Home resources 28.83 3.74 <.001    
 Random τ00 1382.87 37.19 <.001    
  σ2 4442.74 66.65     
 Pseudo R2     7 0.52 0.01 
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Table 5.       
Parameters Estimate for Combined Level-1 Predictors Model     

Country Effect Parameters Estimat
es 

SE p Compar
ed 

Model 

! τ00 ! σ2 
          8 0.31 0.08 

 Fixed INT 208.39 19.23 <.001    
  Extra lessons -12.54 1.81 <.001    

South Africa  Self-confidence 24.17 2.72 <.001    
  Valuing math 16.23 2.86 <.001    

  Homework time 5.33 2.22 .017    
  Home resources 6.81 1.92 .001    
 Random τ00 9644.91 98.21 <.001    
  Extra lessons 68.25 8.26 .045    
  Self-confidence 69.04 8.31 .034    
  σ2 2292.92 47.88     
 Pseudo R2     7 0.07 0.00 
          8 -0.39 0.20 

 

 One thing that was similar across countries was that by using this model instead of the 

previous models, some considerable increases either in the within school variance or in the between 

school variance was observed. Specifically, the foundational level-1 model accounted for 37% more 

of the within school variance than the home resources model in Canada, 26% more of the within 

school variance than the home resources model in the U.S., 52% more of the between school variance 

than the student background model in Egypt, and 20% more of the within school variance than the 

home resources model in South Africa.  

Instructional Practices Model 

 The instructional practices models (10-14) aimed to address the research question related to 

the extent to which instructional variables (i.e., opportunity to learn, activities in math lessons, 

amount of homework assignment, and instructional time) were associated with TIMSS 2003 eighth-

grade math scores in each country of this study. For this section, the results from the combined 

instructional model (Model 14) are presented. Please note that only parameter estimates that were 

statistically significant in this model are shown in Tables 6-8. 

 In Canada, this model yielded five statistically significant cross-level interactions effects: (1) 

average math instructional hours per year by gender, (2) opportunity to learn algebra by extra math 

lessons, (3) opportunity to learn geometry by extra math lessons, (4) opportunity to learn data by self-

confidence in learning math, and finally, (5) opportunity to learn measurement by self-confidence in 

learning math. The estimates of the statistically significant interactions are detailed in Table 6.  
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Table 6.    
Parameters Estimate for The Combined Level-2 Instructional Practices Model for Canada 
Model Type Parameters Estimates SE p 

INT 338.66 41.43 <.001 
Opportunity_data -0.46 0.11 <.001 
Opportunity_number 0.95 0.32 .004 
Instructional hours -0.23 0.07 .002 
Instructional hours*Gender 0.08 0.04 .030 
Opportunity_algebra*Extra lessons 0.11 0.05 .020 
Opportunity_geometry*Extra lessons -0.12 0.06 .029 
Self-confidence 43.34 16.35 .009 
Opportunity_data*Self-confidence 0.11 0.04 .002 
Opportunity_measurement*Self-confidence 0.14 0.05 .007 

Fixed 

Valuing math 4.43 1.33 .001 
τ00 861.96 29.36 <.001 
Gender 60.11 7.75 .025 
Extra lessons 36.74 6.06 .001 
Self-confidence 28.88 5.37 .042 

14 

Random 

σ2 1661.12 40.76   

 The modeled means of predicted math achievement for the five statistically significant 

interactions resulted from Model 14 for Canada are displayed in Figures 1-5  
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Figure 1. Interaction between Average Math Instructional 
Hours per Year and Gender for Canada   
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Figure 2. Interaction between Opportunity to Learn Algebra and 
Extra Math Lessons for Canada  
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Figure 3. Interaction between Opportunity to Learn Geometry and 
Extra Math Lessons for Canada  
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Figure 4. Interaction between Opportunity to Learn Data and 
Self-confidence for Canada  
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Figure 5. Interaction between Opportunity to Learn measurement 
and Self-confidence for Canada  

 

 The data in Figure 1 suggested that there was an inverse relationship between average math 

instructional hours per year and math achievement and that female students appeared to outperform 

male students in math achievement. As the average math instructional hours per year increased, the 

math achievement gap between female and male students became larger. As for the interaction 

between extra math lessons and opportunity to learn algebra (Figure 2), it appeared that when there 

was little opportunity to learn algebra, students tended to score similarly low in math, regardless of 

how frequently they took extra math lessons. However, the achievement gaps among students with 

different levels of extra math lessons grew rapidly as the opportunity to learn algebra increased.  

Similarly, the interaction between extra math lessons and opportunity to learn geometry  in displayed 

in Figure 3 suggest that for students who reported never taking extra math lessons, increases in the 

opportunity to learn geometry was associated with increased math scores. However, as the 

frequencies of extra math lessons increased, the relationship rapidly became an inverse association 

and increased in the opportunity to learn geometry was associated with lower math scores. 

  Interestingly, the interaction between student self-confidence in learning math and 

opportunity to learn data (Figure 4) suggest that increases in opportunity to learn data were associated 

with decreases in student math scores, regardless of levels of student self-confidence in learning 

math. However, in comparing the three groups of students, those reported having a high level of self-

confidence in learning math consistently outperformed their peers who reported having a low or 

medium level of self-confidence in learning math. Finally, as illustrated in Figure 5, the interaction 

between opportunity to learn measurement and student self-confidence in learning math suggested 

that, for students with a medium or high level of self-confidence in learning math, increases in 
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opportunity to learn measurement was associated with higher math scores; whereas for students with 

a low level of self-confidence in learning math, increases in opportunity to learn measurement made 

no difference in their math scores.  

