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SURF projects in time
Webspijkeren I: dec 2004 – dec 2006

Webspijkeren II: sept 2006 – sept 2008

Both projects directed at improving 
transfer, lowering dropout, remedial-
education mathematics, investigation 
instructional scenario’s

NKBW I: sept 2008 – sept 2009

NKBW II: sept 2009 – dec 2010

Succeeds Webspijkeren. Broader: more 
partners. More focus on testing: math 
monitor

ONBETWIST: march 2010 -: Testing is 
central focus; part of SURF ‘Testing and 
test-directed learning’



IOWO transfer monitor: Satisfaction for different school 
subjects.
A comparison for academic years 2007-2008, 2008-2009, 
2009-2010“Net als in voorgaande jaren behoort wiskunde samen met Engels tot de 

vakken waar veel studenten ontevreden over zijn. Het aantal studenten dat 
ontevreden is over de aansluiting van wiskunde is in 2009-2010 op het oog 
wel afgenomen ten opzichte van vorig jaar, maar de daling is niet significant.
Vergeleken met de cijfers van voorgaande jaren (2005: 23%, 2006: 21%), 
kunnen we over de afgelopen vijf jaar wel spreken van een dalende trend. 
Over vijf jaar is de ontevredenheid gestaag van 23% naar 17% afgenomen. 
Omdat de daling dit jaar echter vrij klein en niet significant is, zou er sprake 
kunnen zijn van een stabilisatie. Volgende metingen zouden kunnen dit 
wijzen of de positieve ontwikkeling toch nog doorzet, maar wellicht met 
kleinere stappen. 
De mate van ontevredenheid hangt sterk samen met de HOOP-sector waarin 
de student een studie volgt. Het meest ontevreden over de aansluiting met 
het vak wiskunde is men in de sectoren Economie, Techniek, Natuur en 
Gedrag & Maatschappij. Dit zijn tevens de sectoren waar het vak wiskunde 
het meest relevant is voor de opleiding. In de sectoren Techniek, Natuur en 
Gedrag & Maatschappij is de ontevredenheid over de aansluiting van 
wiskunde dit jaar gedaald. In de laatstgenoemde sector is de daling dit jaar 
zelfs ook significant. In de sector Economie zijn de meeste studenten 
ontevreden over de aansluiting van wiskunde. De mate van ontevredenheid 
lijkt in deze sector vrij stabiel.”



IOWO: techniek & economie

In the perception of science (β)−στυδεντσ τηε µατη−γαπ  ηασ ‘ ’
βεεν βριδγεδ το α λαργε εξτεντ αφτερ 2005, βυτ σοχιαλ σχιενχε (γ)−
στυδεντσ περχειϖε διφφερεντλψ.
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IOWO final conclusion
De verbetering van de aansluiting van wiskunde lijkt 
zich op landelijk niveau gestaag voort te zetten. De 
ontevredenheid is dit jaar echter slechts licht afgenomen, wat 
ook zou kunnen duiden op een stabilisatie. Op sectorniveau is 
er nog steeds een duidelijk positieve ontwikkeling te zien bij 
drie van de vier sectoren waarin wiskunde het meest relevant 
is voor de opleiding, te weten Techniek, Natuur en Gedrag & 
Maatschappij. In de sector Economie blijft de mate van 
ontevredenheid stabiel.
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International dimension
Although SURF is national initiative, one 
can see  two clear international aspects:

1. We follow international developments, 
in specific Anglosaxon (USA) education: 
‘math wars’, developmental/remedial 
education, national testing, placement 
testing

2. Dutch higher education is changing fast 
regarding internationalisation (first 
‘border-universities’), very 
heterogeneous inflow, requirement to 
‘level off’



USA: National testing



USA AP: Advanced 
Placement: 

placement education



USA: ACT 
Entrance/placement Exams

Click to edit Master text styles
Second level

● Third level
● Fourth level

● Fifth level



USA SAT: Scholastic 
Aptitude Test



Belgium
In Europe: similar initiatives as in the 
Netherlands



Developments will continue
OECD Testing project: world-wide 
standardized testing of university 
performance goals.



Example of mastery monitor 
a la OECD: NKBW 

mathematics monitor 
Monitor: mastery over time (UM, entry 
test bachelor business/economics)
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Components Monitor
Mastery of:

Algebraic skills

E-powers & Logs
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International focus
Mastery 
deficiencies has 
both 
quantitative and 
qualitatitive 
aspects (see 
also ‘math wars’ 
discussion)
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Prior math education 
ordered by total score 
in entry test (right 
panel). 
Scores on specific 
topics deviate strongly: 
algebraic skills in panel 
above.



