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Insufficient prior knowledge in mathematics and physics is seen as a key factor for high attrition rates in
physics degree programs. To investigate trends in students’ academic preparedness, this study examines
how the mathematics and physics prior knowledge of first-year physics students in Germany has changed
between 2013 and 2023. Using data from standardized diagnostic tests administered at multiple universities
in both cohorts, we compared performance across cohorts and institutions. Results indicate small but
meaningful increases in average performance from 2013 to 2023: mathematics knowledge improved
slightly (Cohen’s d ¼ 0.10), and physics knowledge even more (Cohen’s d ¼ 0.21). Despite this
improvement, students’ average performance remains only modest—67% correct in mathematics and
only 38% correct in physics. Moreover, our findings indicate a growing heterogeneity in students’
preparation: while mathematics and physics performance improved at some universities, mathematics
performance declined at others. Overall, the results underscore the importance of continued monitoring of
incoming students’ prior knowledge and support the use of diagnostic tools to inform targeted instructional
strategies transition to university-level physics.
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I. INTRODUCTION

Science, technology, engineering, and mathematics
(STEM) degree programs face low completion rates world-
wide [1,2], and, for example, in the United States, six-year
degree completion rates in STEM remain below 40% [3].
Student retention is therefore an important issue for higher
education research. International research consistently iden-
tifies study preparedness as a key determinant of academic
success and student retention in university-level STEM
programs, particularly in physics [4–6]. Although the rel-
evance of study preparedness is observed across countries,
the responsibility for addressing and supporting it lies
primarily at the national level. In the absence of coordinated
global strategies, it becomes all the more important for
individual countries to ensure that first-year physics students
are adequately prepared to meet the specific academic
challenges they will face [7,8].
Among the dimensions of study preparedness—

affective, personal, cognitive, and content-related (see
Refs. [5,9–11])—the content-related dimension, particu-
larly prior knowledge, plays a major role in student success

and retention [4,12–14]. Numerous studies have demon-
strated that students’ prior knowledge in mathematics and
physics is a strong predictor of their performance in
university physics. These studies typically use regression
or other predictive models to show that students with
higher levels of prior knowledge tend to perform better in
physics exams. These findings consistently highlight the
central role of prior knowledge in explaining academic
success in physics programs, e.g., [6,7,15,16]. Research
suggests that ancillary prior knowledge, such as math-
ematics prior knowledge in a university physics study
program, is even more important for academic success
than physics prior knowledge [4]. Despite its high
relevance, prior research has typically aggregated cohorts
across years, thereby implicitly assuming that students’
mathematics and physics knowledge remains stable over
time [8,17,18]. This assumption overlooks the possibility
that prior knowledge may change across cohorts. As general
educational contexts evolve, students’ knowledge may shift
over time. For example, recent large-scale assessments such
as the 2022 NAEP study in the United States [19] and the
2022 PISA study in Germany [20] indicate changes in
students’ mathematical skills. It is therefore reasonable to
assume that the prior knowledge relevant to studying uni-
versity-level physics also changes over time. This gap—
changes in prior knowledge for cohorts of different years—is
important to analyze because overlooking such changes may
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lead tomisinterpretations of student preparedness, hinder the
effectiveness of study program design, and lead to drop out.
Addressing this issue, Buschhüter et al. conducted a

large-scale assessment comparing cohorts from 1978 and
2013 in Germany, revealing significant changes in physics
prior knowledge—with medium effect sizes [7]—and
statistically significant but negligible changes in mathemat-
ics prior knowledge [15]. Building on the study by
Buschhüter et al., we compared physics prior knowledge
between cohorts from 2013 and 2023 [21] and found
statistically significant differences. Yet, in contrast to the
findings by Buschhüter et al. [7], the effect was negligible.
So far, our analyses did not include students’ mathematics
prior knowledge, although it is known to play a key role in
physics learning (see also Ref. [22]).
Building on the above studies, the present study exam-

ines whether and how mathematics prior knowledge has
evolved over the same period and whether these changes
mirror trends in physics prior knowledge by comparing
first-year physics students in Germany from 2013 and
2023. By explicitly examining the differences between two
cohorts a decade apart, we respond to earlier calls and
findings [7,15,19] and examine whether the assumptions
of stability in prior knowledge still hold in today’s context.
In addition, we examine differences between changes in
mathematics prior knowledge and physics prior knowledge
reported by Gahrmann et al. [21] to provide a compre-
hensive picture of student readiness. Finally, we provide an
item-level analysis of both mathematics and physics items
with the aim of identifying specific areas of cohort
differences, thereby extending our previous findings [21].

