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Two Assessment Studies of the General Education Quantitative Reasoning “A’

Requirement at the University of Wisconsin-Madison

1.0 Introduction

Quantitative Reasoning A and B are two key provisions of the UW-Madison General Education

Requirements that were adopted by the Faculty Senate in 1994 and implemented by the L&S General

Education Committee in 1996. From the very start, the plan for implementing the General Education

Requirements included as a central feature the systematic assessment of course, curricular, and student

outcomes. The first assessment undertaken specifically in connection with the QR requirements was

carried out on an ongoing basis from 1994-2004 by the Quantitative Assessment Project, a program

of course-specific evaluations that was started in 1990 and later was adapted to the QR objectives.1

In 2001 a subcommittee of the L&S General Education Committee carried out a more broad ranging

curricular-level assessment aimed at identifying the course-taking and performance characteristics of

students as they pursued fulfillment of the QR requirements.2 The current report describes the results

of two related assessment studies of student outcomes achieved under part A of the Quantitative

Reasoning (hereafter, QR–A) requirement. The research summarized here is the first to use measures

other than course grades to assess directly the extent to which satisfying a quantitative reasoning

requirement yields student outcomes that are consistent with general education objectives.

The aim of the QR–A requirement is to ensure that students have acquired the fundamental math-

ematical knowledge and skill needed to succeed in and benefit from those more advanced courses that

aim to enhance quantitative reasoning proficiency and that fulfill the QR–B requirement.3 Upwards
1Quantitative Assessment Project (QAP) has helped faculty members by creating examinations to measure

students’ mathematical skills in areas most germane to topics covered in specific classes. The goal of this
project was to enhance the fit between the mathematical requirements of courses and the abilities of stu-
dents. The project is described in a 2003 report by Alvarez-Adem and Robbin that may be found at
http://www.ls.wisc.edu/Gened/FacStaff/QRAssessReport20022003.pdf.

2A description of this assessment effort, together with other General Education assessment initiatives, may be found
at http://www.ls.wisc.edu/Gened/FacStaff/assessment.html.

3In a 1994 founding document, Professor Brualdi writes, ”To be certified as a QR–A course, a course must pro-
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of 80-85% of students who entered UW-Madison as freshman in 2004-05 were exempted from fulfilling

the QR–A requirement because they had demonstrated an adequate level of quantitative reasoning

proficiency through either academic achievement in high school, scores on AP Calculus tests, or scores

on mathematics placement tests taken prior to enrolling at UW. The remaining non-exempt students,

numbering between 800-900 freshmen, must fulfill the requirement by taking 3 credits of approved

course work in mathematics or philosophy.4

The 2004-05 population of nonexempt entering freshmen consisted of two distinct groups as iden-

tified by mathematics placement tests taken before the start of freshman year. One group, numbering

about 300 students, had not yet achieved the degree of mathematical proficiency (i.e. intermediate

algebra) necessary for successful performance in a college algebra course at the level of Mathematics

112. These students were not prepared even to begin to satisfy the QR–A requirements without

first fulfilling prerequisites needed to compensate for prior deficiencies. A second group consisted of

500-600 students who already had achieved a level of mathematical proficiency that exceeded inter-

mediate algebra, and who were thus prepared to embark on course work that would satisfy the QR–A

requirement.

The research carried out in this assessment project focused exclusively on this second population

subgroup of 500-600 non-exempt students who needed to fulfill the QR–A requirement and who were

prepared to do so upon entry to UW in fall 2004. The courses that fulfill the QR–A requirement are,

according to General Education founding documents, intended to “provide the skills . . .needed for

vide students with skills in mathematics, computer science, statistics or formal logic that are needed for dealing with
quantitative information. The skills must be broad-based in order that they have a positive impact on the readiness
of students to take a QR–B course in a variety of disciplines.” Brualdi goes on to state, ”To be certified as a QR-B
course, a course must make significant use of quantitative tools in the context of the other course material, for example:
the recognition and construction of mathematical models and/or bypotheses that represent quantitative information;
the evaluation of these models and hypotheses; the analysis and manipulation of mathematical models; the drawing of
logical conclusions, predictions or inferences; and the assessment of the reasonableness of conclusions.” This document
is at http://www.ls.wisc.edu/gened/FacStaff/QRreqs.htm.

4The courses that currently fulfill the QR–A requirement are Mathetmatics 112, 114, 130,141 and 171; and Philosophy
210.
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dealing with quantitative information. . .and should have a positive impact on the readiness of students

to take a QR–B course in a variety of disciplines.”5 The purpose of the two studies described below

was to determine whether taking a QR–A course achieves these objectives by improving students’

mathematical skills and by readying them for future QR–B courses. More generally, the fundamental

research objective was to assess the contribution of QR–A course work to student progress in the

acquisition of quantitative reasoning skills. Both studies consist of rigorous comparisons of the learning

outcomes achieved by two groups of students, those non-exempt freshman who enrolled in a QR–A

course and those observationally equivalent non-exempt freshmen who did not enroll in a QR–A

course. We now turn to a detailed description of the data, methods, and findings of both studies in

turn.

2.0 Study I: How the QR–A Requirement Affects Mathematical Proficiency

The objective of this first study was to determine if students who take a QR–A course in a given

semester improve their level of mathematical proficiency more than do otherwise comparable students

who do not take a QR–A course. There are a couple of subsidiary questions underlying this central

goal. One question pertains to statistically estimating the sheer amount of improvement in mathe-

matical proficiency that is typically achieved as a result of taking a QR–A course. A second question

involves estimating the amount of improvement that students who do not take a QR–A course may

themselves evidence during their first semester or year at UW, either because of “maturation” or

because of other non-QR–A course experiences. If students who do not take a QR–A course evince

over the same period of time approximately as much improvement in mathematical proficiency as

do QR–A students, it would suggest that the acquisition of quantitative reasoning skills is part and

parcel of a university education. Such a result would be dramatic, to say the least, for it would call
5see Brualdi, 1994, at http://www.ls.wisc.edu/gened/FacStaff/QRreqs.htm.
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into question the need for and value of the current QR–A requirement? By implication, such a result

would raise doubts in general about the value of having any quantitative reasoning requirement at

all.

2.1 Data and Methods

2.1.1 Research Design, Sampling, and Measurement

This study employed a so-called pretest-posttest control group design to estimate the effect of QR–

A on mathematical proficiency. As explained in detail later, this two-group design has significant

advantages over, say, a one-group design in which the mathematical proficiency scores of a single

“treatment” group of students are compared both before (i.e., pretest) and after (i.e., posttest) taking

a QR–A course. The design implemented in this study included pretest and posttest measurements

of mathematical proficiency for both a group of QR–A students and a “control” group of students

who did not fulfill the QR–A requirement. Hence, we had available mathematical proficiency scores

for all study “subjects” at two separate points in time, but during the period intervening between

the two measurements one group of students was “exposed” to a QR–A course while the “control”

group was not. For the purpose of causal inference, this quasi-experimental approach to assessment

is also much superior to an alternative two-group design in which only posttest measurements of the

outcome variable are obtained for students who did and did not satisfy the QR–A requirement.

The assessment issues driving this research were examined with separate samples drawn during

fall and spring semesters 2004-05. Since the main goal was to compare non-exempt students who did

and did not take a QR–A course in a given semester, a stratified sampling design was appropriate

and efficient.6 To this end, we divided the study population into the two relevant groups and drew
6By “efficient” I mean this design would be expected to yield smaller sampling error in the estimate of the effect of

QR–A than would a simple random sample of the same size.
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random samples of roughly equal size from each stratum.7 Table 2.1 gives the population stratum

sizes and selected sample sizes for fall and spring semesters, as well as the numbers of students from

each stratum who actually participated in the study by agreeing to take a (second) test. Of the 100

freshmen contacted from each stratum in fall semester, 61 and 55 students who were and were not

enrolled in QR–A, respectively, participated in the study.8 The six percentage point difference in

stratum-specific response rates is not statistically significant (t = 0.86, p = .39). In spring semester

the population sampled consisted of non-exempt students who had not already satisifed the QR–A

requirement in the fall. From Table 2.1 we see that in spring semester, too, there was little difference

in response rates between those who did and did not satisfy QR–A. Although the overall response

rate of 43% observed in the spring does fall short of the 57% rate observed in the fall semester by a

statistically significant margin (t = 2.56, p-value= .011), the important point is that the fall-spring

difference is itself statistically the same for both strata. Overall, then, the propensity of students to

participate in this study, given their selection into the sample, does not depend on their QR–A status.

The central aim of this research calls for the measurement of mathematical proficiency. Because

the goal was to assess the improvement in mathematical proficiency that could plausibly be attributed

to taking a QR–A course, first and foremost we wanted a measure that could be obtained at two points

in time, namely, both before and after some students had taken a QR–A course at UW. As discussed

below, having a measure of the outcome variable at two points in time for both groups of students,

those who did and did not take QR–A, establishes a solid basis for causal inference. For the purpose

of measuring mathematical proficiency, then, scores on the original UW Mathematics Placement

Test that all students in the non-exempt population had taken before entering the university, and
7In the fall, the two population strata are roughly equal size, so the sampling approximates a proportionate stratified

random sampling design. This is not the case in the spring: Because the non-QR–A stratum is roughly 70% larger than
the QR–A stratum, equal-size samples yield a disproportionate stratified sampling design.

8Students in the selected sample were offered $25 dollars to participate in the study, with the promise of an additional
$25 if their second test score exceeded their first test score.
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hence before satisfying the QR–A requirement, made the most sense from a methodological, not to

mention practical, standpoint. Although the expressed purpose of the placement test is to match

incoming freshman to achievement-appropriate UW mathematics courses, and although the test fails

to encompass non-mathematical aspects of quantitative reasoning, it definitely serves our purpose

because it is the principal instrument used by UW-Madison to assess incoming students’ readiness

for and chances of success in QR–B courses.

The UW Mathematics Placement Test has four sections, one each devoted to elementary algebra,

intermediate algebra, college algebra, and trigonometry. The two devoted to intermediate and college

algebra are by weight the most important in determining a student’s total score, and hence the ones

chosen for this study. An additional consideration was that these two sections could be administered

in about 40 minutes, and thus fit with our interest in minimizing test time in the hope of increasing

student participation.9 Test scores on both the intermediate and college algebra sections were available

for all 544 non-exempt freshmen before the start of fall semester 2004-05.10 The 116 students who

responded to an invitation to participate in the fall semester study were administered the same two

sections of the placement test again in early December. For these 116 students, scores on both the

intermediate and college algebra sections of the test were combined into one mathematical proficiency

score at each point in time. The same procedure was followed for the 89 students who agreed to

participate in the spring semester study, except for this group the second measurement was in April

2005, not December 2004. For both fall and spring the first test preceded the start of academic year

2004-05.
9By necessity, the testing was done near the end of the semester in both spring and fall, at a time when finals were

imminent. We expected participation rates would be higher if we could promise potential subjects that the test would
be brief.