 In the U.S., the combined instructional practice model produced three statistically significant 

cross-level interaction effects: (1) opportunity to learn data by self-confidence in learning math, (2) 

opportunity to learn measurement by student valuing of math, and (3) opportunity to learn geometry 

by time student spent on homework. Table 7 shows parameter estimates that are statistically 

significant in the combined instructional practices model for USA.  
Table 7.    
Parameters Estimate for the Combined Level-2 Instructional Practices Model for USA 
Model Effect Parameters Estimates SE p 

INT 363.49 146.56 .015 
Homework assignment 37.80 7.59 <.001 
Opportunity_data -0.45 0.22 .048 
Extra lessons -15.51 1.05 <.001 
Opportunity_data*Self-confidence -0.17 0.06 .012 
Opportunity_measurement*Valuing math 0.16 0.08 .048 
Opportunity_geometry*Homework time -0.23 0.08 .005 
Opportunity_measurement*Homework time 0.25 0.13 .050 

Fixed  

Home resources 3.52 1.55 .024 
τ00 1408.20 37.53 <.001 
Valuing math 90.99 9.54 <.001 
Homework time 224.41 14.98 <.001 

14 

Random  

σ2 1907.62 43.68   

 The modeled means of predicted math achievement for the significant interactions resulted 

from Model 14 for USA are displayed in Figures 6-8. It is worth noting that because the illustrations 

focused on the nature of the cross-level interactions, the vertical axis on the interaction plots was not 

scaled to the actual values of the predicted math scores. 
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Figure 6. Interaction between Valuing of Math and Opportunity to 
Learn measurement for USA  
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Figure 7. Interaction between Time Student Spent on Homework 
and Opportunity to Learn geometry for USA  
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Figure 8. Interaction between Self-confidence in Learning Math and 
Opportunity to Learn data for USA  

 

  

 The data in Figure 6 suggested that when opportunity to learn measurement was low, there 

was little difference in math achievement among students with low, medium and high levels of 

valuing math. However, as opportunity to learn measurement increased, the size of the difference in 

math achievement among these students got larger. As expected, students with higher level of valuing 

of math tended to achieve higher math scores than those with medium and low level of valuing math. 

As for Figure 7, it is interesting to observe that, for those students who reported spending a high 

amount of time on homework, lower predicted math scores were associated with more opportunity to 

learn geometry and higher predicted math scores were associated with no or little opportunity to learn 

geometry. However, as students spent lesser amounts of time on homework, an inverse pattern of 

relationship between opportunity to learn geometry and math achievement was observed. Thus, it 

appears that, increased opportunity to learn geometry worked best for the group of students who 

reported spending a low amount of time on homework. The nature of the interaction between student 

self-confidence in learning math and opportunity to learn data is displayed in Figure 8. Surprisingly, 

it was noted that students tended to perform similarly low in math when there was a high opportunity 

to learn data. As opportunity to learn data decreased, students’ math scores increased significantly, 

with students who reported having a high level of self-confidence in learning math tended to perform 

better than their peers who reported a lower level of self-confidence in learning math.  

 Table 8 shows statistically significant estimates for the combined instructional practices 

model for Egypt and South Africa. It is surprising to observe that none of the cross-level interaction 

effects was statistically significant. In fact, in both countries, none of the level-2 main effects was 



Correlates of Math Achievement    23 

statistically significant, either. This suggests that, the instructional practices model did not work well 

for Egypt and South Africa. 

Table 8.    
Parameters Estimate for the Combined Level-2 Instructional Practices Model  

Country Type Parameters Estimates SE p 
INT 436.27 165.51 .011 
Extra lessons -5.61 1.75 .002 
Self-confidence 26.89 3.31 <.001 
Valuing math 15.83 7.92 .045 
Homework time 7.02 2.86 .014 

Fixed 

Home resources 28.79 3.75 <.001 
τ00 1294.75 35.98 <.001 

Egypt 

Random 
σ2 4443.16 66.66   
INT 350.31 177.78 .055 
Valuing math 15.03 3.08 <.001 
Homework time 5.08 2.22 .022 

Fixed 

Home resources 6.73 1.91 .001 
τ00 8146.44 90.26 <.001 

South Africa 

Random 
Extra lessons 67.99 8.25 .016 

  σ2 2296.95 47.93   
 

 As evident in Table 9, the use of this combined instructional practices model instead of the 

foundational level-1 model or previous instructional practices models (Models 10-13) resulted in an 

increase in the explained variance between schools by 25% for the U.S, 30% for Canada, 6% for 

Egypt, and 16% for South Africa.  

Table 9.   
Comparison of R2 between Model 14 and Previously Constructed Models 9-13  

Country ! τ00 ! σ2 
United States 0.07 - 0.25 0.00 

Canada 0.13 – 0.30 0.00 
Egypt 0.00 – 0.08 0.00 

South Africa -0.02 – 0.16 0.00 
 

Teacher Background Model 

 The teacher background models (Models 15-18) examined the extent to which teacher-related 

variables (i.e., preparation to teach math content, ready to teach math topics and math-related 

professional development) were associated with TIMSS 2003 eighth-grade math scores in each 

country. As a summary, the results of the combined model (Model 18) that included all of the teacher 

background variables as level-2 predictors are presented in this section.  
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 Table 10 lists parameter estimates that were statistically significant in the combined teacher 

background model for each of the countries in the study. In Canada, two statistically significant 

cross-level interaction effects were detected: 1) student self-confidence in learning math by 

preparation to teach math content and 2) student self-confidence in learning math by math-related 

professional development. In the U.S., only one statistically significant cross-level interaction effect 

was observed between ready to teach number and time students spent on homework. As for Egypt, no 

cross-level interactions were detected. However, math-related professional development as a level 2 

main effect was statistically significant. In other words, increases in professional development for 

teachers in Egypt were associated with higher math scores.  Interestingly for South Africa, none of 

the cross-level interaction effects or level-2 main effects was statistically significant in this model. 