II. THEORY AND BACKGROUND

A. Study preparedness

Study preparedness can be defined as “a set of personal
characteristics whose successful development within an
institutional context enables and makes student success
likely, either in general, within a group of study programs,
or in a specific study program” [23]. Student success,
mostly relevant for retention rates and persistence of
students, is an outcome of study preparedness (see, e.g.,
Ref. [10]). Student success is often categorized into three
domains: objective (measurable outcomes, such as com-
petence development; see Refs. [24,25]), certified (formal
academic achievements, such as grades, completed mod-
ules, and academic degrees; see Ref. [7]), and subjective
criteria (students’ personal perceptions of success, includ-
ing, e.g., students’ satisfaction with their academic perfor-
mance, see Ref. [26]) [23].
The above definition of study preparedness emphasizes

the importance of individual dispositions that influence
students’ ability to adapt and succeed in the academic
environment. It highlights that study preparedness is
about possessing dispositions that support student

success. Theoretical and empirical studies describe four
(partly overlapping) dimensions of study preparedness:
the cognitive, affective, personal, and content-related
dimensions [5,9–11].
The cognitive dimension includes intellectual abilities,

such as problem solving, critical thinking, and general
knowledge. In physics, these skills are essential, for
example, for understanding (abstract) concepts and solving
(complex) problems, e.g., [27].
The affective dimension involves emotional and motiva-

tional factors that influence learning, including attitudes
toward challenges, motivation to engage with content, and
self-efficacy. These are particularly important in physics,
e.g., where demanding material can impact students’
motivation and persistence, e.g., [26,28].
The personal dimension covers self-regulation, resil-

ience, time management, and social skills, among others.
These help students manage academic demands and learn
independently. For example, resilience allows students to
cope with setbacks, while social skills support positive
interactions with peers and instructors, e.g., [29,30].
The content-related dimension refers to students’ prior

knowledge and content-related skills. In physics, this
includes mathematics prior knowledge as ancillary knowl-
edge and physics prior knowledge as domain-specific
knowledge. While these aspects are subject-specific, they
are closely related to the cognitive dimension, as they
reflect the application of intellectual abilities—such as
problem solving and conceptual understanding—but the
focus lies more in the specific disciplinary contexts.
Prior knowledge, particularly in mathematics and phys-

ics, has consistently emerged as a significant predictor of
academic performance in physics courses [4,6,7,12,15,16].
Research indicates that mathematics prior knowledge
often exerts a stronger influence on performance in
physics examinations than prior knowledge in physics
itself [4].
Summarizing, prior knowledge as an aspect of the

content-related domain of student preparedness is particu-
larly predictive for student success at the beginning
of a university physics study program. For more details,
see Sec. II C.

B. Changes in general knowledge

Public discourse, see, for example, Thomas and Brown
[31], increasingly recognizes that general knowledge
changes and evolves over time, both at the societal level
and in the educational system. Technological develop-
ments, ranging from the widespread use of computers
and the emergence of artificial intelligence, have reshaped
what is considered general knowledge and also how
knowledge is acquired and used [32]. This not only relates
to the knowledge of students they bring to school but also to
the knowledge and skills students develop through formal
education [33].
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Evidence for changes in general knowledge has been
observed in national studies, e.g., in the United States,
such as the National Assessment of Educational Progress
(NAEP [34]), which assessed mathematics and reading
competencies among students in grades 4 and 8. The 2022
NAEP study showed that while overall mathematics and
reading scores in grade 8 remained stable, performance
varied by content area—for example, algebra scores
dropped from 2022 to 2024, while geometry scores
improved [19].
In a similar vein, the 2022 PISA results for Germany

indicated a notable decline in the performance of 15-year-
olds across all domains—mathematics, reading, and
science—compared to 2018. More specifically, the average
scores of German students in mathematics decreased from
500 in 2018 to 475 in 2022, and in reading from 498 to 480.
These declines are roughly equivalent in magnitude to the
typical learning gains students achieve over the course of a
full academic year around the age of 15 [35]. The decline
from 2018 to 2022 underscores a reversal of the previously
positive trend that had begun earlier [20]. It is important to
mention that the standard deviation in PISA, based on the
whole OECD sample, is 100 [36]. In science, the average
score declined from 503 to 492. These reductions of 25, 18,
and 11 points, respectively, represent the largest drops
recorded for Germany in PISA’s history, aligning the
country’s 2023 performance in mathematics and reading
with the 2023 OECD average. Germany exhibited a slightly
higher average score in science compared to the OECD
average. The proportion of students achieving only very
basic competencies (below PISA proficiency level 2) has
increased substantially from 2018 to 2022: approximately
30% in mathematics, 26% in reading, and 23% in science.
In contrast, the share of high-performing students has
declined, especially in mathematics and reading [20].
These shifts represent a reversal in Germany of the progress
made after the initial PISA cycle in 2000 and point to a
broader deterioration in student competencies rather than
random variation.
The 2023 Survey of Adult Skills conducted by OECD