10The date at which students took the first placement test varied between late spring and late summer 2004, but we
found no relationship between this date and other critical aspects of the study, like QR–A status or over time gains in
mathematical proficiency.
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2.1.2 Statistical Methods11

The statistical goal is to estimate the improvement in mathematical proficiency that can be validly

and reliably attributed to fulfilling the QR–A requirement by taking an approved QR–A course. To

this end, the analysis relies almost exclusively on a statistic that econometricians call a difference-in-

differences estimator (hereafter, DID).12 DID estimation is a powerful, yet easily comprehended and

communicated, method for inferring causal effects from observational data of the kind used in this

assessment. DID exploits the advantages of measurements taken at two points in time in order to

eliminate serious threats to causal inference.

To see the advantages of a pretest-posttest design combined with DID estimation, it pays to

review alternative estimators that derive from two other prototypical assessment designs. To fix ideas,

consider estimating the effect on mathematical proficiency of taking a QR–A course in fall semester

of freshman year. One design would involve measuring at the end of fall semester the mathematical

proficiency of students who did and did not take QR–A, and comparing the averages across the two

groups. Suppose that mathematical proficiency test scores yit for i = 1, 2, . . . , n students are observed

at time t = 1, the end of fall semester, and let di be a variable scored d = 1 for the treatment group

that took QR–A and d = 0 for the control group that did not. One model for this design represents

the test scores students achieve as follows:

yi1|d=0 = θi|d=0 + δ1 + εi1|d=0 (1)

11Readers who are not interested in the technical properties of the study design and statistical estimators may safely
skip this section without compromising their understanding of the results.

12The DID estimator is a member of a larger class of estimators for panel data known as fixed effects estimators.
Fixed-effect estimation is usually contrasted with random effects estimation, which could also be used in this setting.
The advantage of fixed effect estimation is that, unlike random effects, it will yield an unbiased estimator of the effect of
QR–A even in the presence of unobserved time-invariant properties of students that may cause mathematical proficiency
and be correlated with QR–A status. In the absence of unobservable time-invariant forces that threaten causal inference,
fixed effect estimation is still unbiased, but less efficient than random effects estimation.
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for the non-QR–A control group; and

yi1|d=1 = γ + θi|d=1 + δ1 + εi1|d=1 (2)

for the QR–A treatment group. Here y and d are the only observed variables, γ is an unknown

parameter that represents the causal effect of QR–A that we wish to estimate, δ1 is an unknown

“period” parameter, common to all students, for the effect of taking the (second) test near the end

of fall semester (rather than some other time),13 and εi1|d is a transitory idiosyncratic unobserved

variable that is unique to the ith student and that represents unmeasured forces that affect individual

test scores. The quantity θi|d is of special interest because it represents a threat to causal inference

insofar as it captures unobservable properties of individual students that are stable over time—there

is no time subscript—that effect mathematical proficiency scores, and that may differ between those

who did and did not take a QR–A course fall semester. The parameter θi|d can be viewed as a

summary of time-invariant student-specific causes of mathematical proficiency, or as the unobserved

permanent component of the ith student’s value of yi1.14

The weakness of this design is that it may yield an estimate of the effect of QR–A that is con-

founded by permanent unobserved differences between the types of students who did and did not

enroll in QR–A. This problem is revealed by averaging (1) and (2) and then taking the difference

between the observed sample mean proficiency scores of the two groups of students as an estimator

of the effect γ of QR–A:

(y.1|d=1 − y.1|d=0) = γ + (θi|d=1 − θi|d=0) + (et|d=1 − et|d=0) (3)

13For example, the scores of all students may be uniformly affected for better (i.e., δ1 > 0) or worse (i.e., δ1 < 0)
because the posttest was scheduled right before semester finals.

14The distinction between unit effects and the disturbance is totally artificial in this design, since even εi1|d is
temporally invariant with the period fixed at t = 1. Both θi and εi1 together comprise the composite error, µi1|d =
θi|d + εi1. This distinction becomes meaningful under a pretest-posttest control group design.
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which shows that period effect δ1 drop out, but that temporally invariant individual effects θi remain.

The problematic feature here is that the observed group difference in sample means on the left

captures three unobservable quantities: The causal effect γ that is of primary interest, plus two other

potentially confounding quantities, one that represents mean differences between the students who

did and did not take QR–A in the permanent component of mathematical proficiency—the middle

term (θi|d=1 − θi|d=0)—and another that represents transitory mean differences in the unobservable

idiosyncratic forces—the last term on the right—that effect mathematical proficiency. Standard

practice in this setting is to assume that the last term would average out to zero because students in

both groups would be expected to be affected equally by random idiosyncratic unmeasured forces that

resulted in higher or lower scores.15 But such an assumption may not be as plausible for the middle

term, which represents stable differences between the types of students who do or do not choose to

enroll in QR–A during fall semester, who do or do not select themselves for exposure to the cause of

interest. For example, if students who enter UW with stronger quantitative aptitude were eager to

fulfill the QR–A requirement while students of weaker aptitude were more likely to delay QR–A, then

the middle term would be positive. Similarly, if students who put more effort into academic pursuits

chose to take QR–A fall semester while those who put in less effort chose to delay, we again might

expect the middle term to be positive. The threat to causal inference this presents is obvious: even

if QR–A has no effect whatsoever (i.e., in equation (3) γ = 0), the estimator (y.1|d=1 − y.1|d=0) still

would be positive due to unobserved differences in the types of students selecting themselves into the

two groups, but we would erroneously credit QR–A with improving mathematical proficiency.

The source of the problem with this design is that the two groups are composed of students

who may differ in ways that are relevant for mathematical proficiency and that may confound the

attribution of a causal effect to QR–A. This problem can be easily circumvented with a one-group
15The technical assumption invoked here is that the sampling distribution of the last term would have mean zero.
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pretest-posttest design: instead of testing different groups of students at the same time, test the same

group of students at different times, namely, before and after fulfilling the QR–A requirement. To see

the estimator yielded by this design, write the observation on mathematical proficiency yit at time

t = 0 before entry to UW and before taking QR–A (i.e., d = 0) as:

yi0|d=0 = δ0|d=0 + θi + εi0|d=0 (4)

and the observation on the same student at time t = 1 after taking QR–A (d = 1) as

yi1|d=1 = γ + δ1|d=1 + θi + εi1|d=1 (5)

where the permanent individual effects θi are the same over time because the student is the same.

Averaging each equation and then differencing yields another estimator of the effect of QR–A:

(yi1|d=1 − yi0|d=0) = γ + (δ1|d=1 − δ0|d=0) + (ei1|d=1 − ei0|d=0) (6)

where the observed sample statistic on the left is expressed in terms of unobservable quantities that

comrprise it. This equation is analogous to equation (3), except the differencing is across the time

dimension for the same units instead of across the unit dimension at the same time. The strength of

this design is that the θi have been eliminated, so this estimator is not confounded by stable individual

differences (i.e., θ) that threatened the first estimator with selection bias. Because the students are

the same at both times, unobserved individual properties captured by θi are ruled out as a source

of over time change in mathematical proficiency. However, because the measurements are taken at

different times, this estimator is confounded by the difference in period effects, (δ1 − δ0), that is,

by the over time change in the effect on test scores of time-varying unobservable forces common to
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all students, even those who did not take a QR–A course.16 For example, if QR–A has no effect

on mathematical proficiency (i.e., γ = 0), but (δ1 − δ0) > 0, then we risk attributing to QR–A an

improvement in mathematical proficiency that all students experience between the start and end of

their first semester at UW.

The obvious solution to the problems with these two designs is to measure mathematical profi-

ciency both at the beginning and end of fall semester for students who did and did not take QR–A.

Suppose, then, that the pretest-posttest design for the treatment group of QR–A students is aug-

mented with pretest-posttest observations yi1|d=0 and yi0|d=0 for a control group of students who did

not fulfill the requirement. Then the difference in mean scores between the beginning and end of fall

semester for this control group can be written, by analogy to 6, as

(yi1|d=0 − yi0|d=0) = (δ1|d=1 − δ0|d=0) + (ei1|d=0 − ei0|d=0) (7)

which gives an estimate of the change in test scores that would be expected in the absence of a QR–

A course. If equation 7 is assumed to describe the change in mathematical proficiency that would

have been observed among QR–A students had they not taken QR–A, then subtracting this equation

from (6) yields an estimator of the effect of QR–A that is unconfounded by either period effects (i.e.,

(δ1 − δ0)) or by student heterogeneity (i.e., θi):

(y.1|d=1 − y.0|d=1)− (y.1|d=0 − y.0|d=0) = γ + (ei1|d=1 − ei0|d=1)− (ei1|d=0 − ei0|d=0) (8)

The statistic on the left is called the difference-in-differences estimator for obvious reasons. Since the

last two terms are expected to average out to zero, DID is seen to be a very good estimator of the

effect of QR–A on mathematical proficiency.
16Here again we assume that the last term in equation (6) averages out to zero.
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One important feature of DID estimation is easily missed. DID estimation not only eliminates

confounding threats of selection bias due to those unobserved stable properties represented by group

differences in θi, it eliminates threats emanating from all properties of students that are fixed at the

time of entry to UW and that remain constant over the study period. To the extent that selection into

QR–A and mathematical proficiency are driven by fixed characteristics like family background, gender,

or permanent components of academic, including mathematical, ability, DID estimation accounts for

them.

2.2 Analysis and Findings

2.2.1 Who enrolls in QR–A in Fall and Spring Semester?

In order to have a clear sense of the types of students whose performance is being assessed, it

pays to begin by identifying the systematic differences between those who do and do not enroll in

QR–A in a given semester. For this purpose data on the entire population of 544 students who were

eligible for and non-exempt from QR–A are available. The student characteristics of central interest

with respect to selection into QR–A are gender and academic ability, both verbal and mathematical.

Table 2.2 shows for each semester the results of a regression of an indicator of QR–A status on

a dummy variable for gender and measures of academic proficiency.17 The regression coefficients in

the first column of figures may be interpreted as estimates of net gender and academic proficiency

differences in the probability of enrolling in a QR–A course.18 Verbal proficiency is measured by the
17Because the dependent variable for QR–A status is scored 0-1, maximum likelihood estimation of a logistic regression

model would ordinarily be the preferred approach in this situation. I chose to use ordinary least squares estimation of
a simple linear regression because the coefficients are directly subject to a probabilistic interpretation that has greater
intuitive appeal for most readers. None of the substantive conclusions arrived at with this approach differ in any material
way from the conclusions one would arrive at using logistic regression.