Item 2 Algebraic skills



Item 3 Algebraic skills



Assessing quality 
tests(items)NKBW VWO-B test as exit test of high 

school

Clusteranalysis: 316 weak, 234 strong 
and 312 ‘average’ students



Assessing clusters, in 
specific cluster 2What are items where cluster 2 

students perform as good as strong 
students:



Assessing clusters, in 
specific cluster 2What are items where cluster 2 students 

perform as good as weak students:



Monitor & 
InternationalisationVWO versus other prior education 

types
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Looking at system changes
In Netherlands & Germany

NKBW
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Difference A and B levels 
internationallyNKBW tests 09/10 and 10/11 
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UM: Strong internationalisation: 
Decomposition of 05/09 freshmen with 

regard to prior (math) schooling: 
Dutch vs International.The most powerful predictor of academic achievements in QM education is 

the level of math schooling in high school. In this study, we will 
distinguish two different levels: basic and advanced. Nearly all European 
secondary school systems distinguish two levels of pre-university math 
education; focusing on the three systems most relevant for our study, these 
levels are A versus B for Dutch secondary education, ‘Grundkurs’ versus 
‘Leistungskurs’ for the German speaking high school system, and Math SL 
versus Math HL for students having an International Baccalaureate (IB) 
diploma. The binary variable achieved this way is an important predictor of 
academic achievement.



Strong heterogeneity with regard 
prior knowledge: national entry 

test



UM summer courses 
principles• Strong heterogeneity in prior math mastery  bridging course of considerable size: up to 

a workload of approximately 100 hours for students with the most basic forms of prior 
math schooling. This size is incomparable with that of most of the existing national 
bridging courses, which are quite often scheduled in three days of intensive teaching. 

• For a bridging course of this size and the strong heterogeneity of students, adaptivity is 
crucial. Each student should be able to enter the course at the appropriate level.

• To achieve adaptivity, (repeated) diagnostic testing is crucial, and the ability to adapt 
learning materials to the individual outcomes of the diagnostic tests.

• The size of the bridging course, and the large variation in work load for students 
depending on their prior mastery, prevents offering such a bridging course ‘in the gate’ 
(that is: intra-curricular, during the first few weeks of the regular program), but forces it 
to offer ‘before the gate’ (that is: extra-curricular, during the summer the precedes the 
start of the regular program).

• Since participants of the bridging courses are (in large majority) international students, 
the bridging course cannot offered at site, but should be offered according the model of 
distance e-learning.

• Since the period of in which the summer course is offered is also occupied by holidays, 
jobs, and practical work, the format of the summer course should be very flexible: the 
summer course should be available over a relative long period (June, July, August), with 
a maximum of freedom for students to schedule their individual learning around other 
activities in that summer.



UM 
solution: 
Adaptive 

e-
tutorial: 
ALEKS



“Ideal” individual 
learning-pathBased on outcomes of entry-

assessment, a student could be 
evaluated at any point on the 
knowledge space of topic X.

Student A can have a different 
learning path than Student D to 
reach point f

Ideally, the learning materials 
and teachings methods should 
adapt to the knowledge/skills of 
each individual student. 



ALEKS learning path
Knowledge State 
can be described 
by

All mastered 
items

Outer Fringe 
(=Ready to learn 
)       + Inner 
Fringe (=Most 
recently learned)



Sample of an ALEKS 
assessment item



Partial sample of an ALEKS 
learning report



ALEKS: learning pie
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ALEKS: Ready to learn 
& LogClick to edit Master text styles
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ALEKS: Quiz report
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ALEKS: 
Question



ALEKS: Explanation
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ALEKS: Question



ALEKS: Explanation
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Effecten van participatie in zomercursus en wiskunde 
vooropleiding op slaagkans QM1
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Design of efficacy study
• Quasi-experimental setup for the effect analysis, due to  voluntary 

participation (no full experimental design with random assignment of 
subjects to experimental and control condition). 

• Non-equivalent groups: participants and non-participants will in general 
differ in backgrounds characteristics.

• Post-test only design, so no pre-test available.

Summarizing: design is best characterized as a quasi-experimental design with 
non-equivalent groups and post-test only (Shadish et al., 2002). Such a design 
embodies the risk of self-selection. In line with recent advices with regard to 
finding causal effects in observational studies (see the AERA ‘think tank white 
paper’: Schneider, Carnoy, Kilpatrick, Schmidt, & Shavelson, 2007), a broad 
range of students’ background factors that may be related to potential self-
selection effects is included to offset the limitations of a quasi-experimental 
research design. 