revealed similar patterns of general knowledge internation-
ally when assessing the literacy and numeracy of adults
across different age groups, see Ref. [37]. In Germany, the
average proficiency in literacy (266) and numeracy (273) of
adults of all ages in the study (16–65) is above the OECD
average (literacy: 260 and numeracy: 263). Even though the
average proficiency in literacy and numeracy has remained
stable over the past decade (changes in the past decades:
literacy 0.00, numeracy 4.80), differences are visible across
age groups: For example, young adults born between 1989
and 1996 scored 12 points higher in literacy in 2022–2023
(as 27- to 34-year-olds) than in 2011–2012 (as 16- to
23-year-olds), indicating a significant improvement. The
gap between the highest and lowest performing adults
widened in both literacy and numeracy between 2011–2012

and 2022–2023. While the proportion of low-achieving
adults remained stable, the proportion of particularly high-
achieving adults increased [37]. No information is available
about differences regarding specific content areas, but it is
observable that the general knowledge of individuals
entering university—typically first-semester students—
appears to shift over time. However, rather than indicating
a general increase or decrease, these changes reflect a shift
in the composition or nature of prior knowledge [37].

C. Project background and changes
in physics-specific prior knowledge

This paper is part of a larger project that investigates the
development of mathematics and physics prior knowledge
among German first-semester physics students since 1978.
Buschhüter et al. analyzed mathematics and physics prior
knowledge between the 1978 and 2013 cohorts. More
recently, Gahrmann et al. [21] examined changes in physics
prior knowledge by comparing the 2013 cohort with a 2023
cohort, using a new, validated version of the instrument
used in the 2013 study [7,15].
The physics findings reported by Buschhüter et al.

(Cohen’s d ¼ 0.53; significant decline between 1978 and
2013) contrast with the more recent findings of Gahrmann
et al., which show a statistically significant better perfor-
mance with a small effect size (Cohen’s d ¼ 0.21) from
2013 to 2023. This suggests a stabilization of physics prior
knowledge. Additionally, Buschhüter et al. found a sta-
tistically significant change in mathematics prior knowl-
edge with a small effect size (Cohen’s d ¼ 0.2) between
1978 and 2013. An analysis of mathematics prior knowl-
edge changes from 2013 to 2023 is missing and constitutes
the central aim of this paper.
To investigate the mathematics and physics prior knowl-

edge in 2023, the 2013 study entrance test (hereafter
abbreviated SET, followed by the year of administration,
e.g., SET 2013) used by Buschhüter et al. [7,15] was
carefully revised. The following section provides a detailed
description of SET 2023 (in comparison to SET 2013),
covering several key aspects: general information such as the
number of items, content validity related to item selection,
measurement invariance, and internal consistency.
The SET 2023 incorporates items from two primary

sources: (i) N ¼ 17 mathematics and N ¼ 17 physics
anchor items, which are retained from the SET 2013
version to ensure continuity and enable direct comparisons.
Additionally, (ii) N ¼ 20mathematics and N ¼ 15 physics
items adapted from established instruments used in the
assessment of physics and mathematics at the beginning of
physics studies, e.g., the Lawson Classroom Test [38,39]
and the TUG-K [40,41], are included. To compare the 2013
and 2023 cohorts, the anchor items are used, while the
additional items are excluded from this paper, as they are
not psychometrically comparable across cohorts and thus
do not support a valid cross-cohort comparison.
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Both SET 2013 and SET 2023 include questions on
demographics, such as GPA (grade point average) or
participation in preparatory courses before the test was
administered. It is important to note that the GPA is not a
subject-specific predictor but a general indicator of school
performance. It reflects both cognitive and personal aspects
of study preparedness, as it includes not only subject grades
but also evaluations of social behavior. Furthermore, it is
important to mention that in Germany, no SAT (Scholastic
Assessment Test) or ACT (American College Testing) is
conducted as in the United States, but only the GPA is used
as a prerequisite for most university study programs.
The content validity of the items was ensured through

three key empirical investigations. First, in 1976, the
original item pool was developed based on university
physics teachers’ perceptions of what knowledge is impor-
tant for a physics degree program. It focused on content
deemed essential for understanding and following physics
lectures and was assumed to be necessary for success in
examinations [42]. Second, a follow-up investigation
by Buschhüter et al. in 2013 reaffirmed the relevance of
these tasks from the perspective of university physics
teachers [43]. Third, two nationwide online surveys (one
on the mathematics and one on the physics items) were
conducted in 2023. In the surveys, N ¼ 75 and N ¼ 22
university physics teachers from institutions across
Germany rated items from the SET 2013 and selected
items from established instruments. Only those items that
were in line with current national educational standards
were rated. Results from the surveys were used to identify
the most suitable items for inclusion in SET 2023, thus
ensuring strong content validity based on expert judgment
from the university physics teaching community [44].
In summary, the revision of SET 2023 was carefully