18“Net” means that these estimates take account of the association between gender and academic proficiency. In fact,
females have a sizable advantage in verbal proficiency, averaging almost 16 points more (t = 2.13; p = .033) than males
on the UW English Placement Test. In this population there is no gender difference in mathematical proficiency: male
scores exceed female scores by a paltry .083 (t = 0.33; p = .738) on a scale with a mean of 15.8 and standard deviation
of 2.66.
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UW English Placement Test taken before entry to UW; mathematical proficiency is, as discussed

earlier, measured by the combined score on the intermediate and college algebra parts of the UW

Mathematics Placement Test taken before freshman year.19 The results in the top panel of Table 2.2

indicate that females and students with high verbal proficiency scores were much less likely than males

and less verbally proficient students to enroll in a QR–A course in fall semester.20 The coefficient for

females indicates that their rate of enrollment in QR–A is almost 17 percentage points below that for

males. The coefficient for the English placement test indicates that each 100 point increase in test

score is associated with an 18 percentage point decline in the rate of enrollment in QR–A. Both of

these relationships are very strong. Considerably weaker is the relationship of QR–A enrollment to

mathematical proficiency: students with higher mathematical placement test scores tend to enroll in

QR–A at slightly higher rates than their less proficient counterparts.21

These patterns do not necessarily indicate differences in the types of students who have a taste

for QR–A or are eager to fulfill the requirement early in their freshmen year. On the contrary, rather

than reflecting any special propensity on the part of different students to embrace or avoid QR–A at

the start of their college career, these patterns may result from administratively enforced prerequisites

for admission to a QR–A course in fall semester. In fall semester, entering freshmen are authorized

by a mathematics consultant into the most popular QR–A course (i.e., 112) based on their academic

program, with those in science, business, and engineering, inter alia, privileged for admission. The

patterns in Table 2.2 may largely represent differences among students in their preference for the
19Both dimensions of academic ability could have been measured by the relevant ACT scores, but at the cost of losing

many observations because of missing data. As it happens, most of the variation in QR–A enrollment that is due to
differences in academic proficiency is captured by the placement test scores.

20All statements pertaining to the statistical significance of various estimates of differences are based on infinite
rather than finite sampling formulas for standard errors. This means that our standard errors are typically larger than
they would otherwise be, sometimes by as much a 20%, thereby reducing the chance that a given difference between
QR–A and non-QR–A groups would achieve statistical significance. This approach, then, is what some might deem
“conservative” insofar as it renders it more difficult to conclude that QR–A has an effect on quantitative reasoning.

21For comparison with verbal proficiency, note that each standard deviation unit change in English test scores yields
a 14 percentage point drop in the rate of enrollment, while a standard deviation unit increase in mathematics scores
yields only a 3.2% point increase in the rate of enrollment.
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types of academic programs that are privileged for authorization into a QR–A course in fall. Females

and those with higher verbal proficiency may have a stronger preference for non-privileged academic

programs, while students with greater mathematical proficiency may have a stronger preference for the

privileged programs in science, business and engineering. It is of course well known that, historically

and currently, males are more likely to select into these programs than are females.

The bottom panel of Table 2.2 suggests that the patterns of QR–A enrollment in the fall do

reflect differences in student preferences for various academic programs, and hence differences in

authorization rates. These results show how gender and academic proficiency shape QR–A enrollment

patterns in the spring semester, when choice is not constrained by student preferences for academic

programs that may or may not enjoy privileged authorization status. The most striking difference

from the fall results is that female rates of QR–A enrollment now exceed male rates by 16 percentage

points. This would suggest that the lower rate for females in the fall is due largely, if not entirely,

to gender differences in academic program preferences and the attendant enrollment authorization

constraints. The qualitative pattern of enrollment by verbal proficiency is the same in the spring as

the fall, but only about half as strong (-.176 vs -.008), with higher verbal proficiency scores again

associated with a lower probability of enrolling in a QR–A course. Finally, in the spring there is no

association whatsoever between mathematical proficiency and the probability of enrolling in a QR–A

course. Given the small association in the fall and this total lack of association in the spring, it

seems warranted to conclude that in this special population of students (that represents the lower

end of the complete distribution of mathematics placement test scores), QR–A course enrollment is

not significantly structured by mathematical proficiency.

2.2.2 Who showed up for the retest? Assessing sample selection bias

Random sampling was used to select potential subjects from the two population strata, but this
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does not guarantee that the students who actually consented to be tested a second time are themselves

representative of the population. All members of the sample were freshman and all were given the

same incentive to participate, but only some actually showed up for testing near the end of fall or

spring semester. We already know from Table 2.1 that rates of participation among students in

the sample did not vary significantly by whether or not they took QR–A; in both semesters the

participation rates for the two groups are statistically indistinguishable. This is reassuring, but it

does rule out the existence of other underlying patterns of participation that may compromise the

representativeness of the findings or, worse, bias our estimate of the effect of QR–A on mathematical

proficiency. This section identifies the key factors that seemed to determine which of the students

who were selected for the sample actually consented to participate.

Table 2.3 shows how the propensity of sample members to show up to be tested was shaped

by gender, academic ability, and, for completeness, QR–A status. The top panel for fall semester

shows that all the differences in participation rates as tapped by the coefficients are absolutely small in

magnitude and statistically nonsignificant. The null hypothesis that all coefficients are simultaneously

zero, which is to say that these characteristics are of no help in predicting which students showed up

for a second test, yields a very small F-statistic of 0.31 (p = .87). With respect to the distribution

of gender, academic proficiency, and QR–A status, then, the students who participated in the study

are similar to the sample as a whole, and hence representative of the larger population strata. Nor

is there any difference in the effects of gender and academic proficiency on participation rates within

the two groups of students. A test of the hypothesis of no difference by QR–A status in the effects of

gender and academic proficiency on the propensity to participate yields a statistically nonsignificant

F = 0.38 (p = .765). Hence, differences in participation rates by gender and academic proficiency

are statistically the same for QR–A and non QR–A students. For fall, then, the tested students are

equivalent to a random sample from the population, at least with respect to these properties.
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The bottom panel of Table 2.3 yields dramatically different conclusions: there are much stronger

patterns of participation by gender and academic proficiency in the spring than were evident in

the fall. The F-statistic for the full equation is 4.96 (p = .001), which means that the set of four

characteristics considered as a group do systematically predict who participated. In the spring females

showed up to participate in the study at a rate that is 19 percentage points higher than their male

counterparts. Similarly, students of stronger verbal ability were much more likely than their verbally

weaker counterparts to participate in the study: each 100 point increase in placement test score

yielded a 14 point increase in the participation rate. There was also a slight tendency for those

with higher math placement test scores to participate in the study, although this pattern is much

weaker and not statistically significant. As it turns out, there is no evidence that these patterns of

participation by gender and academic ability differ between students enrolled in QR–A and those

who were not. A test of the hypothesis that the equation predicting participation is the same for

both groups yielded F=0.16 (p = .925), so there is no evidence that gender and academic proficiency

operated to affect participation differently for QR–A students than for other students.

None of the evidence viewed to this point suggests any serious sources of bias that would need to be

accounted for when estimating the effects of QR–A on mathematical proficiency. That the systematic

patterns of participation found in the spring are largely the same for both groups is reassuring on this

score. Females and more verbally and mathematically able students were more likely to participate

in the spring study, but this departure from randomness worked in the same direction for both QR–A

and other students. Hence, the comparison of gains in mathematical proficiency across these two

groups ought to be largely unaffected by the slight lack of representativeness of the tested group

relative to the sample from the larger population strata.

There does remain to be considered one highly plausible source of bias that might enter through

differential participation rates. In particular, might not the propensity of students to show up to be
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tested a second time be conditioned by their academic performance during the semester? Of special

relevance in this regard is variation in participation rates among QR–A students. Oversampling the

upper end of the quality distribution of QR–A students seems especially likely and problematic. If

QR–A students chose to participate based on the score they would be likely to achieve on the test, and

if their anticipated score was a function of their performance in their QR–A course, then the tested

group would be biased in the direction of stronger QR–A students, and our estimate of the effect of

QR–A would probably overstate the typical improvement in mathematical proficiency brought about

by satisfying the QR–A requirement.22

The regression results in Table 2.4 show that this source of selection bias was operative and

fairly powerful in both semesters. Table 2.4 gives the coefficient for the effect of QR–A grade on the

probability that a QR–A student in the sample actually participated in the study.23 In fall semester,

each 1 unit increase in QR–A grade point was associated with a 13 percentage point increase in the

rate of participation; in spring semester the increase was roughly equal to that, about 12 percentage

points.24 Whether these patterns actually generate bias in our estimator of the effect of QR–A

depends on whether performance on the mathematical proficiency test at time two is affected by

performance in a QR–A course. If students who are doing better in their QR–A course tend also

to score higher on the time two measurement of mathematical proficiency, then bias will result. Yet

bias is by no means guaranteed: It is theoretically possible that all students in QR–A courses are

equally advantaged at time two because the test administered as part of this study is insensitive to

underlying differences in ability as indicated by variation in course grade.
22Apart from the effect of performance in QR–A on the participation rate of QR–A students, one might inquire about

the effects of overall semester grade point average on the participation of both QR–A and non-QR–A students. In fall
and spring, the effect of overall semester grade point average on participation rates was statistically indistinguishable
between QR–A and non-QR–A students.

23The letter grade for QR–A was converted to a numerical scale in the usual way: A=4.0, AB= 3.5, etc. Note that the
grade was measured at the end of the semester, and hence after the time 2 measurement of mathematical proficiency.
Still, on its face this measure makes a plausible and valid surrogate for the grade a student was receiving at the time
he or she decided to participate in this study.

24The fall-spring difference between these coefficients is not statistically significant.
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2.2.3 How the QR “A’ requirement affects mathematical proficiency: uncorrected estimates

Before assessing possible biases due to selectivity on the basis of QR–A grade, it pays to establish

a baseline by first considering the uncorrected estimates of QR–A effects. To this end, I calculated

simple DID estimates of the kind discussed earlier. Tables 2.5 and 2.6 give both full-sample and

gender-specific estimates for fall and spring, respectively.

The first two rows of Table 2.5 give mean test scores for the two groups at the start of fall

semester. The first row pertains to the population of 278 fall semester QR–A students and 266 non-

QR–A students. As the last three figures in this row show, the two population means are virtually

identical.25 Interestingly enough, the sample means from these two populations, given in the second

row, differ by .92 test score points, a trivial substantive difference that nevertheless would be judged

statistically significant even though it overstates by a factor of seven the true difference of .13 observed

in the first row.

The remainder of Table 2.5 gives test score means and differences obtained from the students who

were actually tested near the end of fall semester. The first two rows of the upper panel gives overall

estimates of mean proficiency scores at both time points. These figures show that a small between-

group difference in means (1.18, t = 2.30; p = .023) at the start of the fall semester grew to a rather

large difference by the end of fall semester (8.36, t = 9.62; p = .000). Row three gives the estimates

and tests of the relevant over time differences needed for constructing DID estimates. The first set

of figures shows that the students who enrolled in QR–A improved their scores between the first and

second test by an average of 7.74 points, a statistically large and significant gain (t = 10.75; p < .000).

In contrast, the group representing students who did not take QR–A witnessed a mean gain over

time of less than a single point (.56), indicating that there was virtually no change in mathematical
25Computing a t-ratio on population differences makes no statistical sense unless the populations are viewed as

”samples” from even larger populations. In the current case, we can imagine the 2004-05 population as a ”sample” from
the larger population of non-exempt students from entering classes in the recent past and in the near future.
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proficiency for this group over the course of their first semester at UW. The DID estimate of the

effect of QR–A on mathematical proficiency is the difference between the gain scores for the two

groups, namely, 7.18 points. This is a highly statistically significant result, one that is not likely

to be overturned by corrections for bias given the data we have seen to this point.26 Perhaps not

surprisingly, satisfying the QR–A requirement had a huge effect on mathematical proficiency during

fall semester. The estimated effect of 7.18 units is more than a 40% gain over the average test score

at time 1, and represents an increase of more than 2.5 standard deviation units on the mathematical

proficiency test scale. By either measure, the impact of QR–A is substantial.

