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Abstract 

This study explores prospective elementary teachers learning in mathematics content 

courses required in their teacher preparation programs. We investigate what they learn 

and how their learning gains can be explained. For these purposes, we use a pre-

experimental research design with a pretest and posttest. Data from 588 students who 

took both pretest and posttest from 36 certified undergraduate teacher preparation 

programs were analyzed for this study. Pre-test and post-test scores were put on the 

same metric using an IRT equating procedure with fixed item parameter equating. Gain 

scores were computed by subtracting pretest scores from posttest scores. 

The result of paired samples t-test showed that the gain scores are statistically 

significant and the effect size was moderate with the value of 0.51. A final multiple 

regression model with 4 student-level predictors explained about 30 % of the variation 

in gain scores. In the next phase of analysis we will explore additional predictors using 

multilevel modeling to incorporate instructor and institution level variables. 
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Effects of Mathematics Courses on Prospective Elementary Teachers’  

Learning Mathematics Content Knowledge for Teaching  

 

Introduction 

 Improving educational achievement is an important item on the national agenda 

in U.S. society today. Some argue that teacher quality is the single most important 

factor for student learning and achievement among school related variables (Darling-

Hammond, 2003).  With the “No Child Left Behind” (NCLB) requirement for a “highly 

qualified teachers” in every classroom, there has been increased interest in teachers’ 

knowledge of the subject matter they teach (Hill, Rowan, & Ball, 2005). Hill, Rowan, 

and Ball (2005) documented that, under some conditions, elementary teachers’ 

mathematical knowledge for teaching is significantly related to students’ learning gains. 

The finding of possible causal effects of teachers’ mathematical knowledge for teaching 

on students’ learning supports the need to provide prospective teachers with an 

adequate foundation of mathematical knowledge for teaching in teacher preparation 

programs.  

While there are some studies on the effects of professional development on 

teachers’ mathematical knowledge for teaching (Cohen & Hill, 2002), there are few 

studies on whether, in their undergraduate teacher preparation programs, prospective 
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teachers have opportunities to learn mathematical content knowledge they will need to 

teach elementary mathematics. Most of the studies on prospective elementary teachers’ 

mathematical knowledge document inadequate preparation of prospective elementary 

teachers’ mathematical knowledge for teaching and raise the need to improve the 

quality of teacher preparation programs (Ball, 1990; Borko et al., 1992), but there is 

little research on the effects of required mathematics courses on prospective elementary 

teachers’ learning mathematical knowledge for teaching. In the study reported here, a 

sample of students (prospective elementary teachers) taking mathematics classes in their 

undergraduate teacher preparation programs has been surveyed to assess change in 

their mathematical knowledge after taking their first required mathematics class.  

The purposes of this study are two-fold. First, this study explores whether 

prospective elementary teachers’ mathematical knowledge for teaching has increased 

after taking a mathematics course required in their teacher preparation programs and 

whether the increase is statistically significant or not. For this part, paired samples t-

test will be conducted. Second, we explore learning gains using multiple regression 

models based on a theoretical framework. The data and analyses reported here are taken 

only from our student data, and thus do not use instructor or institutional level 

variables. Analyses with multilevel data are planned for the next phase of data analysis. 

Analytic Framework 

There are many studies exploring what factors have effects on students’ learning 

mathematical knowledge. One possible factor is students’ attitudes toward and beliefs 

about mathematics (Macnab & Payne, 2003; McGinnis, Kramer, Roth-McDuffie, & 

Watanabe, 1998; Pajares, 1996; Schoenfeld, 1989). However, the causal effect of beliefs 
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and attitudes on learning has not been documented empirically. One possible reason is 

that beliefs and attitudes have not been adequately measured. Another possible reason is 

that the direction of the relationship between attitudes/beliefs and achievement is not 

clear. For example, the relationship might not be one-directional. Another possible 

explanation is that beliefs about mathematics are not deeply held and are thus 

influenced both by the questions asked to measure them and by the specific context in 

which they are measured. In any case, it is hard to measure the effects of beliefs and 

attitudes on students’ learning. Nevertheless, others have considered them to be an 

important predictor for teaching and learning suggesting the need to control this factor 

in measuring the effects of course taking on learning gains. It is sensible to think that a 

student who “hates” mathematics may not do as well in a given mathematics course as a 

student who “loves” mathematics. 