designed to align the instrument with contemporary cur-
ricular standards while preserving its historical roots and
the viewpoints of university physics instructors. The
validation in both 2013 and 2023 highlights the sustained
importance of the chosen items and content domains.
Most notably, the items used for comparing the two cohorts
were explicitly confirmed by university physics teachers
as relevant in 2013 as well as in 2023. This strong

endorsement underscores their continued significance for
assessing foundational knowledge at the transition to
university-level physics.
The SET 2023 was designed to capture the broad

construct of content-related prior knowledge for a univer-
sity physics study program. In the following section, we
focus on the mathematics items and thus on the underlying
construct of subject-relevant mathematics prior knowledge
for a university physics study program. The relevant
mathematics prior knowledge is measured through items
from different content areas. We want to differentiate three
content areas, which are in line with the parts of relevant
mathematics in a physics program described in other
studies [45]: basics (such as fractions, equations), dif-
ferentiations (e.g., deriving a polynomial function), inte-
grals (e.g., integrating polynomial functions), and simple
vector calculus (e.g., adding two vectors graphically and
symbolically).
Beyond the described content validity, measurement

invariance for all mathematics items across both SETs
was examined using the statistics software R and the R

package LAVAAN [46,47], such that the prerequisites were
fulfilled to compare both cohorts. Measurement invariance
ensures that the test measures the same construct in the
same way across groups, so that observed differences in
scores reflect true differences in the underlying ability
rather than artifacts of the measurement instrument.
Following the procedure by Hälsig [48], a stepwise
approach was applied to test measurement invariance
regarding the N ¼ 17 mathematics items used in 2013
and 2023: First, configural invariance (i.e., the basic factor
structure is the same across both cohorts) was tested using a
baseline model that includes all items in mathematics. This
model achieved a very good fit within acceptable parameter
ranges, see Table I. Next, metric invariance (factor loadings
are the same, i.e., construct has the same meaning across
groups) was assessed by constraining the factor loadings.
The resulting model showed a very good fit, with small
changes in model parameters compared to the baseline
model, see Table I. Finally, partial scalar invariance
(intercepts are equal, i.e., latent means across groups can
be compared) was tested by constraining all factor loadings

TABLE I. Criteria for measurement invariance between mathematical items of SET 2013 and SET 2023. Note that the differences in
CFI and TLI for a model are calculated between a model and the model above. Criteria indicating measurement invariance are
RMSEA < 0.08, CFI > 0.9, TLI > 0.9 and for successive models additionally ΔCFI < 0.01 and ΔTLI < 0.05, see Hälsig [48].
RMSEA, root mean square error of approximation; CFI, comparative fit index; TLI, Tucker-Lewis index.

Model

χ2 test

RMSEA CFI TLI ΔCFI ΔTLId.o.f. Test power p value

Configural invariance model 238 1235.610 <0.001 0.044 0.929 0.919
Metric invariance model 254 1291.454 <0.001 0.043 0.926 0.921 0.003 0.002
Scalar invariance model 270 1562.894 <0.001 0.047 0.908 0.907 0.02 0.01
Partial scalar invariance model 262 1450.269 <0.001 0.046 0.916 0.912 0.01 0.01*
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and constraining N ¼ 9 intercepts. This model also dem-
onstrated a very good fit, with small changes in model
parameters relative to the metric invariance model. Total
scalar invariance (constraining all factor loadings and all
intercepts) is not necessary to compare both tests, even
though it was also tested as recommended in Ref. [49]. The
model parameters are presented in Table I for mathematics.
To evaluate the models, χ2 tests were conducted, which
assess the discrepancy between the observed and expected
data under the specified model. As indicators of model fit,
root mean square error of approximation (RMSEA),
comparative fit index (CFI), and Tucker-Lewis index
(TLI) were used, following the recommendations of
Hälsig. RMSEA quantifies how well a model, with opti-
mally estimated parameters, fits the population covariance
matrix. CFI and TLI compare the fit of the specified model
to a baseline model, with TLI additionally adjusting for
model complexity.
The results indicate that the partial scalar invariance

model fits the data well, supporting the assumption of
measurement invariance between SET 2013 and SET 2023.
With the demonstrated partial scalar invariance, a com-
parison of means between both cohorts is possible.
In addition to the measurement invariance analysis, the