Rows labelled 3.1 and 3.2 give the comparable results for males and females, respectively. Here

again we see large estimates of the effect of QR–A for both sexes. Females who satisfied the QR–A

requirement show an over time gain of 7.53, while those who did not show virtually no change over

time (.07). These over time differences yield a point estimate of 7.46 for the effect of QR–A among

females. Males also show a gain in mathematical proficiency due to QR–A, but the estimate of 4.93

is smaller by 2.53 units than the female gain. Row 3.2 shows that this male-female difference in

the estimate of the effect of QR–A, which is not statistically significant, is due almost entirely to

a male-female difference in the over time change in mathematical proficiency evidenced by students

who did not take a QR–A course. The females who did not take a QR–A course gain only .07 over

time, while the males gained 3.11, which is statistically significant. As the last row of the table shows,

the difference of 3.04 in the gains among students who did not satisfy QR–A is the only male-female

contrast that is statistically significant. Among students who satisfied QR–A, there is no gender

difference in the gain achieved between the start and finish of fall semester–the female (7.53) and

male (8.04) estimates are statistically indistinguishable.
26I say this on the basis of the well-known principle that strong statistical relationships cannot be “explained by”

weaker statistical relationships. The estimated effect of QR–A on mathematical proficiency is, by a large margin, the
strongest statistical relationship observed in these data.
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The results for spring semester are displayed in Table 2.6. The first two rows show again that

there is no difference in time 1 population mean test scores of students who did and did not take

QR–A, and that this is well reflected in the samples from the two strata. The remainder of the table

gives the main results of interest and are qualitatively very similar to fall semester, although slightly

weaker. Row (3) gives the over time change in test scores for both groups, as well as the full-sample

difference-in-differences estimate of the QR–A effect. Students who satisfied QR–A in the spring

gained an average of 4.93 points (t = 6.26; p = .000) from the time they were initially tested eight

or more months earlier, while student who did not satisfy QR–A actually lost ground (-1.27). The

difference between these two over time differences yields the DID estimate of 6.20 (t = 6.33; p = .000)

for the effect of taking QR–A in the spring.

These overall estimates are largely replicated by the sex-specific comparisons carried out separately

for females and males. Indeed, females constitute 85% of the spring sample, so the overall results

largely reflect the experience of females, as row 3.1 shows. Yet the males are not much different:

They gain slightly more mathematical proficiency with QR–A than do females, and lose slightly less

than females without it, but otherwise the estimate of 6.75 for the QR–A effect for males is only

slightly more than the corresponding female figure of 6.19. The bottom row shows that none of the

estimated gender differences are statistically significant. While this is due in part to the small (male)

samples, sample size is by no means the only, or even the main, reason that gender differences fail to

reach statistical significance. As the last row of Table 2.6 shows, the actual magnitudes of the gender

differences are themselves quite small, with none of them exceeding even one test score unit.

Table 2.7 summarizes and compares the estimated QR–A effects for fall and spring semester. All

of the differences across semesters are easily within sampling error; some may have been significant

with a larger sample, but here again the magnitudes of the differences are themselves small. The

overall estimate of the QR–A effect is 1 point larger in fall than in spring, but it would be a mistake
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to credit this to the benefits of fulfilling the requirement earlier in one’s college career rather than

later. After all, it’s not true for males, who did better in the spring. Moreover, such a conclusion

ignores the fact that selection into the study on the basis of QR–A course performance was somewhat

stronger in fall than in spring, suggesting that the fall estimates may be subject to more upward bias

from this source. To that subject we now turn.

2.2.4 How the QR–A requirement affects mathematical proficiency: corrected estimates

We have seen evidence that the decision by QR–A students who had been selected into the sample

to actually participate in the study was shaped by their performance in their QR–A course. In both

fall and spring semesters, there was a strong positive association between performance in QR–A

and the probability of participating in the study, given selection into the sample. If better QR–A

students also showed more improvement in their math proficiency scores than did poorer students, our

estimates of the average effect of QR–A will be biased upward. This question is addressed directly by

Table 2.8, which gives mathematical proficiency gain scores by QR–A course grade for each semester

along with the relevant test statistics. In fall semester there is a strong positive relationship between

QR–A course grade and gain scores, with students who received better grades also showing greater

improvement in mathematical proficiency between the start and end of the semester. Yet in spring

there is no relationship between performance in QR–A and improvement in math proficiency over

the course of freshman year. In fact, there appears to be a slight negative relationship, if anything.27

These findings imply that correcting for selection on QR–A performance will reduce the fall estimate

of the effect of QR–A, but have no effect or slightly increase the spring estimate.

The model I used for correcting the QR–A estimate conceptualizes the gain in mathematical

proficiency as having two components, one that is common to all students who enroll in QR–A, and a
27This lack of relationship holds for both large QR–A courses, Math 112 and 141, for which the F-statistics for the

relationship between grades and gains are 0.22 and 0.20 respectively.

21



second component that reflects a particular student’s QR–A performance. The model can be written

as:

(yi1 − yi0) = α + βDi + λXi + ui (9)

where Di is a variable coded 1 for QR–A students, 0 otherwise, and Xi is QR–A grade for QR–A

students, 0 otherwise. Given this coding, the expected over time gain in mathematical proficiency by

students who did not take QR–A is given by the intercept, i.e., α. The expected gain for the typical

QR–A student may be calculated as:

(α + β + λµ) (10)

where µ is the population average course grade in QR–A courses.28 The average effect of QR–A is

then the difference between these two parameters, namely, (β + λµ).

Table 2.9 gives for both fall and spring all the model parameter estimates together with the

corrected estimates of the QR–A effect. For fall, the correction adjusts the original estimate of the

gain in mathematical proficiency down by less than a half point, to 6.83 from 7.17. For spring, the

slight negative association between QR–A grade and the gain in mathematical proficiency increases

the estimate of the QR–A effect to 6.68 from 6.20. The final corrected estimates for both semesters

turn out to be very close to the uncorrected estimates, not to mention close to each other.29 This is

true as well for the gender-specific estimates. For males, the correction reduces the estimate to 4.73

from 4.93 in the fall, but increases the estimate to 6.98 from 6.75 in the spring. The same pattern is

observed for females: the corrected estimate is 7.23 as compared to the uncorrected estimate of 7.46

in the fall, but 7.34 compared to 6.95 in the spring.
28For the fall semester the mean grade was between a C and BC, so µ was set to 2.25; in the spring the average grade

was closer to BC, so I set µ to 2.5. In the fall, there was no gender difference in mean QR–A grade: males averaged
2.27 and females averaged 2.23.

29It is worth noting that taking account of the grade received by QR–A students improves the fit of our model of the
gain in mathematical proficiency in the fall, reducing the residual error to 2140 from 2527 (F = 20.43; p < .000). The
model fit in spring also improves somewhat, with the residual error dropping to 1832 from 1856, but this reduction is
not statistically significant (F = 1.18).
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2.3 Discussion

The findings of study 1 are a mixture of positive and null results. The most important positive

finding is that QR–A has a very large positive effect on mathematical proficiency. This effect is a

combination of two processes. First, students who satisfy the QR–A requirement experience large

gains over time in their level of mathematical proficiency. Second, students who do not satisfy the

QR–A requirement evince very little change over time in their level of mathematical proficiency. The

combination of these two dynamics yields the large positive QR–A effect.

The null findings turned up here are in some ways as important. First, there is little difference in

the improvement in mathematical proficiency achieved by males and by females who satisfy the QR-A

requirement. In this sense, the impact of the requirement is gender neutral, which some would count

as a good result. Second, fall-spring differences in the effect of QR–A are very small, so it appears not

to seriously matter whether the requirement is fulfilled immediately upon entry to UW, or fulfilled

later during spring semester. Hence, students who, because of their academic fields of study, are not

privileged for authorization into Math 112 during fall semester and must wait until spring to satisfy

QR–A, are not disadvantaged with respect to the improvement in mathematical proficiency that they

experience from a QR–A course.

3. Study II: How the QR–A Requirement Affects Student Self-Assessments of

Quantitative Reasoning Skills and Preparation for Future Courses

The second assessment study relied on a mail survey rather than laboratory testing for collecting

data on the outcome variables.30 The purpose of this second study was twofold. First, to deter-

mine if student self-assessments of the quantitative reasoning skills gained through their educational

experiences during their first semester at UW matched up to what was learned from the actual mea-
30The survey was conducted by the University of Wisconsin Survey Center under the direction of Shelley Bouliane.
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surement of mathematical proficiency in the first study. If an analysis of differences between QR–A

and non-QR–A students in self-reported gains in quantitative reasoning skills yields results that are

well corroborated by the measured differences found in study 1, it would buttress the argument for

the validity of self assessment, at least in this context. This in turn would justify future research that

relied more on self-report data collected through surveys, which are less expensive to mount than

laboratory tests and allow for the measurement of a broader range of assessment-relevant outcomes.

Another major purpose of this second study was to assess, if only indirectly, the extent to which

the QR–A requirement achieves one of its major aims, namely, to prepare students for those more

advanced courses that aim to enhance quantitative reasoning and that fulfill the QR–B requirement.

The results of the first study clearly indicate that students who fulfill the QR–A requirement improve

their mathematical proficiency, and in that sense would be expected to be better prepared for future

courses. This second study assesses the extent to which such improvement is reflected in the way

students evaluate their level of preparation for future courses that demand the various skills typically

marshalled under the quantitative reasoning rubric.

Finally, we hoped with this second study to fine tune the conclusions from study 1 by shedding

light on the limits of the QR–A effect. The results of study 1 pertained to mathematical proficiency

as measured by an algebra test. One goal of this study was to determine if the effect of satisfying the

QR–A requirement extends beyond mathematical proficiency to other less explicitly mathematical

aspects of the quantitative reasoning skill set.

3.1 Data and Methods

3.1.1 Research Design, Sampling, and Measurement

A pretest-posttest design of the type used in the first study is not possible in this second study

because data at two points in time, before and after QR–A, are not available on the student outcomes
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of interest. Student self-reports of the quantitative reasoning benefits of their UW courses and

their level of preparation for future courses were obtained only at “posttest,” in this case after the

completion of fall semester of freshman year. This design is not as strong as a pretest-posttest control

group design, but I will argue that the results of the first study allow us to plausibly eliminate the

key threats to inference that would typically accompany a posttest only, or cross sectional, study. I

will discuss this in greater detail below when I consider the modelling issues raised by this design.

The sampling design for this second study was fundamentally the same as the first study, except

now we focused only on the fall semester 2004-05 experience of freshmen students. Since the analytical

goals call for comparing non-exempt students who did and did not take a QR–A course in fall semester,

a stratified sampling design again was appropriate and efficient. To this end, the entire fall population

of 544 non-exempt freshmen was stratified into the two comparison groups and random samples of

roughly equal size were drawn from each stratum.