Table 10.    
Parameters Estimate for the Combined Teacher Background Model  

Country Effect Parameters Estimates SE p 
INT 472.15 47.76 <.001 
Extra lessons -15.62 0.94 <.001 
Self-confidence 39.58 12.57 .002 
Ready_number *Homework time -33.73 15.54 .031 

Fixed 

Home resources 3.42 1.47 .020 
τ00 1946.84 44.12 <.001 
Self-confidence 32.85 5.73 .034 
Valuing math 95.69 9.78 <.001 
Homework time 250.65 15.83 <.001 

United States 
Random 

σ2 1903.98 43.63   
 Fixed INT 477.11 30.46 <.001 

  Preparation 20.95 6.49 .002 
  Professional development -5.22 1.74 .003 
  Self-confidence 32.59 8.04 <.001 

Canada  Preparation*Self-confidence -7.83 2.28 .001 
  Professional development*Self-confidence 1.10 0.53 .038 
  Valuing math 4.75 1.30 <.001 
 Random τ00 978.58 31.28 <.001 
  Gender 81.04 9.00 .003 
  Extra lessons 43.56 6.60 <.001 
  Self-confidence 29.34 5.42 .020 
  σ2 1666.44 40.82   

 Fixed INT 349.77 55.37 <.001 
  Professional development 8.34 3.37 .016 
  Extra lessons -5.64 1.75 .002 

Egypt  Self-confidence 26.99 3.31 <.001 
  Valuing math 16.10 7.92 .042 
  Homework time 6.76 2.86 .018 
  Home resources 28.52 3.66 <.001 
 Random τ00 1224.62 34.99 <.001 
  σ2 4442.82 66.65   
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Table 10.    
Parameters Estimate for the Combined Teacher Background Model  

Country Effect Parameters Estimates SE p 
 Fixed INT 163.45 78.70 .043 

  Extra lessons -22.57 7.41 .004 
  Valuing math 15.58 2.97 <.001 

South Africa  Homework time 5.17 2.18 .018 
  Home resources 6.82 1.93 .001 
 Random τ00 9279.73 96.33 <.001 
  Extra lessons 84.52 9.19 .019 
  σ2 2292.84 47.88   

 For the U.S., the nature of the interaction between teacher ready to teach number and time 

student spent on homework is illustrated in Figure 9. Interestingly, the interaction suggests that 

students’ math achievement was inversely related to time student spent on homework and this pattern 

of relationship was observed for both groups of students (i.e., those with ready to teach teachers and 

those with very ready to teach teachers).  
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Figure 9. Interaction between Time Student Spent on Homework and Teacher 
Reported Readiness to Teach Number for USA 

 For Canada, the interaction between preparation to teach math content and student self-

confidence in learning math as illustrated in Figure 10 suggests that students’ math achievement was 

positively related their self-confidence in learning math and this relationship was true for all the 

students in Canada, regardless if their teachers reported being prepared or not to teach math content. 

As expected, the size of differences in math achievement among students increased as students 

expressed low self-confidence in learning math and became narrower as their self-confidence in 

learning math increased. 
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The second interaction for Canada, as displayed in Figure 11, suggests that math achievement 

was inversely associated with math related professional development. It seems that teachers’ 

participation in more math-related professional development programs did not result in higher math 

performance for their students, regardless of how self-confident the students were in learning math. It 

is important to note, however, that students with a higher self-confidence level in learning math 

consistently outperformed their peers who reported a lower level of self-confidence in learning math 

and the achievement gap among the students appeared to be larger when their teachers had more 

professional development programs and smaller when their teachers had none or few of these 

programs. 
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Figure 10. Interaction between Teacher Reported Preparation to 
Teach Math and Student Self-confidence in Learning Math for 
Canada  
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Figure 11. Interaction between Types of Math-Related Professional 
Development and Student Self-confidence in Learning Math for Canada  

 

 In terms of model efficiency, the use of the combined teacher background model instead of 

the foundational level-1 model or previously constructed Models 15-17 resulted in an increase in the 

explained variance between schools by 5% for the U.S, 21% for Canada, 11% for Egypt, and 4% for 

South Africa (see Table 11). One exception for the U.S. is that in comparing with Model 16, a 

decrease of 2% in the between school variance was noted in Model 18. 

Table 11.   
Comparison of R2 between Model 18 and Previously Constructed Models 9 and 15-17 

Country ! τ00 ! σ2 

United States -0.02 - 0.05 0.00 
Canada 0.10 – 0.21 0.00 
Egypt 0.01 – 0.11 0.00 

South Africa 0.00 – 0.08 0.00 
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School Background Model 

 The school background models (Models 19-22) evaluated the extent to which school-related 

variables (i.e., class size, school resources for math instruction, and teacher perception of math 

instructional limitations due to student factors) were associated with TIMSS 2003 eighth-grade math 

scores in each country. For this section, the results from the combined school-background model 

(Model 22) are presented in Table 12. Please note that only parameter estimates that were statistically 

significant in Model 22 are shown in this table. 
Table 12.    
Parameters Estimate for the Combined School Background Model  

Model Effect Parameters Estimates SE p 
INT 515.93 14.62 <.001 
Instructional limitation -24.90 6.49 <.001 
Extra lessons -15.58 1.05 <.001 
Self-confidence 26.24 3.74 <.001 
Class size*Self-confidence -5.20 1.95 .009 
Class size*Valuing math 5.23 2.58 .044 