internal consistency of the mathematics and physics tests
was evaluated for both SET 2013 and SET 2023, for
mathematics and physics each (focusing again only on
the N ¼ 17 mathematics and N ¼ 17 physics items). The
reliability coefficients (Cronbach’s alpha α) of the math-
ematics part (2013: α ¼ 0.83; 95% CI ¼ ½0.82; 0.84�, 2023:
α ¼ 0.83; 95% CI ¼ ½0.82; 0.84�) and the physics part and
their confidence intervals (CI) (2013: α ¼ 0.72; 95%
CI ¼ ½0.70; 0.74�, 2023: α¼0.74; 95% CI ¼ ½0.72; 0.76�)
indicate good to very good internal consistency, see
Ref. [50]. These results suggest that all items included
in both mathematics and physics measure the underlying
construct consistently across both test administrations.
Since the items were selected to reflect the knowledge
needed at the start of a university physics study program,
the underlying construct of the mathematics items is
mathematics knowledge relevant to studying physics.
Similarly, the physics items represent the prior physics
knowledge considered essential for studying physics.
To interpret differences between cohorts meaningfully, it

is essential that the conditions of test administration have
remained as comparable as possible across time. Therefore,
all SETs were conducted under standardized conditions:
The SETs are carried out in the first two weeks of the first
semester in the form of a paper-and-pencil test [7]. In each
test administration (in 1978, 2013, and 2023), the test
duration was 90 min and consistently included demo-
graphics, mathematics items, and physics items. After
administration, local staff at the participating universities
carried out local scoring based on a scoring manual. The
scoring categories are “correct response,” “incorrect

response,” and “omitted response.” After the SET booklets
were sent back to the authors, a central scoring was
conducted on 10% (or at least 10 tests) of each university’s
test booklets to calculate an interrater reliability and ensure
scoring accuracy.
Following the procedure of Wirtz and Casper [51], as

employed by Buschhüter et al. [7], the interrater reliability
was calculated with both scorings assumed to be pseu-
doraters, because multiple people could have scored the
tests at each university. The procedure also accounts for
the number of students at each university, making it
more appropriate than an unweighted interrater reliability
(kappa value, κ).
Three interrater reliabilities were calculated to assess the

consistency of scoring within and between the 2013 and
2023 scorings, see Table II.
Given that all interrater reliabilities—within 2013, within

2023, and between 2013 and 2023—fall within the “almost
perfect” range [52], this indicates reliable scoring in
both years. The stability of the Kappa values over time
further suggests a similar level of strictness between 2013
and 2023.
Summarizing, the revised SET 2023 has been shown to

validly measure mathematics prior knowledge comparable
with SET 2013. It is important to note that SET 2023
(as well as SET 2013 and the first version, SET 1978, see
Refs. [7,42,53]) was not designed as a traditional psycho-
metric test. Consequently, conventional benchmarks—such
as a mean score of 50%—do not apply. The SET is
designed such that all students should be able to solve
all items correctly. This approach is primarily because the
items were selected by university physics teachers, empha-
sizing the essential prior knowledge that first-semester
students in physics must master to successfully follow
lectures and perform well on their initial introductory
physics exam.

III. AIM OF THE PRESENT STUDY

The main aim of the present paper is to examine changes
in mathematics prior knowledge from 2013 to 2023,
building on previous research that highlights its critical
role in physics success. By extending the study of
Gahrmann et al. [21], this paper seeks to explore how
mathematics prior knowledge has evolved across both
cohorts and to analyze how these changes relate to

TABLE II. Interrater reliability [MðκÞ] between local and
central scorings in mathematics and physics across both cohorts
(2013=2023).

Scoring MðκÞ mathematics MðκÞ physics
Local 2013–central 2013 0.91 0.85
Local 2023–central 2023 0.92 0.81
Local 2013–central 2023 0.95 0.93
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corresponding developments in physics prior knowledge.
Additionally, by analyzing specific mathematics and phys-
ics items, cohort differences are identified, deepening the
understanding of trends in the content-related dimension
of study preparedness. Additionally, as some universities
participated in both 2013 and 2023, it is possible to analyze
changes in the average test performance over time within
the same institutional contexts to understand to what extent
the prior knowledge varies at the same institutions in
different years. This enables a control analysis, explaining
possible heterogeneity due to structural differences
between universities, and thus allows to gain a more
detailed understanding of observed general changes.
As such, this paper addresses the following four research

questions:
RQ1: To what extent has the mathematics prior

knowledge of first-semester physics students in Germany
changed between 2013 and 2023?
RQ2: How are the changes in mathematics prior knowl-

edge related to changes in physics prior knowledge over the
same period?
RQ3: Within individual institutions, to what extent has

mathematics and physics prior knowledge of first-year
students changed between the 2013 and 2023 cohorts?
RQ4: Which specific mathematics and physics items

show cohort differences, and what do these differences
reveal about trends in the content-related dimension of
study preparedness?