Table 3.1 gives the population stratum and sample sizes, as well as the numbers of respondents

from each stratum who actually participated in the study by returning a completed questionnaire.

The last row indicates that the overall response rate was about 84%, which is extremely high as

mail surveys go.31 No statistical test is necessary to see from the other two rows that there was no

difference in the response rates of the two strata: students who did and did not fulfill the QR–A

requirement were equally likely to respond to the survey.

The measurement of the outcome variables was done using separate sets of Likert-type items

to form scales of self-reported gains in quantitative reasoning skills and in preparation for future

courses.32 In order to encourage all students to reflect broadly upon their learning experiences during
31Thanks to John Stevenson of UWSC for talking us out of a web survey and convincing us of the advantages of a

mail survey with a pre-incentive and repeated call backs. The survey was implemented in spring semester 2004-05 over
the period from mid-February to late March. Within two weeks of fielding the survey, 150 completed instruments had
been returned; by the middle of March, 171 questionnaires, or 91% of all the responses, had been returned.

32A preliminary set of items intended to capture the various dimensions of quantitative reasoning was developed by
visiting web sites that addressed the content of the concept as defined at colleges and universities with general education
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their first semester at UW, the preamble to both sets of items read as follows:

Please think about all the courses that you took here at UW during the fall semester. This

includes the lectures, readings, and assignments, as well as studying with other students

and any other experiences you had as part of these courses.

The items used to measure the quantitative reasoning skills students learned from their course

work during fall semester were preceded by the following question:

How much did these courses and educational experiences help you learn to do each of the

following :

where the items themselves were:

• Recognize logically sound arguments

• Use quantitative information to evaluate an argument

• Understand the difference between correlation and causation

• Solve problems using arithmetic, algebra, or statistics

• Understand randomness, uncertainty and risk

• Use statistics to evaluate factual claims

• Understand charts and graphs showing quantitative information

• Express ideas using quantitative information

• Recognize when arguments use evidence well

• Know when it is valid to infer that one thing causes another

• Understand rates and percentages

• Understand how data can be used to test a hypothesis

• Use quantitative information to solve problems

• Solve problems using formal logic

requirements. This set of items was then revised in consultation with Professor Richard Brualdi of the Department of
Mathematics, who was instrumental in the development of the QR requirements and is in charge of approving new QR
course proposals in his capacity as the Quantitative Reasoning liaison for the campus.
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with response categories ranging from “not at all’, scored 1, to “a great deal”, scored 5.

The preparation scale was constructed from the following question and associated items:

Courses at UW require a variety of skills. We now want to know how prepared you feel

for courses that require different types of skills. How prepared are you for courses that...?

• Require strong logical reasoning skills

• Present a lot of quantitative information

• Use quantitative information to evaluate arguments

• Require critical thinking

• Use mathematical models and statistics to express ideas

Averaging over the sixteen quantitative reasoning items for each respondent yielded a scale (hereafter,

the “QR–scale”) with Cronbach’s alpha reliability equal to .90, which is excellent. The same procedure

applied to the five preparation items yielded a scale (hereafter, the “P–scale”) with a Cronbach’s alpha

equal to .83, also very good. For the time being it pays to assume that each scale is unidimensional

in the sense that the constituent items represent a single underlying concept. Later the scales will

be disaggregated to gauge the extent to which QR–A may have differential effects on the various

dimensions of quantitative reasoning.

3.1.2 Statistical Methods

The pretest-posttest control group design of study 1 meant that the analysis was able to exploit the

advantages of DID estimation for causal inference about the effects of QR–A. The DID estimator

adjusts the posttest scores on the outcome variable by subtracting pretest differences that might

otherwise confound inference. Most importantly, the DID estimator eliminates a powerful threat to

inference, namely, unobserved time invariant causes of the outcome variable that might be correlated

with the primary causal variable, QR–A status. In this study, by contrast, the outcome variables are
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observed only at time 2, after the completion of fall semester, but not at the beginning of fall, so DID

estimation is precluded. Nevertheless, the results of study 1, together with other data, suggest that

the threats to inference against which DID estimation protects are minimal, so that the estimator

used in this study may be nearly as strong as DID estimation. In that case, our inferences about the

effects of QR–A would be as valid in this study as they were in the earlier study.

Let’s consider from the perspective of DID estimation the basic statistic we will use to estimate

QR–A effects. To this end, write equation 8 as,

(y.1|d=1 − y.0|d=1)− (y.1|d=0 − y.0|d=0) = γ + (4e|d=1 − (4e|d=0) (11)

where now the outcome variable y stands for student self assessments of their gains in quantitative

reasoning skills and in their preparation for future courses. In this expression, the DID estimator

is on the left; on the right is the causal parameter of interest and a simplified term for changes in

time-varying idiosyncratic forces that affect the outcome variable, but are expected to average out

to zero. Now instead of writing the DID estimator as the between-group difference in the over time

change in the mean of the outcome variable, re-write it as:

(y.1|d=1 − y.1|d=0)− (y.0|d=1 − y.0|d=0) = γ + (4e|d=1 − (4e|d=0) (12)

where the first term on the left, the between-group difference in post-test means, is adjusted by the

corresponding pretest difference, the second term on the left. Unlike study 1, in which both terms on

the left were observable, in this second study the DID estimator cannot be constructed because only

posttest mean differences, not pretest mean differences, are available. In particular, the pretest data

needed for the construction of (y.0|d=1 − y.0|d=0) is missing, so that the difference observed after the

28



completion of fall semester, (y.1|d=1−y.1|d=0), cannot be adjusted as it would be with DID estimation.

Since the term for pretest differences in means is missing, bring it over to the right hand side with

the other unobservables:

(y.1|d=1 − y.1|d=0) = γ + (y.0|d=1 − y.0|d=0) + (4e|d=1 − (4e|d=0) (13)

Even if the last term for idiosyncratic effects is assumed to average out to zero, the simple posttest

difference in means on the left is, as an estimator of the causal effect γ, confounded by the unobserved

pretest difference in means. Yet the results of study 1 suggest that the missing term is very small and,

for that reason, largely inconsequential. Population pretest differences in mathematical proficiency,

viewed as a proxy for the missing pretest difference (y.0|d=1 − y.0|d=0), suggest that the post-test

estimator on the left, (y.1|d=1−y.1|d=0), is not likely to be biased. As the first line of Table 2.5 shows,

there is virtually no population difference in mathematical proficiency between QR–A and other

students. This is also true when time 1 mathematical proficiency scores are broken down by gender:

there is no sex difference at the start of freshman year.33 Finally, the survey sample to be used in

the following analysis itself shows no difference by QR–A status in mean mathematical proficiency at

the start of fall semester. Among survey respondents who satisfied the QR–A requirement, the mean

is 16.15; among those who did not, the mean is 15.71 (t = 1.18; p = .240). These results warrant the

conclusion that the unobservable quantity (y.0|d=1 − y.0|d=0) is probably so close to zero as to be of

little consequence. At the start of their freshman year, QR–A and non-QR–A students appear to have

been very similar in key respects bearing on their mean levels of the outcome variables that are the

focus of this second study, so that differences between the two groups observed after the completion
33Among QR–A students, the male and female mean mathematical proficiency scores are 15.96 and 15.75 (t =

.635; p = .525), respectively; among students not taking QR–A, the corresponding figures for males and females are
15.58 and 15.73 (t = .410; p = .682). Overall, the male and female mean scores are 15.82 and 15.74 (t = .334; p =, 738),
respectively.

29



of fall semester probably reflect their different educational experiences during their first months at

UW.

3.2 Analysis and Findings

3.2.1 Preliminary analysis: sample selection bias

Given the 84% response rate to the survey, sample selection bias is not likely to be a terribly serious

problem under any circumstances. Still, we wanted to determine if the sample of actual respondents

was ”random” and if there was any tendency, as found in study 1, for more successful QR–A students

to respond to the survey at a higher rate than their less successful counterparts. Such selectivity would

result in overstatements of the QR–A effect if students who achieve higher levels of performance

in their QR–A course tend to report greater gains in quantitative reasoning skills and in levels of

preparation.

Table 3.2 shows how gender, academic ability, and QR–A status affected the probability a student

responded to the survey. A test of the hypothesis that none of these factors affect the probability of

responding, that all the coefficients are simultaneously zero, yields a measly F = 0.64 (p-value=0.63),

so there’s no evidence for response bias in connection with these student characteristics. The indi-

vidual coefficients and their associated test statistics tell the same story. Nonetheless, it still may be

that academic ability or gender have a greater affect on one group than the other, so that some bias

may enter through that route. To test for this possibility, a set of interaction terms was added to

the equation. The F-statistic for the test of no interaction is 2.24 with a prob-value of .084, so there

is some very slight, but not statistically significant, evidence of a possible source of bias. A look at

the t-ratios on the individual interaction terms (not shown) indicates that the F-test reflects almost

completely a difference in the effect of verbal ability on response rates in the two groups: among

QR–A students, the more verbally astute are significantly more likely to respond to the survey, while
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there is no difference in response rates by verbal proficiency among non-QR–A students. Among

QR–A students, each 100 point increase in the UW English Placement Test score is associated with

a 12% increase in the probability of responding to the survey (t = 2.60; p = .011). Later we shall

see that this effect actually acts to bias the estimates of the QR-A effect downward because students

who did well on the English test report smaller gains in quantitative reasoning and in preparation

for future courses.

As in the first study, the most serious potential source of bias would be among QR–A students

and would occur through differential participation rates that are driven by academic performance

during the semester. In particular, if the propensity of QR–A students to respond to the survey was

positively affected by their QR–A grade, and if their survey responses were shaped by and positively

associated with their QR–A grade, then our estimate of the effect of QR–A on self-assessed gains in

quantitative reasoning skills and preparation would likely be upwardly biased. Instead of estimating

the effect of QR–A on the quantitative reasoning skills and preparation of the ”average” student,

we would be estimating it for the better students, and hence overstating the typical improvement

brought about by satisfying the QR–A requirement.

The regression results in Table 3.3 show that this source of bias was operative and yielded higher

rates of participation by students who had better QR–A grades and more verbal ability. Table 3.3

gives the coefficient for the effect of QR–A grade point on the probability that a QR–A student in the

sample actually responded to the survey. Each 1 unit increase in grade point is associated with a 7

percentage point increase in the rate of response to the survey. Whether these patterns actually bias

our estimate of the effects of QR–A depends on whether self-reported gains in quantitative reasoning

skills and preparation are linked to students’ verbal ability and QR–A grade. It is possible that all

students in QR–A courses are equally advantaged because the measurement scales for the outcome

variables are not sensitive to variation in QR–A course performance or in verbal ability. This issue
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will be addressed after first establishing a set of baseline estimates of the effects of QR–A.