Fixed 

Home resources 3.56 1.56 .022 
τ00 1688.59 41.09 <.001 
Valuing math 93.15 9.65 <.001 
Homework time 255.36 15.98 <.001 

USA 

Random 

σ2 1903.64 43.63   
 Fixed INT 460.40 9.16 <.001 

  Instructional limitation -17.02 5.18 .002 
  Class size 13.90 5.64 .015 
  Extra lessons -16.55 4.11 <.001 

Canada  Self-confidence 40.76 3.67 <.001 
  Valuing math 4.88 1.29 <.001 
 Random τ00 1042.32 32.28 <.001 
  Gender 62.62 7.91 .007 
  Extra lessons 45.34 6.73 <.001 
  Self-confidence 57.70 7.60 <.001 
  σ2 1667.59 40.84   

 Fixed INT 306.86 24.54 <.001 
  Extra lessons -5.62 1.77 .002 
  Self-confidence 26.99 3.33 <.001 

Egypt  Valuing math 15.97 7.97 .045 
  Homework time 7.02 2.88 .015 
  Home resources 28.75 3.73 <.001 
 Random τ00 1387.90 37.25 <.001 
  σ2 4443.52 66.66   

 Fixed INT 181.65 53.91 .002 
  School resources 55.75 25.34 .033 
  Self-confidence 28.00 6.68 <.001 

South Africa  Valuing math 16.46 2.94 <.001 
  Homework time 5.35 2.22 .016 
  Home resources 6.75 1.93 .001 
 Random τ00 8505.23 92.22 <.001 
  Extra lessons 55.68 7.46 .015 
  Self-confidence 76.88 8.77 .023 
  σ2 2297.42 47.93   
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 As can be seen from Table 12, in Canada, no statistically significant cross-level interaction 

effect was detected but there were two statistically significant level-2 main effects: class size for math 

instruction and teacher perception of math instructional limitations due to student factors. In the U.S., 

however, two statistically significant cross-level interaction effects were observed. One was between 

class size for math instruction and student self-confidence in learning math and the other interaction 

was between class size for math instruction and student valuing of math. For Egypt, none of the level-

2 main effects or cross-level effects were statistically significant, whereas for South Africa, school 

resources was the only level-2 predictors that showed statistically significant positive effect on math 

achievement. 

 The modeled means of predicted math achievement for the two interactions observed in 

Model 22 for the United States are displayed in Figures 12 and 13. The data in Figure 12 suggested 

that for students who reported having high self-confidence in learning math, changes from small class 

size (i.e., 1-24 students) to large class size (i.e., 41+ students) tended to lower their math scores 

significantly. Conversely, for students who reported having low self-confidence in learning math, 

increases in class size appeared to improve their math scores. Thus, it appears math achievement gap 

among eighth-grade students with different levels of self-confidence in learning math was most 

substantial when they learned math in small class size and became smaller when they learned math in 

large class size.  

 Interestingly, as shown in Figure 13, in schools with small class size (i.e., 1-24 students), 

students who reported having a low level of valuing math tended to achieve higher math scores than 

their peers who reported having medium or high levels of valuing math. This pattern of relationship, 

however, appears to reverse in schools with larger classes. That is, students with medium and high 

levels of valuing math tended to perform better than their peers who reported having a low level of 

valuing math. Nevertheless, a similar trend was noted for all of the students, regardless of their levels 

of valuing math. That is, changes from smaller classes to big classes were associated with increased 

math scores.  
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Figure 12. Interaction between Class Size for Math Instruction and Self-
confidence in Learning Math for USA  
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Figure 13. Interaction between Class Size for Math Instruction and 
Valuing of Math for USA  

  

 An evaluation of the proportion of variance accounted for between schools suggested that, 

compared to the foundational level-1 model and previously constructed models (Models 19-21) the 

combined school-background model (Model 22) was less efficient for USA, equally efficient for 

Egypt, and more efficient for Canada and South Africa (see Table 13). Specifically, a reduction of 

7% of the explained between school variance was noted for USA, whereas an increase of 16% was 

noted for Canada and 12% for South Africa. 

Table 13.   
Comparison of R2 between Model 22 and Previously Constructed Models 9 and 19-21  

Country ! τ00 ! σ2 

United States -0.07 -  -0.04 0.00 
Canada 0.06 – 0.16 0.00 
Egypt -0.02 – 0.01 0.00 

South Africa -0.02 – 0.13 0.00 
 

Final Model 

 With an intention to identify the most efficient and parsimonious model to predict eighth-

grade math achievement in each of the country, the final model was built and compared with the 

three combined models (i.e., instructional practice model, teacher-background model, and school-

background model). It is also worth noting that this model included only fixed and random effects 

that were statistically significant in earlier combined models. As a summary, only parameter 

estimates that were statistically significant in the final model (Model 23) are shown in Table 13.  
Table 13.    
Parameters Estimate for Full Model 
Country Effect Parameters Estimates SE p 

INT 393.91 167.34 .020 USA Fixed 
Homework assignment 32.35 7.29 <.001 
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Table 13.    
Parameters Estimate for Full Model 
Country Effect Parameters Estimates SE p 

Opportunity_data -0.53 0.22 .015 
Opportunity_geometry 0.37 0.16 .025 
Extra lessons -15.43 1.06 <.001 
Self-confidence 26.63 1.26 <.001 
Opportunity_geometry*Homework time -0.21 0.07 .005 
Ready_number*Homework time -38.58 18.95 .043 

 