For this reason, this study developed reliable beliefs and attitudes measures and 

explored whether they might be statistically significant predictors of student learning. 

One of the assumptions made about beliefs and attitudes measures in this study is that 

they are relatively stable. In other words, they are not expected to change during a 

period of less than 4 months, an interval between pre-test and post-test, so beliefs and 

attitudes were measured in the pre-test only. 

Other factors which have been hypothesized to have effects on learning 

mathematics are general mathematical ability and prior mathematical knowledge. It is 

reasonable to expect that students with high ability and more mathematical knowledge 

will learn more and faster. To test this hypothesis, ACT and SAT scores and were used 
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as a measure of general mathematical ability and pre-test scores and mathematics course 

taking in college were used as measures of prior mathematical knowledge. 

Many studies have also documented that social economic status (SES) is highly 

correlated to K-12 students’ achievements. In the case of prospective teachers, the 

effects of these variables might not be very noticeable. This is because prospective 

elementary teachers are a group of already selected people who do not have extreme 

variation in their academic achievement and are relatively homogeneous in their SES 

compared to overall K-12 students. Because it is not practically possible to measure 

students’ SES, mother’s educational level was used as a proxy for students’ SES.  

Methods 

Study Design 

 This study consists of two parts. One part is a survey to measure various 

predictors which were hypothesized to explain students’ learning of mathematical 

content knowledge for teaching. Data on independent variables to predict mathematical 

knowledge were collected through a survey instrument administered to prospective 

elementary teachers along with the test assessment. More details on test and survey 

instruments are discussed in survey instrument development section below. 

 The other part of the study uses a multiple-group pretest–posttest design. Here, 

we explore the effects of mathematics course taking on students’ learning of 

mathematics for teaching. For causal inference of the effects of mathematics courses on 

students’ learning, an experimental design is preferred, but not viable for this study it is 

not possible to randomly assign students not to take courses required for their 

programs. The quasi-experimental (multiple group pretest-posttest) design of this study 
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is a reasonable solution for exploring the effects of mathematics courses in this 

situation. The dependent variable, mathematical content knowledge, was measured by 

the test instruments assembled by the project team using items developed by the 

Learning Mathematics for Teaching (LMT) project1. 

In the second part of the study, gain scores, computed by subtracting pre-test 

scores from post-test scores, are used as a measure of learning gains. While there are 

some concerns about reliability of such difference scores, (cf., Feldt & Brennan, 1989, p. 

118), the gain scores used in this study are not observed scores (such as number correct) 

but are ability scores based on a latent trait model using item response theory (IRT) 

techniques.2 The pre-test was administered at the beginning of fall semester and the 

post-test at the end of the semester in 2006.  

Sample: sample size and missing data 

 The target population for this study is prospective elementary teachers taking 

mathematics courses required in their undergraduate teacher preparation programs in 

two states, Michigan and South Carolina. Sample sizes for the pretest and posttest data 

are 823 and 763 respectively, somewhat short of the goal of 1000. For the study of 

effects of these mathematics courses on gain scores, we needed data from respondents 

who took both pretest and posttest, a total of 614 students. Respondents with more than 

40 percent of missing test items at the end in either pre-test (11 or more missing items) 

or post-test (8 or more missing items) were deleted from the data set because of 

unreliability in estimated ability scores. Our final sample size, included in the analyses 

for this paper, was 588 students. 
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Table 1 provides overall demographic descriptions of the samples for this study. 

About 92 percent of the samples are female students and about 8 percent students are 

male students, which roughly corresponds to gender ratio of elementary teachers. 