Method: propensity scores 
method

• Traditional approaches for effect analysis in observational studies 
determine the treatment effect with a multiple (logistic) regression 
model or ANCOVA containing as predictor variables, beyond the 
treatment, also covariates that correct the effect for variation that is not 
caused by the treatment variable (but is e.g. the outcome of a selection 
effect). This approach has its limitations, especially when experimental 
and control group strongly deviate with regard to these background 
characteristics. 

• Therefore, the preferred methodological approach corrects the 
treatment effect for non-equivalent group composition (Fraas, 
2007; Guo & Fraser, 2010; Shadish et al., 2002; Yanovitzky et al., 2005). 
Basis of that correction are the propensity scores: the conditional 
probabilities that an individual belongs to the experimental group, or to 
the control group, given a set of covariates (background characteristics). 
Propensity scores are generally estimated with logistic regression 
analysis.



Types of propensity scores 
methodThe correction of the treatment effect can take place in different ways of 

data balancing (Guo & Fraser, 2010): 

• using the propensity scores as covariate, 

• using the propensity scores as matching variables, 

• using the propensity scores as stratification variables. 

In this study the first and last approaches will be used: given the unequal 
size of treatment and control groups, stratification or sub-classification is 
regarded as more appropriate than matching.

One background characteristic will not be used in determining the 
propensity scores, but will be included into the model as a separate 
factor, together with the propensity score: the level of prior math 
education. This will allow us to make an explicit comparison of the 
treatment effect of successfully participating in the summer course, with 
the effect of being educated at advanced math level in high school. 



The covariates: 
students’ background factorsBased on self-perception surveys using learning related 
instruments, 42 covariates were measured:

• students’ approaches to learning, based on the learning styles 
model of Vermunt (ILS)

• Metacognitive abilities are measured by the AILI instrument

• Academic Motivation Scale (AMS), based upon Ryan and Deci’s 
model of intrinsic and extrinsic motivation

• subject achievement motivations based on Eccles’ expectancy-
value theory

Amongst these 42 variables, 30 demonstrate statistically 
significant differences between participants and non-participants, 
always in the direction that participants have more favourable 
self-perceptions than non-participants. 



Propensity scores estimated 
by logistic regression

In the estimation of the logistic regression for the propensity scores, 6 out of 42 
background factors appear to be statistically significant (due to collinearity). 
These are (in order of impact):

• strongest predictor is (in agreement with the design aims of the summer 
course): the indicator variable distinguishing international students from 
students with a Dutch prior education

• vocational learning orientation, 

• self-perception of cognitive competence (negative),

• metacognitive knowledge, 

• constructivist learning conception, 

• amotivation (negative).

In agreement to procedures advised in the literature, propensity scores are 
estimated on the basis of the full model, that is all covariates included, both those 
being statistically significant and those being non-significant.



Non-corrected treatment 
effect: total effect of 

participation in summer 
course on QM1 total score & 

QM1 passing rate

QM1 total score QM1 passing rate



Propensity as covariate: effect 
on QM1 score by hierarchical, 

multiple regressionClick to edit Master text styles
Second level

● Third level
● Fourth level

● Fifth level

Table 2 confirms the picture sketched before: participants of the summer 
course stand out from non-participants in terms of background 
characteristics that have a positive impact on learning. The consequence of 
this is that in the corrected calculation of the effect of summer course 
participation, part of explanation of academic success by successful summer 
course participation is absorbed by the propensity score, as compared to the 
non-corrected model. The obvious implication of this is that the contribution 
to explained variation by summer course participation becomes smaller, and 
the variable is no more the strongest predictor: the indicator variable 
distinguishing math prior education at advanced level takes over that 
position. However, a substantial effect of successful participation in the 
summer course remains: the beta (standardized regression coefficient) 
exceeds 50% of the value of the beta of the predictor math at advanced 
level.



Propensity as covariate: effect 
on QM1 passing rate by 

binary, logistic regression

For the interpretation of the outcomes of the logistic regression, it is especially the 
last column of Table 3, which provides the changes in the odds of passing the QM1 
course as the result of a unit change in the predictor variables, which deserves 
attention.  Students’ background characteristics that influence the participation in 
the summer course are the strongest determinant of the odds to pass QM1: see the 
coefficient of the propensity score. Next come the two indicator variables for math 
at advanced level in prior education and successful participation in the summer 
course, with the notable detail that predictive power of the summer course 
participation dummy exceeds that of the advanced math dummy.