Home resources 3.65 1.54 .018 
τ00 1371.00 37.03 <.001 
Valuing math 99.05 9.95 <.001 
Homework time 225.58 15.02 <.001 

 

Random 

σ2 1918.98 43.81   
Canada Fixed INT 446.85 28.36 <.001 

  Instructional limitation -14.68 4.02 .001 
  Opportunity_Data -0.26 0.11 .018 
  Opportunity_number 0.53 0.25 .037 
  Preparation 16.89 6.08 .006 
  Professional development -3.52 1.66 .035 
  Instructional hours -0.21 0.07 .005 
  Opportunity_data*Gender 0.14 0.07 .042 
  Instructional hours*Gender 0.09 0.04 .027 
  Opportunity_algebra*Extra lessons 0.10 0.04 .021 
  Opportunity_geometry*Extra lessons -0.14 0.06 .018 
  Self-confidence 31.02 11.46 .008 
  Opportunity_Data*Self-confidence 0.08 0.04 .022 
  Preparation*Self-confidence -5.85 2.20 .009 
  Valuing math 4.76 1.31 .001 
 Random τ00 710.83 26.66 <.001 
  Gender 76.07 8.72 .013 
  Extra lessons 40.05 6.33 <.001 
  σ2 1661.06 40.76   

Egypt Fixed INT 276.93 18.27 <.001 
  Professional development 8.32 3.12 .010 
  Extra lessons -5.60 1.73 .002 
  Self-confidence 27.07 3.29 <.001 
  Valuing math 16.02 7.95 .044 
  Homework time 6.97 2.86 .015 
  Home resources 28.72 3.70 <.001 
 Random τ00 1238.67 35.19 <.001 
  σ2 4442.64 66.65   

South  Fixed INT 162.13 17.95 <.001 
Africa  School resources 58.23 26.31 .031 
  Extra lessons -8.52 2.40 .001 
  Self-confidence 23.65 3.18 <.001 
  Valuing math 16.32 2.81 <.001 
  Homework time 5.13 2.24 .022 
  Home resources 6.64 1.86 .001 
 Random τ00 7598.68 87.17 <.001 
  σ2 2329.56 48.27   

  

 In Canada, this final model produced six statistically significant cross-level interaction 

effects: (1) average math instructional hours per year by gender, (2) opportunity to learn data by 



Correlates of Math Achievement    31 

gender, (3) opportunity to learn algebra by extra math lessons, (4) opportunity to learn geometry by 

extra math lessons, (5) opportunity to learn data by self-confidence in learning math, and (6) 

preparation to teach math content by self-confidence in learning math. Because the patterns of these 

interactions are consistent with what were found in previous combined models for Canada, please 

refer to Models 14 and 18 for specific illustration and description of the respective interactions.  

 In the U.S., two statistically significant cross-level interaction effects were observed: 

opportunity to learn geometry by time student spent on homework and ready to teach number by time 

student spent on homework. Again, the nature of these interactions was discussed in detail in the 

combined teacher combined model (Model 18) for USA.  

 In Egypt, the only level-2 predictor, math-related professional development that was included 

in the final model showed statistically significant relationship with math achievement. Similarly, for 

South Africa, the only level-2 predictor, school resources that was included in the final model showed 

statistically significant contribution to the prediction of student math scores (see Table13).  

 The data in Table 14 provides a summary of the proportion of variance between schools 

accounted for in the final model in comparison with those of the previously constructed combined 

models (i.e., instructional practice model (Model 14) , teacher-background model (Model 18), and 

school-background model (Model 22)). For the United States, a decrease of 8% in the amount of 

variance accounted for between schools was observed by using the final model instead of the 

combined instructional practices model. For Canada and South Africa, the final model appeared to 

outweigh previous models. Specifically, an increase in R2 of up to 32% was observed when using the 

final model as opposed to Model 22 in Canada and an increase in R2 of up to 18% was noted when 

employing the final model instead of Model 18 in South Africa. For Egypt, however, more variance 

between schools were accounted for when using Model 18 as compared to the final mode.  

 Therefore, based on this table, the final model served as the best model for predicting math 

achievement in Canada and South Africa; whereas for USA, the combined instructional practice 

model worked the best, and for Egypt, the combined teacher-background model served as the most 

efficient and parsimonious model for predicting math achievement.  
Table 14. 
Comparison of R2 between Model 23 and Previously Constructed Models 14, 18 and 22 

Country Model 14 ( ! �00) Model 18 ( ! �00) Model 22 ( ! �00) 
United States -0.08 0.17 0.24 

Canada 0.18 0.27 0.32 
Egypt 0.04 -0.01 0.11 

South Africa 0.07 0.18 0.11 
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Discussion 

 Using eighth-grade mathematic scores from TIMSS 2003, a large-scale international 

achievement assessment database, this study investigates correlates of math achievement in two 

developed countries, United States and Canada, and two developing countries, Egypt and South 

Africa. By constructing a series of 23 separate HLM models for individual countries to evaluate the 

extent to which specific contextual and background factors (i.e., student background, home resources, 

instructional practices, teacher background, and school background) were associated with TIMSS 

2003 eighth-grade math scores,  this study provides strong evidence that the same statistical models 

worked differently across developed and developing countries. Specifically, the final model served as 

the best model for predicting math achievement in Canada and South Africa; whereas for the USA, 

the instructional practices model worked the best, and for Egypt, the combined teacher-background 

model served as the most efficient and parsimonious model for predicting math achievement.   