3.2.2 How the QR–A requirement affects self-assessed gains in quantitative reasoning skills and in

preparation: uncorrected estimates

Table 3.4 gives the uncorrected estimates of the effect of QR–A on self-reports of the gains in

quantitative reasoning skills achieved through educational experiences during first semester of fresh-

man year. The first row shows that students who took QR–A gave a significantly higher assessment

of their improvement in quantitative reasoning than did other students. The overall difference in

means on the QR-scale favors QR–A students by .47, a statistically significant margin that is greater

than chance expectation by a factor of more than 4. Rows 3 and 4 of the table show that a statisti-

cally significant difference favoring QR–A students holds for females (diff = .38; t = 2.91) and males

(diff = .57; t = 2.48) alike. Note that the magnitude of the effect of QR–A on self-assessed gains is

greater for males than females by a decent margin, .19, although this difference is statistically weak

(t=0. 72) because there is a great deal of random error due to the very few QR–A males (n=14) in

the sample. A global test for gender differences in the mean and in the effect of QR–A yielded an

F=1.65 p=.196, so there is little evidence for a major difference between male and female students.

Table 3.5 presents estimates for the effects of QR–A on student self-reports of preparation for

future courses requiring quantitative reasoning skills. Here again students who fulfilled the QR–A

requirement in the fall semester appear to enjoy an advantage. As row 1 shows, the mean P–scale score

for QR–A students exceeds that for other students by .39, a margin that is statistically significant

(t=3.07) though weaker than previously observed for the QR–scale. The next two rows shows that

the QR–A advantage occurred among female and male students alike, though here the gains due

to QR–A are greater for females than males. (This is true even though for both types of students,

QR–A and others, males report higher preparation scores than do females.) The male figure of .21
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is statistically weak, again because of the small sample size. Note that although the male estimate is

not statistically significantly different than zero, it is not statistically significantly different than the

female estimate of .31, either. This is one of the symptoms of high levels of random error: estimates

that are consistent with wildly contradictory inferences.

Although the QR–scale failed to detect any differences whatsoever between the self-reported quan-

titative reasoning gains of male and female students, this is not what we find with respect to self-

reports of preparation for future courses. To be sure, there is not much difference by gender in how

self-reported preparation responds to the QR–A course experience. However, there is a large gender

difference in the level of preparation students claim, regardless of QR–A status. As the bottom row

of the first two panels of table 3.5 shows, males report higher levels of preparation for quantitative

reasoning courses than do females, a conclusion that holds for QR–A and other students alike.

3.2.3 How the QR–A requirement affects self-assessed gains in quantitative reasoning skills and in

preparation: corrected estimates

We have seen that participation in the survey among QR–A students was systematically and

positively related to verbal ability and performance in their QR–A course. The question is, did

students with more verbal ability and better QR–A grades actually tend to report greater gains in

quantitative reasoning skills and in levels of preparation? If the QR–scale and P–scale means for such

students are higher than for other QR–A students, then the previous estimates of the average effect

of QR–A will be upwardly biased.

Table 3.6 gives the results of a regression of the QR–scale and P–scale on the grade students

achieved in their QR–A course and on the score they posted on the UW English Placement Test. The

findings are decisive: There is absolutely no trace of evidence of a selection-induced bias in our previous

estimates of the effect of QR–A on either outcome variable. Even though students who did better in
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QR–A and evinced higher levels of verbal proficiency were more likely to respond to the survey, neither

factor contributed anything to self-reported gains during first semester in quantitative reasoning skills

or preparation for future courses. For both outcome variables, the estimated coefficients are much

smaller than their standard errors, and the F-statistic for the equations, given in the lower panel of

the table, decisively indicate that these factors are not at all helpful in predicting gains in quantitative

reasoning skills or preparation. These findings imply that correcting the earlier estimates of the QR–A

effect would be of little use. Hence, the uncorrected estimates appear to be valid as reported.

3.2.4 Dimensions of quantitative reasoning and preparation: The limits of QR–A effects

To this point the analysis of QR–A effects has been carried out exclusively in terms of two summative

self-report scales, one consisting of fourteen items that measure first semester gains in quantitative

reasoning skills, and a second consisting of five items that measure preparation for future courses

that use quantitative reasoning skills. We have assumed implicitly that ”quantitative reasoning skill”

is a unidimensional construct: factors that cause one aspect of the underlying phenomenon tapped

by the construct not only have the same direction of effect, but the same magnitude of effect, on

all aspects of the underlying phenomenon. Yet this assumption clashes on its face with what is

known about the quantitative reasoning phenomenon itself, and what is known about the content

of quantitative reasoning courses. With regard to the phenomenon, the scale items themselves are

quite heterogeneous, with some referring to more purely mathematical concepts and operations, and

others referring to aspects of reasoning that pertain to logic, argument, and causation. Similarly,

courses vary with respect to their quantitative reasoning content: Mathematics 112, which enrolls

almost 98% of the QR–A students in the fall, is largely focused on mathematical problem-solving and

operations, while a QR–A course like Philosopy 210 explicitly addresses issues of logic, argument, and

causation. The analysis that follows looks more closely at the effects of QR–A on these ostensibly
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different dimensions of quantitative reasoning skill. To this end, I disaggregate the QR–scale and

P–scale into their individual items and compare QR–A students to other students on each item in

turn.

Table 3.7 gives the results of comparisons conducted with respect to each of the fourteen items

comprising the QR-scale.34 The first two columns of figures give the mean responses of the two

groups; the third column gives the gross unadjusted difference in means, which is one estimate of

the effect of QR–A. The remaining columns give results obtained by adjusting the estimate of the

effect of QR–A for group differences in gender as well as in verbal and mathematical proficiency as

measured by placement tests. Only the coefficient of gender is displayed because those for the verbal

and mathematical proficiency measures were typically small and statistically nonsignificant.35 The

rows of the table are classified and arrayed in descending order of the magnitude of the adjusted

estimate of the effect of QR–A given in the fourth column of figures.

These results reveal clearly that the effect of fulfilling the QR–A requirement on quantitative

reasoning is not of a piece. On the contrary, some skills that are conventionally marshaled under the

rubric of quantitative reasoning register very strong effects of QR–A, while other dimensions register

no statistically detectable effect or even slightly negative effects. The first two panels of Table 3.7

include six items that register rather strong affects; there is little doubt that these adjusted estimates

probably reflect differences due to QR–A, not differences due to selection into QR–A based on gender

or ability. All six of these items tap skills that plausibly would result from systematic exposure to

the curriculum of the typical QR–A course taken by first semester freshmen (i.e., Math 112). The
34For continuity and comparability with the previous analysis, I focus on comparing the mean scores of QR–A students

with the mean scores of other students. Yet because the individual items are measured on an ordinal scale, these types
of dependent variables would be more properly analyzed within an ordered logit framework. Does the mode of analysis
make a difference in this case? As frequently happens, ordered logit models that correspond to the simple regressions
fitted here yield results that are very similar both qualitatively and quantitatively to those reported below.

35Item-by-item tests for interaction turned up no cases of a statistically significant difference in the effect of QR–A for
males compared to females. Only four of the 16 interaction terms even had a t-ratio exceeding one; all of these indicated
somewhat weaker effects of QR–A for females than for males. Indeed, 12 of the interaction coefficients indicated QR-A
effects that were larger in magnitude for males than for females.
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statistical evidence for a QR–A effect is not as strong, but by no means trivial, with respect to the

two items that I have classified as ”weak”. Since the typical QR–A course involves ”problem-solving”

with ”quantitative information”, this evidence surely buttresses the statistically stronger evidence

for a QR-A effect as reflected in the first six items. These eight items together largely exhaust the

aspects of quantitative reasoning for which there is strong statistical evidence of a positive QR–A

effect. In contrast, the remaining six items, which reflect the acquisition of skills with respect to

causal inference, the assessment of arguments, and the application of probabilistic concepts, provide

no evidence of a systematic difference between QR–A students and observationally comparable other

students.

It would be a mistake to conclude that, absent a telling and systematic difference between groups,

these latter six dimensions of the QR–scale are not capturing a major or critical aspect of the freshman

learning experience. On the contrary, these mean scores show that in evaluating what they learned as a

result of their courses and other educational experiences during their first semester at UW, freshmen

emphasize the skills they acquired in evaluating arguments and in making valid causal inferences.

Among students who did not take QR–A, the three highest rated items are those, listed at the bottom

of Table 3.7, that tap skill at evaluating arguments and knowledge of causal inference. Similarly,

among students who did satisfy the QR–A requirement, two of the three highest rated items are those

at the bottom of Table 3.7 that pertain to recognizing sound arguments and valid causal inference.

These findings are at once revealing and reassuring. They reveal that the ability to evaluate the

soundness of arguments and to recognize valid causal inference are not skills unique to quantitative

reasoning so much as they are part and parcel of reasoning itself, plain and simple. It is reassuring

that, regardless of their QR–A status, this special population of freshmen students rate advances in

their ability to reason as among the most important aspects of their learning experience during their

first semester at UW.
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These patterns found for the items comprising the QR–scale surface again when the P–scale is

disaggregated into its five individual components. The first two rows of Table 3.8 show that QR–A

students express much higher levels of preparation than do other students when it comes to future

courses that “use quantitative models to express ideas” and “use quantitative information to evaluate

arguments.” This strong finding suggests that these two items largely drive the results found earlier

using the full P–scale itself, although the items in rows 3 and 4 also contribute, if not as much.

Yet the evidence in the bottom row suggests that the item on ”critical thinking” actually worked

against finding, based on the P-scale, that QR–A students were better prepared for courses that

required quantitative reasoning skills. The adjusted estimate of the QR–A effect on critical thinking

is actually negative and, at a magnitude 1.5 times error, statistically strong enough to suggest that

QR–A students may be at a modest disadvantage when it come to acquiring skill in or perhaps

engaging in ”critical thinking” during their first semester at UW. As it happens, this negative effect

of QR–A on critical thinking is entirely a female phenomenon. Among males, the point estimate of

the QR–A coefficient is .360 (t = 0.95), but among females it is -.462 (t=2.30).36 Hence, females

who take QR–A report lower levels of preparation for courses that require “critical thinking” than do

comparable other females who did not fulfill the QR–A requirement.

Yet here again, it would be a mistake to emphasize too much the differences between QR–A

students and others. As we saw for the items tapping quantitative reasoning skills, the similarity

between the two groups may be just as revealing and reassuring. In this case, the preparation items

indicate that both groups of students, those who did and did not take QR–A, credit their educational

experiences as freshmen with contributing most to their “plain” reasoning skills. Hence, as the first

two columns of Table 3.8 show, for QR–A and other students alike, the dimensions of preparation
36The difference of .82 (t = 2.04) is statistically significant. “Critical reasoning” is the only item to show a statistically

significant interaction between gender and QR–A. Indeed, the four other P–scale items suggest that females benefit more
than do males from QR–A, although the differences do not reach statistical significance.
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receiving the highest mean scores are those pertaining to “logical reasoning” and “critical thinking.”

Another pattern that surfaces in Table 3.8, but has little to do with QR–A, and is not at all reas-

suring, has to do with gender differences. The column labelled “female” gives the gender differences

in mean response to the preparation items, controlling for QR–A status and academic ability. Every

difference in the column is negative and statistically powerful, and all point in the same direction:

after the completion of first semester, female freshman feel less prepared than do their male counter-

parts for future courses that require the use of quantitative reasoning skills. The interesting aspect

of this finding is that it does not square with what we learned in the first study, which showed that

at the beginning, the middle, and end of first year, females and males who are QR–A deficient upon

entering UW are very similar in their performance on objective tests of mathematical proficiency.