About half of the samples (43 %) are sophomores and about 43 % of the samples have 

mothers who had a bachelor’s degree or higher education. Sample students who have 

mathematics as their major or minor are less than 10 %. Table 2 presents average ACT 

and SAT scores, which are a little bit higher than the national average.  It also includes 

a composite score with SAT and ACT on a common scale, explained later in the paper. 
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Table 1  

Demographic variables 

 Frequency Percent 

Gender (missing 2)   

Male 45 7.92 

Female 523 92.08 

College Level (missing 21)   

Freshman 111 19.58 

Sophomore 241 42.50 

Junior 145 25.57 

Senior 54 9.52 

Other (Post B.A) 16 2.82 

Mother’s Education Level (missing 23)   

No high school 15 2.65 

Graduated high school 134 23.72 

Some education beyond HS 176 31.15 

Graduated with a bachelor's degree 164 29.03 

Advanced college degree 76 13.45 

Mathematics Major or Minor   

No math major or minor 534 90.82 

Math major or minor 54 9.18 
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Table 2 

ACT, SAT, and combined variable scores 

  ACT Score (N=307) SAT Score (N=112) ACT-SAT (N=419) 

Mean 22.77 544.54 22.78 

Minimum 3 230 3 

Maximum 35 750 36 

Std. Deviation 4.51 96.51 4.83 

Variance 20.31 9315.02 23.38 

 

Survey instrument development 

The pretest survey instrument consists of three parts. The first part is a survey 

on beliefs and attitudes; the second part is a test measuring mathematical content 

knowledge for teaching elementary mathematics in the number and operations content 

area; and the third part is a survey on personal information including items on prior 

mathematics classes and mathematical ability measured by ACT or SAT.  

Survey instrument development began early in the summer of 2005. The three 

parts of instruments were developed as a collaborative work of the ME.ET project 

research team. The first part on beliefs and attitudes consists of 21 items which were 

finalized based on factor analysis result of the pilot studies conducted by the project 

team in the fall of 2005 and the spring of 2006. The items used in the pilot studies were 

from the NAEP student background questionnaire, Schoenfeld (1989), and the 

Preliminary Teacher Education Development Study (P-TEDS)3 which used items 

developed by Grugritsch and colleagues (Grigutsch, Raatz, & Törner, 1998). Based on 
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factor analyses of the data collected in the pilot studies, three beliefs and attitudes 

measures, which are described in detail below, were constructed.  

To assess students’ mathematical knowledge for teaching and learning gains, 

two different test forms in four versions were constructed. Each form has two versions, 

one consisting 26 items with 6 common items and the other consisting of 20 items 

without common items. Six common items were for equating, which is a statistical 

procedure to put test scores from different test forms on the same metric so that test 

scores from different test forms are made comparable or interchangeable. Two different 

test forms were administered in the pre- and post-test to the sample students so that 

there were no common items presented to the same sample in pretest and posttest. 

Forms I and II were used as pretest form and included attitudes and beliefs measures, 

26 mathematics items (6 of which overlapped), and personal information questions.  

Forms III and IV were used for the posttest and included 20 mathematics items with no 

overlap and the personal information questions. Forms I and III had 20 mathematics 

items in common, as did forms II and IV.  So, for example, if a students from a section 

took form I in the pretest, they took the form IV for the posttest. Students were asked 

to complete the personal information items on the posttest only if they did not do so on 

the pretest.  

Mathematics items on the forms were developed by the Learning Mathematics 

for Teaching (LMT) project4 for the purpose of measuring in-service teachers’ 

mathematical content knowledge for teaching mathematics. Because the samples for this 

study are prospective teachers, their mathematical knowledge for teaching was expected 

to be low compared to LMT samples. In selecting items for the test forms, estimates of 
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item parameters from both LMT project and the pilot study conducted by the ME.ET 

project as well as content comparability were taken into account. When pretest and 

posttest are used in educational research to measure gain scores, usually two different 

test forms for pretest and posttest are administered so that the same items are not given 

to the same examinees. We assembled our forms so that they have different items, but 

are similar in difficulty and content coverage, which allows a statistical procedure called 

test equating to place scores from different test forms on the same metric.  

The third part of the survey instrument consists of items asking individual 

demographic and educational backgrounds. Specifically, age, gender, race, college level, 

major and minor, number of mathematics courses taken in college, high school GPA, 

ACT and SAT mathematics portion score, and mathematics courses taken in high 

school were surveyed. 