 In connecting to existing literature, these results support the view that student self-confidence 

in learning math contributes positively and significantly in the prediction of student math 

achievement. In fact, in this study, evidence was found in all four countries that, of all student 

background variables, student self-confidence in learning math showed the strongest and positive 

relationship with math achievement. As for tutoring/extra math lessons, consistent results were found 

between this study and those of Papanastasiou (2002) that the increased in extra math lessons did not 

seem to increase student math achievement.  

Results from this study were also congruent with the findings from the recent study of Mullis, 

Martin, Gonzalez and Chrostowski (2004) that students from homes with a range of study aids such 

as computer, calculator, desk, and dictionary tended to have higher math scores than their peers who 

did not have access to such resources at home.  

Interesting, this study found that whereas the instructional practices model appeared to work 

for developed countries (i.e., Canada and the United States) they did not seem to serve developing 

countries (i.e., Egypt and South Africa) well. In fact, in these two developing countries, not only no 

cross-level interaction effects were detected but also none of the level-2 main effects was statistically 

significant. There is some consensus between the results of this model and the existing literature for 

the United States and Canada (Baker, 1993; Westbury, 1992; Wiley &Yoon, 1995) in that 

opportunity to learn math was associated with math achievement.  
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 For Egypt, this study suggests that increase in math-related professional development for 

teachers tended to yield higher math achievement. As for South Africa, availability of school 

resources to support math instruction appeared to play an important part in increasing student math 

scores. Since little educational research has been done for these two countries, not much of evidence 

was found to support such findings of this study. However, Baker et al. (2002) did suggest that the 

effect of school resources on achievement within nations was not associated with national income 

levels and, to this extent, what was found in South Africa and Egypt in this study would be 

understandable.   

Limitations 

Findings of this study must be interpreted in light of its limitations. First, the massive amount 

of missing data (i.e., from 26.26% for Canada to 82.44% in South Africa) could negatively affect 

accuracy of this study results, especially when the missing data mechanism in each country was 

found not completely at random. Second, because this is an analysis of secondary data, the study was 

limited to the data collected in the TIMSS 2003. Last but not least, the results of this study were 

based on the relationships between student math achievement and contextual and background factors 

which were self-reported by students, teachers, and school principals. Self-reported data, according to 

Rosenberg, Greenfield, and Dimick (2006), have several potential sources of bias such as selective 

memory (remembering or not remembering experiences or events that occurred sometime in the 

past), telescoping (recalling events that occurred at one time as if they had occurred at another time), 

and social desirability (reporting behaviors that tend to be widely accepted by certain social groups 

rather than the behaviors actually exhibited by the respondents). Thus, it is important to interpret 

findings of this study with this limitation in mind. 

Implications 

Despite its limitation, this study contributes significantly to the field of educational research. 

First, this study made an attempt to reduce bias in international educational research by examining 

correlates of math achievement in both developed and developing countries. Second, by investigating 

correlates of math achievement within each country rather than between countries, this study 

produced country-specific research findings related to eighth-grade students’ math achievement. For 

the national leaders, policy makers, and educators from these countries, especially developing 

countries, the results of this study could be insightful because they were carefully examined while 

controlling for the uniqueness of each country (i.e., student background, home resources, 
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instructional practices, teacher background, and school resources). Thus, in each of the four 

countries, these results could be used directly to help evaluate and improve the effectiveness of their 

current mathematics educational systems.  

Third, findings of this study provide strong evidence to support the view that countries differ 

and an educational model that worked for a developed country might not work for a developing 

country. Fourth, with detailed descriptions of research design, method and data analysis steps, this 

study serves as an example for other researchers to replicate this study either with other countries that 

participated in the TIMSS 2003 assessment or with other international achievement databases. 

Finally, by outlining limitations with the TIMSS 2003 data, this study aimed to provide TIMSS 

researchers with suggestions for refinement and improvement of future TIMSS studies.  

Future Research 

As a result of this work, a number of future research studies can be conducted. First of all, in 

an effort to reduce bias in international achievement research, this study can be replicated with other 

developed and developing countries that participated in the TIMSS 2007 study. Ideally, the new 

studies should include countries from different continents in order to maximize variances across 

countries. Second, future work can be conducted using different existing large-scale international 

achievement data such as PIRLS and PISA. Because different databases tended to provide different 

contextual and background variables, it will be interesting to find out whether similar country-

specific findings will result from the use of similar models with similar composite variables but 

different indicators. Third, it may also be worthwhile to consider building country-specific 

achievement models for different subjects such as Science and Reading, and for different grades such 

as Fourth, Eighth, and Twelfth in future research. Finally, because the current study did not explain 

why certain relationships between math achievement and contextual and background factors were 

present or absent, further studies can be conducted within each country to gain deeper understanding 

of the reasons underlying these relationships.  
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Appendix 1 – List of Countries 
 

List of countries participating in TIMSS 2003 eighth-grade assessment by country status 
Developing Countries Developed Countries 

Name No. schools No. Students Name No. schools No. Students 
Armenia 149 5,699 Australia 207 4,791 
Bulgaria 164 4,117 Bahrain 67 4,199 
Botswana 146 5,150 Belgium 144 4,970 
Chile 195 6,377 Canada 361 8,628 
Egypt 217 7,094 Chinese Taipei 150 5,379 
Estonia 151 4,040 Cyprus 59 4,009 
Hungary 155 3,302 United 