IV. METHODS

A. Sample

The sample consists of N ¼ 2251 students from N ¼ 27
German universities in 2013 and N ¼ 2007 students from
N ¼ 34 universities in 2023. An overview of the demo-
graphic information is provided in Table III, also given
in Ref. [21].
Note that the total number of students decreased from

2013 to 2023. The majority of the students were enrolled
as physics majors rather than physics teacher students in
both cohorts. Mean school GPA remained stable (2013:
M ¼ 2.0, SD ¼ 0.6; 2023: M ¼ 1.8, SD ¼ 0.6), and the
proportion of students who had attended preparatory

courses prior to university entry was similar as well
(2013: 70%; 2023: 67%). The 2013 and 2023 cohorts
are comparable in key demographic characteristics. These
similarities provide a valid basis for comparing the cohorts’
mathematics and physics prior knowledge.

B. Statistical analyses

Before a comparison between the 2013 and 2023 cohorts
was performed, the measurement invariance for theN ¼ 17
mathematics and N ¼ 17 physics items as a subset of the
N ¼ 37 mathematics and N ¼ 32 physics items was again
examined using R and the package LAVAAN [46,47]. Here,
partial scalar invariance was found for the N ¼ 17 math-
ematics and N ¼ 17 physics items, allowing for compari-
son of the mean scores of both cohorts.
To address the first research question, the sum score for

each student was calculated. In line with the procedure
applied in 2013, missing responses were treated as incor-
rect. Given that the test duration was similar and a similarly
low number of missing responses was found, this approach
was considered acceptable to compare both cohorts,
although it may have underestimated students’ actual
performance in both 2013 and 2023. A Mann-Whitney
U test was then conducted to determine whether the
distribution of scores differed significantly between the
two cohorts. This nonparametric test compares the ranks
of the scores and is appropriate when the assumptions of
normality for a t test are not met. Given the large sample
size, effect size calculations were performed to assess the
magnitude of the difference between the distributions.
The effect size was calculated using the following

formula:

d ¼ μ2023 − μ2013
SDpool

;

with

SDpool ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðn2013 − 1Þs22013 þ ðn2023 − 1Þs22023
n2013 þ n2023 − 2

s

being the pooled standard deviation, μi the mean values of
the sum scores for the ith cohort, ni the sample size of the
ith cohort, and si the standard deviation of the ith cohort
i∈ f2013; 2023g. d can be interpreted as a standardized
difference between the mean values of both cohorts scaled
by the pooled standard deviation. Cohen [54] provided a
widely used “rule of thumb” for interpreting effect sizes in
(educational) research, which is used to broadly guide the
interpretation, that is, an effect size of 0.2 is considered
small, 0.5 medium, and 0.8 large. Effect sizes below 0.2 are
interpreted as negligible and not of practical interest.
Addressing the second research question, the observed

differences in mathematics scores are then compared to

TABLE III. Demographic information of the 2013 and 2023
cohorts. Note that the table is adapted from Ref. [21].

Demographic characteristic 2013 2023

Nstudents 2251 2007
Nuniversities 27 34
PercentageMalejPercentageFemale 78j21 72j28
School GPA: M (SD) 2.0 (0.6) 1.8 (0.6)

Participation rate in preparatory
courses before university

70% 67%
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the differences in physics performance reported by
Gahrmann et al. [21].
To investigate the third research question—regarding the

stability in student performance at individual universities
that participated in both years, 2013 and 2023—we
included only universities with a comparable number of
participants in both years. This yielded a set of N ¼ 8
universities represented both in the 2013 and 2023 data. In
each cohort, the sample size per university was over 50.
The analyses are thus based on a subsample of N ¼ 8
universities, which participated in both years, 2013 and
2023, and had at least 50 students participating in each
cohort. For each university, student performance was
aggregated into a single institutional mean score, represent-
ing the average performance at that institution. These
institutional means were then compared across both cohorts
using ANOVAs (Analysis of Variance) to examine whether
statistically significant differences emerged. Bonferroni-
corrected Post-hoc tests (Bonferroni-corrected t tests) were
subsequently conducted to identify specific differences
between institutions. The Bonferroni correction is applied
to control for the increased risk of type I errors (false
positives) that occur when multiple comparisons are made.
Regarding the fourth research question, differences in

the proportion of correct responses were analyzed for
specific mathematics and physics items across the two
cohorts. Items exhibiting the largest discrepancies (i.e.,
differences exceeding 5 percentage points) were examined
in terms of their content to identify potential factors
contributing to these variations.

V. RESULTS

A. Changes in mathematics prior knowledge (RQ1)

To assess changes in mathematics prior knowledge, we
analyzed the scores from the mathematics items adminis-
tered to the 2013 and 2023 cohorts. Both cohorts’ math-
ematics score distributions are presented in Fig. 1 (top
panel). Both distributions cover the full range of sum scores
up to the maximum value of 17 and exhibit a similar, left-
skewed shape, indicating that most students scored high.
A Shapiro-Wilk test confirmed that neither distribution
was normally distributed (which was also checked via Q-Q
plots). This is consistent with the observed skewness.
Table IV summarizes these statistical characteristics

of both mathematics distributions. Although the mean
values and standard deviations are reported, these measures
should be interpreted with caution because of the skewed
nature of the data.
A Mann-Whitney U test revealed a statistically signifi-

cant difference between the two cohorts [zðN1 ¼ 2251;
N2 ¼ 2007Þ ¼ −3.38, p < 0.001, r ¼ 0.05]; however, the
effect size (Cohen’s d ¼ 0.10, 95% CI ¼ ½0.04; 0.16�)
suggests that the practical difference in overall mathematics
prior knowledge is negligible [54]. This suggests that,

based on sum scores from multiple content areas, math-
ematics prior knowledge remains stable across cohorts.