Data Collection 

Data were collected from 13 certified undergraduate teacher preparation 

programs in the states of Michigan and South Carolina. From the 13 institutions, 37 

sections being taught by 26 different instructors participated in the pre-test study. For 

the post-test, 36 sections by 25 instructors participated with one section from one 

instructor who did not participate in the post-test study. In the pre-test data collection, 

823 surveys with consent were collected and in the posttest, 763 surveys with consent 

were collected. All survey data were scanned in the MSU scoring office and the 

resultant data were entered and saved in the project computer programs.  
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Measures  

Beliefs and attitudes measures 

 Beliefs and attitudes measures consist of three factors which were identified 

using exploratory factor analysis. The three measures are ‘usefulness’, ‘one correct way’, 

and ‘positive attitudes to mathematics’. First, extraction by principal components 

method with the option of eigenvalues over 1 was requested in SPSS. The scree plot 

suggested existence of four factors. Then, Promax rotation with the option of extraction 

of four factors and suppression of absolute values less than .4 was conducted. The three 

factors were possible to interpret meaningfully and named as “usefulness”, “one correct 

way”, and “positive attitudes to mathematics”. The fourth factor consisted of 6 items 

which were either about the view of mathematics as a science or the view of doing 

mathematics. While it seemed to make sense to consider these items as a separate 

construct, the reliability analysis presents a relatively low value of reliability, .56. Based 

on the result of reliability analysis, the fourth factor was dropped from the analyses. 

These analysis results corresponded to the findings from the pilot study. Basic 

descriptive statistics and Cronbach’s Alpha for the three measures are presented in 

Table 3. Description of the items for each measure is provided in Appendix A. 
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Table 3 

Reliability of Beliefs and Attitudes Measures (FS06 Pre-test survey ) 

B & A Measures N 

Mea

n 

Standard 

Deviation 

Cronbach's 

Alphaa 

Minim

um 

Maxim

um 

Usefulness 548 3.93 0.50 0.786 1.33 5.00 

One Correct Way 553 1.97 0.57 0.736 1.00 4.25 

Positive Attitude  556 3.22 0.91 0.743 1.00 5.00 

aCronbach's Alpha based on standardized items 

There were 21 items on attitudes and beliefs about mathematics in the survey. 

The items were on a 5 point scale with 1=strongly disagree and 5=strongly agree. The 

first factor, ‘usefulness’, consists of six items, which are reported in Appendix A. 

‘Usefulness’ refers to the belief that mathematics is a useful enterprise. One sample item 

is “Mathematics is useful for solving everyday problem”. The mean score of 3.93 

indicates that respondents overall agree with the view that mathematics is useful. The 

second factor, “one correct way” indicates the view that there is only one correct way to 

solve mathematical problems. One sample item is “There is only one correct way to 

solve a mathematics problem”. The mean score 1.97 indicates that responding students 

tend to disagree with this view. The “positive attitude to mathematics” factor measures 

students’ attitudes to mathematics. One sample item is “I like mathematics”. The mean 

score of 3.22 indicates that responding students have relatively positive attitudes to 

mathematics. The large standard deviation in this factor, however, suggests that 

students’ view on this measure is more spread out than on the previous factors.  
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 Table 4 reports Pearson’s correlations among the three attitudes and beliefs 

factors and gain scores.  For each factor, the first row reports correlation coefficients, 

and the second row reports the degree of probability of rejecting the hypothesis that the 

correlation is not statistically significant. Statistically significant correlation at α = .01 

level has been bolded. As shown in the table, “usefulness” and “positive attitudes” factors 

are positively correlated to gain scores, but “one correct way” factor is negatively 

correlated. The correlations with gain scores are not statistically significant.  

Description of the items for each measure is provided in Appendix A. 

Table 4 

 Pearson Correlations of Attitudes and Beliefs Factors and Gain Scores 

(N=588) One Correct Way Positive Attitude  Gain Score 

Usefulness -.265 .384 .013 

 .000 .000 .759 

One Correct Way  1 -.283 -.047 

  .000 .259 

Positive Attitude   1 .049 

   .251 

 

Mathematical content knowledge of teaching elementary mathematics 

The measure for mathematical content knowledge of teaching elementary 

mathematics is a scale score with mean of 50 and standard deviation of 10. These mean 

and standard deviation are for the performance data consisting of both pre- and 

posttests. The scores were estimated using a three-parameter logistic item response 
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theory model. The scale scores are scores converted from IRT ability scores which 

range from negative infinity to positive infinity. For the purpose of comparison of the 

performances in the pre-test and the post-test, both pretest and posttest scores were put 

on the same metric through a fixed item parameters equating procedure, which will be 

explained in the next section in more detail.  