Kingdom 
215 6,346 

Indonesia 150 5,762 Hong Kong 
SAR 

125 4,972 

Iran 181 4,942 Israel 146 4,318 
Jordan 140 4,489 Italy 171 4,278 
Latvia 140 3,629 Japan 146 4,856 
Lebanon 152 3,814 Korea 149 5,309 
Lithuania 143 4,572 Netherlands 130 3,036 
Malaysia 150 5,314 New Zealand 169 3,800 
Macedonia 147 3,893 Norway 138 4,133 
Morocco 131 2,873 Singapore 164 6,018 
Moldova 149 4,033 Slovenia 174 3,578 
Philippines 137 6,917 Sweden 159 4,255 
Romania 148 4,103 United States 286 11,100 
Russian Federation 214 4,667 Spain 115 2,514 
Saudi Arabia 155 4,295    
Serbia 149 4,295    
South Africa 255 8,840    
Syrian Arab 
Republic 

Complete data not available    

Slovak Republic 179 4,215    
Tunisia 150 4,931    
Palestine 145 5,357    
Note: The classification of country status was based on the World Bank’s (2003) World Development 
Indicators (The World Bank, 2003). According to the World Bank’s (2007) list of economies, developing 
countries refer to countries with low-income and middle-income economies; whereas developed countries 
refer to countries with high-income economies. The use of the terms is convenient; it is not intended to imply 
that all economies in the group are experiencing similar development or that developed economies have 
reached a preferred or final stage of development (The World Bank, 2007). 
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Appendix 2 – Reliabilities of Composite Variables 

 
Factor pattern coefficients of items used to create composite variables 

Composite 

variable Item description 

Factor pattern 

coefficients 

Cronbach's 

alpha 

I learn things quickly in math 0.65 

I usually do well in math 0.65 

Math is more difficult for me than for many of my 

classmates 0.56 

Student self-

confidence  

 

(TIMSS derived 

variable) Math is not one of my strengths 0.64 

0.73 

I need math to learn other school subjects 0.69 

I need to do well in math t get the job I want 0.65 

I would like a job that involved using math 0.64 

I need to do well in math to get into the university of my 

choice 0.62 

I would like to take more math in school 0.59 

I think learning math will help me in my daily life 0.46 

Student valuing 

math  

 

(TIMSS derived 

variable) 

I enjoy learning math 0.50 

0.79 

Desk 0.44 

Calculator 0.39 

Home resources 

for learning  

 Computer 0.42 

0.44 

Whole numbers including place value, factorization, and 

the four operations 0.66 

Computations, estimations, or approximations involving 

whole numbers 0.72 

Common fractions including equivalent fractions, and 

ordering of fractions 0.74 

Decimal fractions including place value, ordering, 

rounding, and converting to common fractions (and vice 

versa) 0.74 

Representing decimals and fractions using words, numbers, 

or models (including number lines) 0.74 

Computations with fractions 0.81 

Opportunity to 

learn number  

 

(TIMSS derived 

variable) 

Computations with decimals 0.80 

0.91 
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Factor pattern coefficients of items used to create composite variables 

Composite 

variable Item description 

Factor pattern 

coefficients 

Cronbach's 

alpha 

Integers including words, numbers, or models (including 

number lines), ordering integers, addition, subtraction, 

multiplication, and division with integers 0.60 

Ratios (equivalence, division of a quantity by a given ratio) 0.64 

 

Conversion of percents to fractions or decimals, and vice 

versa 0.72 

 

Numeric, algebraic, and geometric patterns or sequences 

(extension, missing terms, generalization of patterns) 0.36 

Sums, products, and powers of expressions containing 

variables 0.46 

Simple linear equations and inequalities, and simultaneous 

(two variables) equations 0.61 

Equivalent representations of functions as ordered pairs, 

tables, graphs, words, or equations 0.67 

Proportional, linear, and nonlinear relationships (travel 

graphs and simple piecewise functions included) 0.63 

Opportunity to 

learn algebra  

 

(TIMSS derived 

variable) 

Attributes of a graph such as intercepts on axes, and 

intervals where the function increases, decreases, or is 

constant 0.68 

0.74 

Standard units for measures of length, area, volume, 

perimeter, circumference, time, speed, density, angle, 

mass/weight 0.68 

Relationships among units for conversions within systems 

of units, and for rates 0.66 

Use standard tools to measure length, weight, time, speed, 

angle, and temperature 0.67 

Estimations of length, circumference, area, volume, weight, 

time, angle, and speed in problem situations (e.g., 

circumference of a wheel, speed of a runner) 0.67 

Opportunity to 

learn 

measurement  

 

(TIMSS derived 

variable) 

Computations with measurements in problem situations 

(e.g., add measures, find average speed on a trip, find 

population density) 0.66 

0.85 
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Factor pattern coefficients of items used to create composite variables 

Composite 

variable Item description 

Factor pattern 

coefficients 

Cronbach's 

alpha 

Measurement formulas for perimeter of a rectangle, 

circumference of a circle, areas of plane figures (including 

circles), surface area and volume of rectangular solids, and 

rates 0.65 

Measures of irregular or compound areas (e.g., by using 

grids or dissecting and rearranging pieces) 0.62 

 

Precision of measurements (e.g., upper and lower bounds of 

a length reported as 8 centimeters to the nearest centimeter) 0.57 

 

Angles - acute, right, straight, obtuse, reflex, 

complementary, and supplementary 0.67 

Relationships for angles at a point, angles on a line, 

vertically opposite angles, angles associated with a 

transversal cutting parallel lines, and perpendicularity 0.64 

Properties of angle bisectors and perpendicular bisectors of 

lines 0.67 

Properties of geometric shapes: triangles and quadrilaterals 0.74 

Properties of other polygons (regular pentagon, hexagon, 

octagon, decagon) 0.69 

Construct or draw triangles and rectangles of given 

dimensions 0.65 

Pythagorean theorem (not proof) to find length of a side 0.48 

Congruent figures (triangles, quadrilaterals) and their 

corresponding measures 0.75 

Similar triangles and recall their properties 0.59 

Cartesian plane - ordered pairs, equations, intercepts, 

intersections, and gradient 0.51 

Relationships between two-dimensional and three-

dimensional shapes 0.48 

Line and rotational symmetry for two-dimensional shapes 0.57 

Opportunity to 

learn geometry  

 