B. Changes in mathematics prior knowledge compared
to changes in physics prior knowledge (RQ2)

The findings of stable mathematics prior knowledge
parallel the findings of Gahrmann et al. [21], who found
small changes in physics prior knowledge (Cohen’s
d ¼ 0.21) within the same cohorts, see Fig. 1 (bottom
panel, see also [21]). In mathematics as well as in physics,
the median and mean sum scores are similar across time:
for mathematics, Md2013¼Md2023¼12ðM2013¼10.93;
M2023¼11.32Þ, and for physics, Md2013¼5 and
Md2023 ¼ 6ðM2013 ¼ 5.64;M2023 ¼ 6.45Þ. Mann-
Whitney U tests further confirm that the mathematics
scores are significantly higher than physics scores in 2013
(zðN1¼N2¼2322Þ¼38.02, p < 0.001, r ¼ 0.79) and
2023 (zðN1 ¼ N2 ¼ 2007Þ ¼ 33.37, p < 0.001, r ¼ 0.74).
Comparing the sum score difference between mathemat-

ics and physics for 2013 (7 points from 17 overall) and
2023 (6 points from 17 overall), a gap is notable. This gap
between mathematics and physics prior knowledge appears
to be unchanged over time, as shown in Table IV.

C. Cohort comparison within individual institutions
(2013 vs 2023) (RQ3)

To address the third research question—to what extent
mathematics prior knowledge and physics prior knowledge
changed between the 2013 and 2023 cohorts at the

FIG. 1. Top: distribution of students per mathematics sum score
for the 2013 cohort (red) and the 2023 cohort (yellow). Bottom:
distribution of students per physics sum score for the 2013 cohort
(purple) and the 2023 cohort (blue), see [21].
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universities participating in both years—we compared
cohort performance within individual institutions.
While theoretical frameworks on subject-specific prior

knowledge provide valuable insights into students’ learning
and preparation, they do not explicitly predict temporal
changes in prior knowledge across cohorts or account for
variability between institutions. Therefore, it is essential
to examine changes not only at the aggregated, cross-
university level but also within universities that participated
in both cohorts.
This focus is important because universities that partici-

pated only in one cohort (either 2013 or 2023) may differ in
institutional characteristics or student populations, which
can influence the overall patterns of change. By comparing
only those institutions involved in both years, we reduce
potential biases caused by differences in university com-
position and better isolate temporal changes in prior
knowledge. The following analyses are thus based on a
subsample of N ¼ 8 universities, which participated in
both years, 2013 and 2023, and had at least 50 students
participating in each cohort.
Overall, we observed only small differences in student

performance between the 2013 and 2023 cohorts. The
descriptive results are summarized in Fig. 2. On average,
the institutional mean scores in mathematics were slightly
higher in 2023 (M ¼ 11.43, SD ¼ 1.46, Md ¼ 11.65,
MAD ¼ 1.42) than in 2013 (M ¼ 10.95, SD ¼ 0.40,
Md ¼ 10.85, MAD ¼ 0.22). A similar pattern was
observed for physics: the mean score across universities
in 2023 (M¼6.34, SD ¼ 1.16,Md ¼ 6.13, MAD ¼ 1.61)
was slightly higher than in 2013 (M ¼ 5.85, SD ¼ 0.42,
Md ¼ 5.88, MAD ¼ 0.54). An important finding here is
the larger heterogeneity of the achieved mathematics and
physics scores in 2023, in contrast to 2013, when the
universities were put together at each cohort, as shown
in Fig. 2.
Furthermore, the one-way ANOVA without repeated

measures for mathematics revealed significant main effects
of cohort [Fð1; 1876Þ ¼ 28.70, p < 0.001] and university
[Fð7; 1876Þ ¼ 5.31, p < 0.001] Importantly, a significant
interaction between cohort and university emerged
[Fð7; 1876Þ ¼ 9.59, p < 0.001].
For physics, the one-way ANOVA without repeated

measures also showed significant main effects of
cohort [Fð1; 1876Þ ¼ 13.66, p < 0.001] and university
[Fð7; 1876Þ ¼ 3.39, p ¼ 0.001] as well as a significant

cohort by university interaction [Fð7; 1876Þ ¼ 3.95,
p < 0.001].
We estimated eta squared (η2) as a measure of explained

variance for the factors in our ANOVA models. For
mathematics, η2 indicated small effect sizes for year
(η2 ¼ 0.01), university (η2 ¼ 0.02), and the year by
university interaction (η2 ¼ 0.03). Similarly, for physics,
effect sizes were small for year (η2 ¼ 0.007), university
(η2 ¼ 0.01), and the interaction (η2 ¼ 0.01). These values
suggest that only a negligible proportion of the variance in
test scores can be attributed to the cohort, the institution,
or their interaction.
These significant interactions indicate that changes over

time were not uniform across universities, warranting a
closer look at post hoc tests within each institution.
The results of the Bonferroni-corrected post hoc tests