The reliability of each test form in the pretest as an instrument to measure 

mathematical content knowledge for teaching was checked with the reliability 

coefficient produced by BilogMG program. Empirical reliabilities for these two test 

forms were .76 and .77 respectively. Because ability in post-test was estimated by the 

items parameters from the pretest as fixed, separate reliability for the posttest forms 

was not considered. 

Table 8 presents the mean scores, minimum and maximum scores, and standard 

deviation for the pre-test, the post-test, and the gain scores for 588 matched samples. As 

the table shows, in the post-test, spread in students’ achievement became smaller.  

Table 5 

Descriptive Statistics for Test and Gain Scores (N=588) 

 Mean Minimum Maximum Std. Deviation 

Pretest 48.37 23.64 72.81 9.81 

Posttest 53.22 28.08 77.20 9.11 

Gain 4.85 -26.29 33.72 8.84 

 



 EFFECTS OF MATHEMATICS COURSES     17 

 

 

DRAFT: Please do not cite or quote without permission of the authors 

 

Prior mathematical ability and knowledge variables  

To measure prior mathematical ability and knowledge, ACT mathematics scores 

and SAT mathematics scores were surveyed. Descriptive statistics for Act and SAT I 

mathematics scores in the pre-test is shown in Table 2. As the table shows, 307 students 

reported their ACT mathematics scores and 112 students reported their SAT I 

mathematics scores.  

Because there were too many missing values in SAT scores, SAT scores were 

converted to ACT scores for the sample who reported only SAT scores using a 

conversion table prepared by Dorans (1999). The ACT scores and converted ACT from 

SAT was made as a new variable, ACT_SAT. When students reported only ACT scores 

or both ACT and SAT scores were reported, ACT scores were used as the values for 

this new variable. When only SAT scores were reported, SAT scores were converted to 

ACT score scale and those scores were entered as values of the new variable. Table 2 

also presents descriptive statistics for the new variable, ACT_SAT.   

There were still too many missing values in ACT_SAT variable. To handle this 

problem, “Proc MI” procedure in SAS was used. Missing values in ACT_SAT variable 

were replaced with imputed values estimated through SAS Proc MI procedure. 15 

missing values for the variable, “one correct way”, were also replaced with imputed 

estimates from the same procedure. 

Analysis and Result 

Analysis Procedure: Item Response Theory Calibration and Ability Estimation 

Test data were analyzed using an item response theory computer program 

BilogMG. The item parameters were calibrated treating missing items at the end as un-
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presented and embedded missing items as wrong with EAP5 default option for 

estimation and using a three-parameter logistic model. Because each student took 

different test forms in the pre- and posttest, the scores from the different test forms 

needed to be equated. To put the scores from different test forms on the same metric, 

this study used a fixed item parameters method. First, a combined data set which 

consists of 359 samples from the pilot study and 596 samples from the pre-test was 

analyzed using BilogMG. This decision was made to get more stable item parameter 

estimates by using a data set with a wide range of ability levels because the pilot test 

data include both pre-test and post-test data. The samples took different test forms 

including two test forms used in the pre-test and the data from these samples were 

concurrently calibrated using common items.  

The item parameters calibrated were used as fixed item parameters to estimate 

ability in the pre-test and the post-test. Because fixed item parameters were used for 

ability estimates, IRT ability scores reported as theta value are already on the same 

metric. The IRT ability scores were converted to scale scores with the mean of 50 and 

the standard deviation of 10 using the same BilogMG program. Because the scale scores 

for both the pre-test and the post-test are on the same metric, the dependent variable, 

i.e. gain scores, was obtained by subtracting pre-test scores from post-test scores for 

each matched sample.  