Propensity as stratification 
variable : effect on QM1 

total score
• Propensity scores based matching approach: quintile stratification of all 

subjects on the basis of the propensity scores as stratification variable

• Each of these five strata this way contains subjects with propensity scores 
of the same magnitude, so that effect analysis within each stratum is 
minimally influenced by differences between subjects in their value on the 
propensity score, providing a correction for the selection effects that 
depend on background characteristics used in the estimation of the 
propensity scores. 

• Repeat the multiple regression analysis described in the last section for 
each of the five strata created by distinguishing the five quintiles of the 
propensity score. The outcomes of these regression analyses are collected 
in Table 4.

• Stratification appears to achieve exactly what it is intended for: the 
influence of students’ background characteristics, expressed as propensity 
score, is statistically insignificant in all five strata, where it had been the 
strongest predictor before stratification taking place.



Quintile 
stratification

Difference in means 
tests for all 42 
predictors in all five 
strata (Guo & Fraser, 
2010). Doing these 
test at a 5% 
significance level, we 
find 3, 2, 1, 0, 1 
significant differences 
in strata 1-5 
respectively, so 1.4 on 
average in each 
stratum. This 
compares quite well to 
the expected 2.1 
significant difference 
one expects when 
testing at 5% level. 



Stratum 1 different from 
other 4 strata

• Regression outcomes are quite similar to the outcomes achieved on the complete 
data set, with the first stratum producing slightly deviant outcomes. In that first 
stratum, the quintile of students with the lowest score for students’ background 
characteristics that contribute to participation in the summer course, the positive 
effect of successful participation in the summer course is outshined by the negative 
effect of failing the summer course. This different position of the first stratum is an 
artefact of the way the strata are created: due to the very low propensity scores of 
students in this first stratum, that stratum counts by far the fewest number of 
participants of the summer course, and amongst those participants, the large 
majority drops out of the summer course (amongst the 660 students in this 
stratum, there are only 23 participants in the summer course, of which 17 drop 
out). The other four strata, each containing many more summer course participants 
and especially many more successful participants, all demonstrate the same 
patterns as found in the full data set: the largest effect is that of the indicator 
variable of prior math education at advanced level, with the treatment effect of 
successful participation in the summer course in the second position, having an 
effect size of at least 50% of the effect size of advanced math. 



Average treatment 
effect: ATE• Average treatment effect (ATE; Guo & Fraser, 2010), calculated by averaging the stratum-

specific differences of the mean QM1 scores, equals t = 4.75, which is clearly significant at 5% 
or 1% level. Focusing on the four strata with a substantial amount of summer course 
participants, so excluding the first stratum form the calculation of the ATE due to the very 
small number of participants, the statistical significance even achieves a value of t = 11.27. 

• Redoing the logistic regression analysis to determine the treatment effect of participation in 
the summer course on the passing rate of the QM1 course after stratifying the data set into 
five strata based on the quintiles of the distribution of the propensity scores, we achieve 
equivalent outcomes. Within each of the strata, the propensity score has no statistically 
significant effect anymore on passing rate. And except for the first quintile, where success in 
the summer course appears to be insignificant for the QM1 passing rate, the other four strata 
demonstrate significant effects of both math prior education at advanced level and successful 
participation in the summer course, with the odds-ratio of the last everywhere exceeding the 
one of the first. The average treatment effect, ATE, for the success rate equals t = 2.59 when 
calculated over all five strata, and up to t = 9.18 when calculated over the four non-sparse 
populated strata, so statistically significant at 5% level.



Conclusions
• Effect analysis suggests that this kind of bridging education is very effective: the non-corrected 

effect of successful participation in the summer course exceeds the effect of math prior schooling at 
advanced level, with basic schooling as reference. The relevant research design of this study is 
however that of a quasi-experimental setup with non-equivalent groups, requiring a correction of 
the calculated treatment effect for potential selection effects. Correction on the basis of the 
propensity score method indicates that indeed part of the non-corrected treatment effect should be 
attributed to the circumstance that participants in the summer course possess more favourable 
background characteristics for achieving academic success in their study, than students who 
choose not to participate in the summer course. At the same time, after correction for the non-
equivalent composition of both groups, a substantial treatment effect remains, in the order of size 
of about half the effect size of being educated at advanced math level in high school. 

• The outcomes of the effect analysis suggest that the chosen format for bridging education, to know 
that of an online summer course with a very broad coverage of basic math topics, and learning 
controlled by individual, adaptive testing, is a very efficient one to bridge math skills deficiencies. 
The average study load of being successful in the summer course is much less than the difference 
in study load between high school math education at advanced, versus basic level.
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