(TIMSS derived 

variable) 

Translation, reflection, rotation, and enlargement 0.63 

0.88 

Organizing a set of data by one or more characteristics 

using a tally chart, table, or graph 0.64 

Opportunity to 

learn data  

 

(TIMSS derived 

Sources of error in collecting and organizing data (e.g., 0.64 

0.85 
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Factor pattern coefficients of items used to create composite variables 

Composite 

variable Item description 

Factor pattern 

coefficients 

Cronbach's 

alpha 

bias, inappropriate grouping) 

Data collection methods (e.g., survey, experiment, 

questionnaire) 0.67 

Drawing and interpreting graphs, tables, pictographs, bar 

graphs, pie charts, and line graphs 0.63 

Characteristics of data sets including mean, median, range, 

and shape of distribution (in general terms) 0.63 

Interpreting data sets (e.g., draw conclusions, make 

predictions, and estimate values between and beyond given 

data points) 0.73 

Evaluating interpretations of data with respect to 

correctness and completeness of interpretation 0.70 

variable) 

Simple probability including using data from experiments 

to estimate probabilities for favorable outcomes 0.59 

 

We relate what we are learning in mathematics to our daily 

life 0.51 

We decide on our own procedures for solving complex 

problems 0.47 

We work together in small groups 0.39 

We explain our answers 0.40 

Instructional 

practice-related 

activities in math 

lessons  

We listen to the teacher give a lecture-style presentation 0.36 

0.55 

We practice adding, subtracting, multiplying, and dividing 

without using a calculator 0.42 

We work on fractions and decimals 0.55 

We interpret data in tables, charts, or graphs 0.53 

Content-related 

activities in math 

lesson  

We write equations and functions to represent relationships 0.50 

0.60 

Representing decimals and fractions using words, numbers, 

or models 0.66 

Ready to teach 

number  

Integers including words, numbers, or models (including 

number lines); ordering integers; and addition, subtraction, 

multiplication, and division with integers 0.66 

0.71 

Ready to teach 

algebra  

Numeric, algebraic, and geometric patterns or sequences 

(extension, missing terms, generalization of patterns) 0.57 

0.81 
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Factor pattern coefficients of items used to create composite variables 

Composite 

variable Item description 

Factor pattern 

coefficients 

Cronbach's 

alpha 

Simple linear equations and inequalities, and simultaneous 

(two variables) equations 0.73 

Equivalent representations of functions as ordered pairs, 

tables, graphs, words, or equations 0.79 

 

Attributes of a graph such as intercepts on axes, and 

intervals where the function increases, decreases, or is 

constant 0.73 

 

Estimations of length, circumference, area, volume, weight, 

time, angle, and speed in problem situations (e.g., 

circumference of a wheel, speed of a runner) 0.79 

Computations with measurements in problem situations 

(e.g., add measures, find average speed on a trip, find 

population density) 0.79 

Measures of irregular or compound areas (e.g., by using 

grids or dissecting and rearranging pieces) 0.77 

Ready to teach 

measurement 

Precision of measurements (e.g., upper and lower bounds of 

a length reported as 8 centimeters to the nearest centimeter) 0.73 

0.86 

Pythagorean theorem (not proof) to find length of a side 0.82 

Congruent figures (triangles, quadrilaterals) and their 

corresponding measures 0.83 

Cartesian plane - ordered pairs, equations, intercepts, 

intersections, and gradient 0.72 

Ready to teach 

geometry  

Translation, reflection, rotation, and enlargement 0.66 

0.83 

Sources of error in collecting and organizing data (e.g., 

bias, inappropriate grouping) 0.81 

Data collection methods (e.g., survey, experiment, 

questionnaire) 0.80 

Characteristics of data sets including mean, median, range, 

and shape of distribution (in general terms) 0.69 

Ready to teach 

data  

Simple probability including using data from experiments 

to estimate probabilities for favorable outcomes 0.66 

0.83 

Math content 0.74 Math-related 

professional Math pedagogy/instruction 0.69 

0.78 
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Factor pattern coefficients of items used to create composite variables 

Composite 

variable Item description 

Factor pattern 

coefficients 

Cronbach's 

alpha 

Math curriculum 0.69 

Math assessment 0.54 

development  

Problem solving/critical thinking 0.50 

 

Computers for mathematics instruction 0.82 

Computer software for mathematics instruction 0.82 

Audio-visual resources for mathematics instruction 0.84 

 Library materials relevant to mathematics instruction 0.82 

Calculators for mathematics instruction 0.80 

Budget for supplies (e.g., paper, pencils) 0.68 

School buildings and grounds 0.67 

Heating/cooling and lighting systems 0.68 

Instructional materials (e.g., textbook) 0.66 

School resources 

for mathematics 

instruction  

 

(TIMSS derived 

variable) 

Instructional space (e.g., classrooms) 0.61 

0.92 

Low morale among students 0.80 

Uninterested students 0.76 

Disruptive students 0.69 

Students with special needs, (e.g., hearing, vision, speech 

impairment, physical disabilities, mental or 

emotional/psychological impairment) 0.54 

Students who come from a wide range of backgrounds (e.g., 

economic, language) 0.56 

Teacher’s 

perception of 

math 

instructional 

limitations due to 

student factors  

 

(TIMSS derived 

variable) Students with different academic abilities 0.52 

0.81 
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