Bivariate correlations between gain scores and expected predictors 

 Bivariate correlation among the dependent variable and some expected 

predictors was explored for only continuous independent variables. As the table 10 

shows, gain scores are inversely related to gain scores. This means that as the scores in 
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the pretest go higher, gain scores tend to be less and vice versa. One possible 

explanation for this is regression to the mean. In pretest and posttest situation, there is 

a tendency that the performance in the posttest regresses to the mean. This is because 

higher or lower scores in the pretest tend to include larger measurement errors and 

middle range of scores is more stable, which means less change over time. Another 

explanation might be that students who performed well on the pretest did not learn as 

much as less able students because more able students might have already known some 

mathematics covered in the course, a kind of ceiling effect.  The ACT_SAT variable, a 

measure of prior mathematical ability, is also inversely related to gain scores, also a 

possible indication of a ceiling effect or regression to the mean. None of the three 

attitudes and beliefs variables have a statistically significant relationship with gain 

scores. This suggests that beliefs and attitudes might not be significant predictors for 

gain scores. However, the “positive attitudes” variable is positively related to pretest 

score suggesting the reciprocal relationship between ability and attitudes (self-efficacy). 
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Table 6 

Bivariate correlations Attitudes and Beliefs, Pretest, and Gain Scores 

 (N=548-588 after pair-wise deletion)   

  Gain HS_GPA Usefulness 

One correct 

way 

Positive 

attitude ACT_SAT 

Pre-test -0.53** 0.40** 0.09* -0.09* 0.18 0.53 

 0.000 0.000 0.027 0.029 0.000 0.000 

Gain  -0.04 0.01 -0.05 0.05 -0.11 

  0.39 0.76 0.26 0.25 0.01 

HS_GPA   0.07 -0.07 0.17** 0.37** 

   0.13 0.14 0.00 0.00 

Usefulness    -0.27 0.38** 0.14** 

    0.00 0.00 0.00 

One correct way     -0.28** -0.11** 

     0.00 0.00 

Positive attitude      0.31** 

      0.00 

*Correlation is significant at the 0.01 level (2-tailed). 

**Correlation is significant at the 0.05 level (2-tailed). 

 

Exploring mean difference in gain scores and pretest performance by major group variables 

Next, we considered whether there are statistically significant differences in gain 

scores and/or in pretest performance by each major demographic group variable. Table 
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7 reports the mean gain scores and mean pretest scores each of these variables. As the 

table shows, male students performed better than female students in the pretest, but the 

difference is not statistically significant (p = 0.168). Male students performed better in 

the pretest, but mean gain score is lower than female students, which is the same 

relationship for the whole sample. One-way ANOVA test result shows again that there 

is no statistically significant difference in gain scores (p = 0.40) between two gender 

groups suggesting that gender is not a significant predictor for gains.  

Table 7 also shows the mean gain and pretest scores by mother’s educational 

level. Performance in the pretest tends to increase as mother’s education level goes 

higher. Mean pretest score of the students whose mother graduated high school was 

lower than those of the students whose mother had a bachelor’s degree or higher 

education and the difference was statistically significant. However, there was no 

statistically significant difference in gain scores across the five groups when post hoc 

test using Bonferroni adjustment was conducted.  

Mean gain and pretest scores by college level are shown next in Table 7. While 

college level seems to be inversely related to pretest scores, there was no statistically 

significant difference across 5 college level groups when post hoc test using Bonferroni 

adjustment was conducted. Mean gain score difference across college level was also no 

statistically significant (p > 0.2).   

Next, the table shows mean gain and pre-test scores for students with 

mathematics major or minor and students without such a major or minor. Mean score 

difference in the pretest between the two groups is 4.02 and it is statistically significant. 

This result might be expected, and it suggests that other mathematical preparation is 
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contributing to students’ knowledge of mathematics for teaching. It is worth noting 

that students with mathematics major or minor also have higher gain scores even 

though the difference is statistically insignificant. This is interesting because there is an 

inverse correlation between pretest performance and gain scores (r = -0.527) for the 

whole sample. This suggests that the mathematics majors and minors may be learning 

more from the same instruction than other students. Additional analysis is needed to 

investigate this further, since institutional and section-level variables could be 

important. 