Recall that we also found virtually no difference in the grades achievd by males and females in their

QR–A courses. In light of these facts, which would suggest that males and females are equally well

prepared for future courses, the significant male-female difference in P–scale means may be reflect

a systematic gender bias in evaluating one’s own skills, in estimating the skill demands of future

courses, or in both.

3.3 Discussion

The findings of study 2, though based exclusively on student self-reports rather than on laboratory

testing, nicely corroborate the conclusions of study 1 even as they identify the limits of the QR–A

effect. Compared to those who delayed enrolling in a QR–A course, students who satisfied the QR–A

requirement during fall semester of freshman year report greater improvement in their quantitative

reasoning skills as a result of their UW educational experiences, and report higher levels of preparation

for future courses that demand such skills. Both effects are reasonably strong and largely gender

neutral.
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Yet QR–A effects, study 2 reveals, do not reach all aspects of quantitative reasoning broadly

understood. On the contrary, the data clearly suggest that the quantitative reasoning skills that

are improved by satisfying the QR–A requirement are largely those involving the application of

mathematical operations and concepts to problem-solving, and those involving the use of quantitative

information to express ideas. Such skills are probably the core of what is conventionally meant by

”quantitative reasoning,” so this is an important result. Nevertheless, other nontrivial and well-

recognized dimensions of quantitative reasoning, including those pertaining to the principles of causal

inference, the logic of argument, and the application of probabilistic concepts, are largely untouched

by QR–A effects. Identifying these limits actually buttresses our confidence in the validity of all the

findings, since satisfying QR–A during fall semester is virtually synonymous with taking Mathematics

112, a course whose content is largely confined to mathematical problem-solving and the proper use

of quantitative information. A different pattern of results might have surfaced if the assessment had

been undertaken during a semester when more students satisfied QR–A by taking Philosophy 210, a

course that does address the broader, non-mathematical dimensions quantitative reasoning.

4. Conclusions

The assessment studies reported here testify to the effectiveness of the QR–A requirement as an in-

strument for achieving general education objectives. These studies leave no doubt that the growth in

quantitative reasoning skills that students experience as a result of satisfying the QR–A requirement

is substantial, occurs in roughly equal measure for males and females, and occurs in fall and spring

semesters of freshman year. There is one result from study 1 that is easy to overlook, but very impor-

tant nevertheless: improvements in quantitative reasoning, at least for this special target population,

do not occur during freshman year unless students satisfy the QR–A requirement. For the most part,

students who do not satisfy the requirement, do not improve their quantitative reasoning skills. In
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the absence of the QR–A requirement, the desired growth in quantitative reasoning would not occur

for these students, which suggests these students would not otherwise be prepared for more advanced

QR–B courses.

These conclusions from study 1 are supported by study 2, but the latter assessment does something

more by clearly demarcating the scope of the findings of study 1: they pertain almost exclusively

to the “hard,” explicitly mathematical dimensions of quantitative reasoning. Judging from student

self-assessments, the “soft” dimensions of quantitative reasoning, namely, those having to do with

logic, argument, causality, and probability, are not affected by the QR–A requirement, at least not

when it is satisfied by Mathematics 112.

Even though the QR–A requirement may not yield dividends with respect to the softer dimensions

of quantitative reasoning, it would be wrong to conclude that these soft dimensions are unaffected by

the educational experiences of freshman year. One important finding of study 2 is that all students,

regardless of QR–A status, rate advances in these softer skills, such as evaluating logical arguments

and understanding causal inference, as among the most significant learning outcomes of their first

semester at UW. While it might accurately be said that this special subpopulation of freshmen

would not acquire the hard mathematical core of quantitative reasoning in the absence of the QR–A

requirement, the same cannot be said for these other aspects of reasoning, which appear to be part

and parcel of a UW education.
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Table 2.1  Populations, Samples, and Respondents, by Stratum, for Fall and Spring Studies of the Effect of QR--A on 
Mathematical Proficiency.

QR--A Stratum Non-QR--A Stratum

Semester
Population

Size

Selected
Sample

Size

Respondent
Sample 

      Size        

 
Response    
  Rate

Population
Size

   Selected     
    Sample
       Size
        

  
Respondent

Sample
Size

Response 
Rate

Fall 278
 

100 61 61.0% 266 100 55 55.0%

Spring 110 97 44 45.4% 175 100 45 45.0%



Table 2. 2 Among the population of QR--A deficient and eligible students, who enrolls in a QR--A course? A Regression of QR--A
Status   (yes=1; no=0)  on Gender and Measures of Academic Ability, Fall  and Spring Semesters 2004-05.   

Characteristic B
 
   t-ratio p-value comments

Fall Semester (N=539)

Female -.166 3.71 .000
Females were about 17%  less likely than males to enroll in a QR--A

course in fall semester; statistically significant.

UW English Placement
Test score 

-.176 6.83 .000
Verbal proficiency has a very large, statistically signifcant net negative
association with the probability a student enrolls  in a QR--A course.

UW Math Placement Test
score .012 1.58 .114

Mathematical proficiency has a small net positive association with the
probability a student enrolls in QR--A course; not significant.

F statistic* 22.08 .000
Very strong evidence for the power of gender and test scores to predict

QR--A status in the fall semester.

Spring Semester (N=284)

Female .160 2.31 .022
Females were about 16% more likely than eligible males to enroll in a QR

A course.

UW English Placement
Test score

-.084 2.27 .024
Verbal proficiency has a large net negative association with the

probability a student enrolls  in QR A course.

UW Math Placement Test
score

.006 0.52 .606

Mathematical proficiency is not related to enrollment in QR--A course.

F statistic 3.22 .023
Gender and test scores do predict QR--A status in the spring, but not as

well as they do in the fall.

Notes: The UW English placement test score is measured in units of 100 point.  The UW Math Placement Test score is the composite score on the just the

intermediate and college algebra part of the exam that we used to measure mathematical proficiency.  Both measures were obtained before entry to UW-

Madison.

*The F-statistics are for the hypothesis that all coefficients are simultaneously zero, which would mean that gender and test scores do not successfully predict

QR-A status.   Large F-statistics reject the null hypothesis.



Table 2.3  Of the Students Selected for the Sample, Who Participated in the Study by Testing a Second Time?  A Regression of  Test
Status (yes=1; no=0) on Gender, Placement Test Scores, and QR--A Status, Fall and Spring Semesters 2004-05.

Characteristic B
 
   t-ratio p-value comment

Fall Semester (n=197)

Female -.038 0.46 .646 Females were about 4% points less likely to show up for retesting; not
statistically significant.

UW English Placement Test
score

.020 0.46 .647 Verbal proficiency is not related to the probability a student showed up
for retesting.

UW Math Placement Test
score

-.002 0.12 .902 Mathematical proficiency is not related to the probability of showing up
for retesting.

QR--A course (yes=1) .062 0.83 .406 QR--A students were 6% points more likely to show up for retesting; not 
statistically significant.

F statistic 0.87 0.31 Gender, test scores, and QR--A status do not predict whether a student
shows up for retesting.

Spring Semester (n=196)

Female .186 2.28 .024 Females were about 18.6%  points more likely to show up for retesting;
statistically significant.

UW English Placement Test
score

.138 3.11 .002 Verbal proficiency is positively related to the probability a student
showed up for retesting; statistically significant.

UW Math Placement Test
score

.018 1.40 .163 Mathematical proficiency is weakly related to the probability of showing
up for retesting; not statistically significant..

QR--A course (yes=1) .020 0.29 .773 QR--A status is not related to the probability of showing up for retesting.

F statistic 4.96 .001
Gender, tests scores, and QR--A status do predict test status; statistically

significant.

Notes: The UW English placement test score is measured in units of 100 point.  The UW Math Placement Test score is the composite score on the just the

intermediate and college algebra part of the exam that we used to measure mathematical proficiency. Both measures were obtained before entry to UW-Madison.

*The F-statistics are for the hypothesis that all coefficients are simultaneously zero, which would mean that gender and test scores do not successfully predict

QR-A status.   Large F-statistics reject the null hypothesis.



Table 2.4  Estimated Effect of Performance in QR--A Course on the Probability that a Student Selected for the Sample
Actually Participated in the Study, by Semester, 2004-05.

Semester  B t-ratio p-value

Fall (n=100) .131 3.94 .000

Spring (n=82) .116 1.92 .058



Table 2.5  What Effect Does QR-A Have on Mathematical Proficiency? Mean Test Scores and Gain Differences by QR--A, Overall and by
Gender, Fall 2004-05.

QR--A Students non-QR--A Students

Mean score
(a) t-ratio p-value

Mean score
(b) t-ratio p-value

Difference
(a-b)

t-ratio p-value

Population time 1 15.83 --- --- 15.70 --- --- .13 0.58* .564

Sample time 1 16.40 --- --- 15.48 --- --- .92 2.46 .015

Tested Respondents

(1) QR Test 1 (before)
16.51

--- ---
15.33 --- --- 1.18 2.30 .023

(2) QR Test 2 (after) 24.25 --- --- 15.89 --- --- 8.36 9.62 .000

(3) Gain (Test 2-Test 1) 7.74
(n=61)

10.75 .000 0.56
(n=55)

1.22 0.226 7.18
(n=116)

8.19 .000

  (3.1) Females 7.53
(n=36)

8.21 .000 0.07
(n=46)

0.14 0.892 7.46
(n=82)

7.66 .000

  (3.2) Males 8.04
(n=25)

6.82 .000 3.11
(n=9)

2.83 0.022 4.93
(n=34)

2.36 .023

          Difference               
        (3.2-3.1)

0.51 0.35 .730 3.04 2.57 0.013 -2.53 1.21 .229

*Strictly speaking,  a t-ratio for a population parameter does not make statistical sense. However, if this year’s population is viewed as a “sample” of the

unobserved populations of the recent past and the near future, then  a t-ratio may be logically justified.



Table 2.6 What Effect Does QR-A Have on Mathematical Proficiency? Mean Test Scores and Gain Differences by QR--A, Overall and by
Gender, Spring 2004-05

QR--A Students non-QR--A Students

Mean scores
(a) t-ratio p-value

Mean scores
(b) t-ratio p-value

Difference
(a-b)

t-ratio p-value

Population 15.59 15.57 .01 0.06* .955

Sample 15.56 15.82 -.253 0.67 .503

Tested Respondents

(1) QR Test 1 (before) 15.89 --- --- 16.29 --- --- -.40 0.69 .493

(2) QR Test 2 (after) 20.82 --- --- 15.02 --- --- 5.80 6.09 .000

(3) Gain (Test 2-Test 1) 4.93
(n=44)

6.26 .000 -1.27
(n=45)

2.16 .036 6.20
(n=89)

6.33 .000

  (3.1) Females 4.85
(n=40)

5.89 .000 -1.34
(n=35)

2.01 .053 6.19
(n=75)

5.73 .000

  (3.2) Males 5.75
(n=4)

1.86 .160 -1.0
(n=10)

0.78 .456 6.75
(n=14)

2.44 .031

          Difference               
        (3.2-3.1) 0.90 0.32 .747 0.34 0.24 .811 0.56 .180 .856

**Strictly speaking, a t-ratio for a population parameter does not make statistical sense. However, if this year’s population is viewed as a “sample” of the

unobserved populations of the recent past and the near future, then  a t-ratio may be logically justified.  