Table 7 

Gain scores by demographic characteristics 

 
Frequency Percent 

Mean Gain 

Score 

Mean Pre-

Test 

Gender     

Male 45 7.92 3.78 50.29 

Female 523 92.08 4.93 48.20 

Total (Missing 20) 568 100.00 4.85 48.37 

Mother’s Education Level     

No high school 15 2.65 3.00 45.36 

Graduated high school 134 23.72 5.50 46.11 

Some education beyond HS 176 31.15 4.83 48.21 

Graduated with a bachelor's 

degree 164 29.03 5.10 49.85 

Advanced college degree 76 13.45 3.42 50.08 

Total (Missing 23) 565 100.00 4.85 48.37 
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Frequency Percent 

Mean Gain 

Score 

Mean Pre-

Test 

College Level     

Freshman 111 19.58 4.53 49.20 

Sophomore 241 42.50 5.14 48.91 

Junior 145 25.57 4.34 47.56 

Senior 54 9.52 5.62 46.10 

Other (Post B.A) 16 2.82 3.61 49.23 

Total (Missing 21) 567 100.00 4.85 48.37 

Mathematics Major or Minor     

No math major or minor 534 90.82 4.77 48.00 

Math major or minor 54 9.18 5.63 52.02 

Total 588 100.00 4.85 48.37 

 

Paired Samples T-Test Result  

To identify if there is significant gain in the posttest compared to the pretest, 

paired samples t-test was conducted. First, the assumption of normal distribution of 

difference score, i.e. gain score, for paired samples t-test was checked using a histogram 

(Figure 1). The histogram suggests the distribution is close to normal. To check 

whether normality assumption for a paired samples t-test is met, two normality tests, 

Kolmogorov-Smirnov and Shapiro-Wilk were implemented in SPSS. The results are 

presented in Table 8. Both tests suggest the acceptance of the null hypothesis, that is, 

the normality assumption.  
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Figure 1 

Histogram of Gain Scores 
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Table 8 

Tests of Normality 

  Kolmogorov-Smirnov  Shapiro-Wilk 

  Statistic df Sig.a  Statistic df Sig. 

Gain .029 588 .200  .996 588 .145 

aThis is a lower bound of the true significance. 
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The result of paired samples t-test (Table 9) suggests that the mean difference is 

statistically significant (p=.000). 95 % confidence interval of the difference scores does 

not include zero, supporting the t-test result. To discover if the difference is substantive, 

effect size was computed using pooled sample variances (Howell, 2001, pp. 204-5). Effect 

size computed was 0.51, suggesting a medium effect as defined by Cohen’s guidelines  

(Howell, 2002, p. 206).– Pre) 

Table 9 

Paired Difference Gain Score (Post – Pre) 

  

Regression model for gain scores 

One major purpose of this study was to explore a regression model that predicts 

the gain scores. For this purpose, bivariate correlation between the dependent variable 

and potential predictors which were described in analytical framework was explored as 

already reported. Based on that exploration, four predictors, “one correct way”, “pre-test 

score”, “math major or minor”, and “ACT_SAT”, were entered using the method, 

“enter” in SPSS program. The result model summary is presented in Table 10. The 

Paired Differences 

Mean 

Std. 

Deviation 

Std. Error 

Mean 

95% Confidence Interval 

of the Difference t df Sig. (2-tailed) 

4.85 8.85 0.36 

Lower 4.14                                                     

Upper 5.57 13.3 587 0.000 
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model explains about 33% of the variation in gain scores. Standardized and un-

standardized coefficients are reported in table 11.  