Table 2.7 Uncorrected Estimates of the Effects of QR--A on Mathematical Proficiency, by Gender  and
Semester, 2004-05.

Gender Fall
(a)

Spring
(b)

Difference
(a)-(b)

t-ratio p-value

Female 7.46
(.974)

6.19
(1.08)

1.27
(1.45)

0.87 .384

Male 4.93
(2.08)

6.75
(2.77)

-1.82
(3.46)

0.53 .600

Total 7.17
 (.876)

6.20
(.979)

.97
(1.31)

0.73 .460

                  Note: Standard errors appear in parentheses below the estimates..  



Table 2.8  Mean Math Proficiency Gain Scores by Grade in QR--A Course, by Semester, 2004-05.

Grade Fall Spring

A 13.63 (8) 4.43 (7)

AB 13.40 (5) 5.11 (9)

B 5.78 (9) 3.86 (14)

BC 1.8 (5) 1.5 (2)

C 8.13 (24) 7.1 (10)

D 5 (6) 6 (2)

F/Drop 2.5 (4) ---

F-statistic 6.65 0.64

p-value .000 .672

   
                 Note: Sample sizes appear in parentheses



Table 2.9  Corrected Estimates of the Effect of QR A on Mathematical Proficiency, by Semester, 2004-05.

Fall (n=116) Spring (n=89)

Parameter estimate t-ratio p-value estimate t-ratio p-value

Constant .563
(0.59)

0.96 0.339 -1.27
(0.69)

1.84 .069

Common
component

1.59
(1.48)

1.08 0.283 8.88
(2.75)

3.23 .002

QR A gpa
component

2.38
(0.53)

4.52 .000 -.919
(0.89)

1.04 .300

Corrected
estimates

    6.83   
(.81)

8.43 .000 6.68
(1.05)

6.36 .000

Note: Standard errors appear in parentheses below the estimates. 



Table 3.1  Populations, Samples, and Respondents, by Stratum, for Study II of the Effect of QR--A on Self-
reported Quantitative Reasoning Skills and Preparation for Future Courses, Spring 2004-05

Population
Size

Selected
Sample

Size

Respondent
Sample

             Size Response Rate

QR--A stratum 278 110 93 84.5%

Non-QR--A stratum 266 115 95
82.6%

Total 544 225 188 83.6



Table 3.2 Among Students Who were Selected for the Sample, Who Participated in the Study by Returning a Questionnaire?  A
Regression of  Participation Status (yes=1; no=0) on Gender, Placement Test Scores, and QR--A Status, Spring 2004-05 (n=225).

Characteristic B
 
  t-ratio p-value comment

Female   .071 1.17   0.241
Females were 7% more likely to respond to the survey; not statistically

significant. 

UW English Placement
Test score 

.039 1.12 0.264
Verbal proficiency is not related to the probability a student responded

to the survey. 

UW Math Placement Test
score 

.002 0.20 0.839
Mathematical proficiency  is not related to the probability a student

responded to the survey

QR--A course (yes=1)
.038 0.67 0.505

Students who enrolled in a QR--A course were 4% points more likely
to respond to the survey; not statistically significant.

F-statistic* 0.64 0.63
Gender, performance on placement exams, and QR–A status do not

predict which students  returned the survey questionnaire.

Notes: The UW English placement test score is measured in units of 100 point.  The UW Math Placement Test score is the composite score on the just

the intermediate and college algebra part of the exam that we used to measure mathematical proficiency.  Both measures were obtained before entry to

UW-Madison.

*The F-statistic is for the hypothesis that all coefficients are simultaneously zero, which would mean that gender and test scores do not successfully

predict QR-A status.   Large F-statistics reject the null hypothesis.

Table 3.3.  The Estimated Effect of Verbal Ability and  QR--A Course Grade on Rates of  Survey Response by
QR--A Students, Spring 2004-05

Variable  B t-ratio p-value

UW English Placement
Test score*

.112 2.36 0.020

QR--A course grade
.073 2.01 .047

*The UW English Placement Test score is measured in units of 100 point. 



Table 3.4 What Effect Does QR--A Have on Self-Assessed Gains in Quantitative Reasoning Skills?  Mean Scores and Gain Differences by
QR--A, Overall and by Gender, Spring 2004-05.

QR--A students non-QR--A students

Mean scores
(a) t-ratio p-value

Mean scores
(b) t-ratio p-value

Difference
(a-b) t-ratio p-value

Overall 3.48
(n=93) --- ---

3.01
(n=95) --- ---

.47 4.27 .000

   (1) Females 3.38
(n=59)

--- ---
3.00

(n=81)
--- ---

.38 2.91 .004

   (2) Males 3.66
(n=34)

--- ---
3.09

(n=14)
--- ---

.57 2.48 .017

    Sex Difference   
      (2)-(1)           .28 2.02 .046 .09 0.38 .708 .19 0.72 .473

Note: A simultaneous F-test of sex differences in intercept and slope of the regression of the QR--scale on QR–A status yields F(2, 184) =  1.65, 
          p-value>0.196.  



Table 3.5 What Effect Does QR--A Have on Self-Assessed Preparation for Future Courses?  Mean Scores and Gain Differences by QR--A,
Overall and by Gender, Spring 2004-05.

QR--A students non-QR--A students

Mean scores
(a) t-ratio p-value

Mean scores
(b) t-ratio p-value

Difference
(a-b) t-ratio p-value

Overall
3.80

(n=92)
--- ---

3.41
(n=94)

--- --- .39 3.07 .002

   (1) Females
3.64

(n=59)
--- ---

3.33
(n=80)

--- --- .31 2.15 .033

   (2) Males
4.08

(n=33)
--- --- 3.87

(n=14)
--- --- .21 0.78 .439

    Sex Difference 
        (2)-(1)          .44 2.50 .014 .54 2.16 .033 -.10 0.32 .748

Note: A simultaneous F-test of sex differences in intercept and slope of the regression of P--scale on QR–A status yields F(2, 184) = 5.42, p-
value<.005.



Table 3.6 Is Selection Bias a Problem?  Regression of Quantitative Reasoning and Preparation Scales on QR--A Course Grade
and UW English Placement Test Score for QR--A Students, Spring 2004-05.

QR Skills Scale Preparedness Scale

Parameter estimate t-ratio p-value estimate t-ratio p-value

Constant 3.75 7.52 .000 4.17 6..53 .000

QR–A Grade -.036 0.47 .637 -.052 0.53 .597

UW English
Placement Test*

-.037 -.039 .697 -.050 0.42 .678

F-statistic for
equation 0.21 0.25

p-value .813 .782

n 93 92

*UW English Placement Test scores are measured in units of 100 test points.



Table 3.7.  Unadjusted and Adjusted Estimates of Effect of QR--A on Quantitative Reasoning Items, Spring 2004-05.

Regression Model* 

Items QR--A
(1)

 non-QR--A
(2)

Diff
(1)-(2)

QR--A
adjusted Female F p-value

Strong

Solve problems using arithmetic, algebra, or
statistics

4.11 2.01 2.10
(13.59)

2.01
(12.04)

-.198
(1.08)

46.83 .000

Use quantitative information to solve
problems

3.55 2.66 .895
(5.69)

.888
(5.19)

.058
(0.31)

8.10 .000

Express ideas using quantitative information 3.58 2.77 .812
(4.73)

.752
(4.04)

-.262
(1.28)

5.98 .0

Moderate

Understand charts and graphs showing
quantitative information

3.57 2.99 .581
(3.19)

.520
(2.64)

-.214
(0.99)

2.96 .021

Understand rates and percentages 3.28 2.68 .605
(3.30)

.462
(2.36)

-.304
(1.41)

4.43 .002

Understand how data can be used to test a
hypothesis

3.51 3.05 .458
(2.54)

.422
(2.16)

-.017
(0.08)

1.96 .103

Weak

Solve problems using formal logic 3.49 3.07 .415
(2.48)

.288
(1.60)

-.395
(1.99)

2.71 .032

Use quantitative information to evaluate
argument

.321
(2.24)

.237
(1.53)

-.283
(1.66)

2.09 .084



Table 3.7.  Unadjusted and Adjusted Estimates of Effect of QR--A on Quantitative Reasoning Items, Spring 2004-05.
(Continued)

Regression Model* 

Items QR--A
(1)

 non-QR--A
(2)

Diff
(1)-(2)

QR--A
adjusted Female F p-value

No relationship 

Use statistics to evaluate factual claims 2.94 2.63 .308
(1.71)

.136
(0.70)

-.483
(2.25)

2.39 .052

Understand causation vs correlation 3.15 3.01 .140
(0.75)

.100
(0.49)

-.005
(0.02)

0.31 .868

Understand randomness, uncertainty and risk 2.94 2.75 .188
(1.09)

-.022
(0.12)

-.277
(1.37)

2.76 .029

Very weak negative

Recognize sound logical arguments 3.57 3.64 -.072 
(0.57)

-.104
(0.76) 

-.338
(2.24)

1.81 .129

Know when it is valid to infer that one thing
causes another

3.60 3.66 -.062
(0.40)

-.154
(0.93)

.017
(0.09)

1.08 .370

Recognize when arguments use evidence well 3.85 3.99 -.142
(0.95)

-.220
(1.36)

-.231
(1.30)

0.82 .513

*The regression model included as independent variables, in addition to terms for QR--A and gender, the UW English and Mathematics Placement Test

scores.  As explained in the text, the coefficients of the test scores were rarely statistically significant. The F-statistic and p-value are for the test of hypothesis

that all four coefficients (i.e., QR–A status, gender, and two placement test scores) are zero.



Table 3.8.  Unadjusted and Adjusted Estimates of Effect of QR--A on Individual Preparation Items, Spring 2004-05.

Regression Model* 

Items QR--A
(1)

 non-QR--A
(2)

Diff
(1)-(2)

QR--A
adjusted Female F p-value

Strong positive 

Use mathematical models and statistics to
express ideas

3.58 2.61 .970
(5.47)

.710
(3.82)

.469
(2.28)

11.35 .000

Use quantitative information to evaluate
arguments

3.75 3.21 .537
(3.45)

.384
(2.32)

-.508
(2.78)

5.28 .000

Weak positive

Present a lot of quantitative information 3.65 3.22 .429
(2.74)

.255
(1.53)

-.411
(2.23)

3.95 .004

Require strong logical reasoning skills 3.92 3.67 .254
(1.54)

.180
(1.03)

-.515
(2.67)

2.74 .030

Weak negative

Require critical thinking 4.09 4.32 -.232
(1.38)

-.275
(1.55)

-.592
(3.01)

3.60 .008

*The regression model included as independent variables, in addition to terms for QR--A and gender, the UW English and Mathematics Placement Test

scores.  As explained in the text, the coefficients of the test scores were rarely statistically significant.  The F-statistic and p-value are for the test of

hypothesis that all four coefficients (i.e., QR–A status, gender, and two placement test scores) are zero.
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