Table 10 

Model summary (N=588) 

Model R R Square Adjusted R Square Std. Error of the Estimate 

1 0.573 (a) 0.328 0.324 7.272 

a. Predictors: (Constant), One Way, Pretest, Math major or minor, ACT_SAT 

b. Dependent Variable: Gain Score 

 

Table 11  

Regression Coefficients (N=588) 

  Unstandardized Coefficients Standardized Coefficients 

  B Std. Error Beta t sig 

(Constant) 26.40 2.09  12.65 .000 

Pre-Test -.59 .036 -.66 -16.45 .000 

ACT_SAT .41 .073 .22 5.52 .000 

Math Major or 

Minor  
2.00 1.06 .07 1.89 .059 

One Correct Way -1.15 0.54 -.07 -2.15 .032 

Dependent Variable: Gain Score 

It has been already observed that ability in the pretest is inversely related to 

gain scores. That is, as the performance in the pretest gets better, gain tends to get 

smaller. A belief and attitude measure, “one correct way”, is also inversely related to 
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gain scores suggesting that more rigid view of doing mathematics might hinder 

learning mathematical knowledge for teaching. The effect of math major or minor is 

positive when other predictors are controlled. This means that students with 

mathematics major or minor tend to have more gain compared to students who are the 

same in other predictors.  

Discussion  

 This study found statistically significant learning gains measured by the 

difference scores between the pretest achievement and the posttest achievement for the 

samples of 588.  An effect size of .51 suggests a moderate effect. This does not mean that 

the learning gain is the direct effect of course taking, for there are other factors that 

may influence learning. For example, students may be learning mathematics from other 

mathematics classes, from their mathematics methods classes, and in their fieldwork. 

However, the mathematical knowledge measured for this study is different from general 

mathematical knowledge (Hill et al., 2005), making it unlikely that students are learning 

the mathematics tested here in other mathematics classes.  Also, these students are early 

in their education programs, not yet doing fieldwork or taking their methods classes. 

Thus, the data here suggest that some learning is likely a result of these mathematics 

classes. The next step in our research is to investigate in more detail what accounts for 

this learning.  

One interesting finding related to prospective elementary teachers’ learning 

mathematical knowledge for teaching is that students’ view of doing mathematics might 

hinder students’ learning. Students who believe that in mathematics, there is one way to 
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do things tended to learn less when pretest scores, prior mathematical knowledge, and 

mathematics major or minor were controlled.  

The multiple regression model built in this study explained about 33 % of the 

variation in gain scores. This value of less than 33 % of the explained variance suggests 

model misspecification, which in turn suggests that there are other important factors to 

explain or predict gain scores. Our theoretical framework proposes instructor and 

institutional level variables including the textbook used, time on topic, depth of topic 

coverage, and qualifications and preparation of the instructor. The results of instructor 

surveys and the department surveys administered by the ME.ET project will provide 

new variables to estimate the effects of instructor level factors such as content coverage 

or teaching approach.  

While variation in gain scores across instructors was found, it was not 

interpretable because the assumption of homogeneity of error variance was not met. If 

grouping at instructor level based on some characteristics of instructor, institution or 

teaching practices is possible, the homogeneity of error variance issue might be solved. 

If this is not the case, a Bayesian mixed model approach might provide a viable way to 

deal with the data problem.  
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Appendix. Description of beliefs and attitude measures.  

Usefulness 

1. Mathematics is useful for solving everyday problems. 

2. Almost all people use mathematics in their jobs. 

3. In mathematics many things can be discovered and tried out by oneself. 

4. If one engages in mathematical tasks, one can discover new things 

    (connections, rules, concepts). 

5. Mathematics entails a fundamental benefit for society. 

6. Mathematics is useful for every profession. 

One correct way 

1. Usually there is more than one way to solve mathematical tasks and 

    problems. (Reversed) 

2. Math problems can be done correctly in only one way. 

3. Everything important about mathematics is already known by 

    mathematicians. 

4. There is only one correct way to solve a mathematics problem. 

Positive Attitude  

1. I'm good at mathematics. 

2. In mathematics you can be creative. 

3. I like mathematics. 
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Footnotes 

 

1For information about LMT, see http://sitemaker.umich.edu/lmt/home. 

2IRT ability scores are scores estimated based on an IRT model and expressed as theta 

scale which has a mean of zero and standard deviation of one for the samples estimated. 

3 Selected items were piloted in 2005-6 and items that formed measures on beliefs and 

attitudes were included in the survey for the 2006 fall study.  

4For more information about LMT, see their Web site,  

http://sitemaker.umich.edu/lmt/home. 

5 EAP method refers to Bayes or expected a posteriori ability estimation method. 