(Bonferroni-corrected t tests) are summarized in Table V
and Fig. 3 for mathematics and in Table VI and Fig. 4 for
physics. In mathematics, significant differences between
the 2013 and 2023 cohorts were found at four out of
eight analyzed universities. Specifically, three universities

FIG. 2. Boxplots of average student performance (M) in 2013
and 2023, separated (top: Mathematics, bottom: Physics). Only
universities with more than 50 participating students and par-
ticipation in both cohorts were included (n ¼ 8 universities).

TABLE IV. Statistics of the 2013 and 2023 mathematics sum score distributions. Note that because of the large
sample, normality was also checked via Q-Q plots (plot of quantiles of both distributions against each other). M,
mean value; SD, standard deviation; Md, median; MAD, median absolute deviation.

Cohort N M (SD) Md (MAD) Skewness Kurtosis p value Shapiro-Wilk test

2023 2007 11.32 (3.97) 12.00 (4.45) −0.76 −0.10 <0.001
2013 2251 10.93 (4.00) 12.00 (4.45) −0.64 −0.41 <0.001
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(Uni 2, Uni 4, and Uni 5) showed significantly higher mean
scores in 2023 compared to 2013, while one university
(Uni 3) showed significantly lower mean scores in 2023.
For the remaining universities (Uni 1, Uni 7, and Uni 8), no
statistically significant differences were observed.
In physics, the Bonferroni-corrected post hoc tests

(Bonferroni-corrected t tests) showed statistically signifi-
cant differences at three out of the eight analyzed univer-
sities (Uni 2, Uni 4, and Uni 5), all showing significantly
higher mean scores in 2023 compared to 2013. At the other
universities, no statistically significant differences were
detected. It is important to note that the university numbers
are arbitrary to anonymize the universities, but they are
matched between mathematics and physics.
These findings suggest that changes in mathematics prior

knowledge between cohorts are not uniform but rather

dependent on institutional contexts: While students at some
universities showed improved mathematics scores, other
scores decreased. In physics, a more uniform trend can be
seen: Some universities showed improved physics scores,
whereas at other universities, no change is visible.

D. Different scores in mathematics
and physics items (RQ4)

To gain deeper insight into cohort differences, we
examined item-level performance across mathematics
and physics. Figure 5 displays scatterplots of the proportion
of correct responses in 2013 vs 2023—mathematics in the
top plot, physics in the bottom. A diagonal reference line
with a slope of 1 represents identical performance in both
cohorts. Items positioned close to this line were answered
similarly by both cohorts, while items above the line were

TABLE V. Table Bonferroni-corrected post hoc tests math-
ematics. d.o.f. denotes the degrees of freedom, t the test power of
each post hoc t test.

University Estimate SE d.o.f. t p value Cohen’s d

Uni 1 −0.27 0.72 123 −0.37 1.000 0.06
Uni 2 −2.47 0.43 250 −5.69 <0:001 0.70
Uni 3 1.88 0.63 171 2.97 0.027 −0.45
Uni 4 −1.66 0.43 178 −3.88 0.001 0.46
Uni 5 −2.24 0.34 391 −6.65 <0.001 0.64
Uni 6 1.89 0.79 94 2.39 0.153 −0.45
Uni 7 −0.83 0.40 259 −2.07 0.315 0.24
Uni 8 −0.17 0.67 125 −0.25 1.000 0.04

TABLE VI. Table Bonferroni-corrected post hoc tests physics.
Note that d.o.f. denotes the degrees of freedom, t the test power of
each post hoc t test.

University Estimate SE d.o.f. t p value Cohen’s d

Uni 1 0.06 0.69 146 −0.09 1.000 −0.01
Uni 2 −2.07 0.56 250 3.72 0.002 0.46
Uni 3 1.26 0.69 150 −1.83 0.551 −0.28
Uni 4 −1.79 0.54 166 3.33 0.009 0.40
Uni 5 −1.71 0.41 414 4.14 <0.001 0.40
Uni 6 0.37 0.74 114 −0.50 1.000 −0.09
Uni 7 0.03 0.51 282 −0.05 1.000 −0.01
Uni 8 −0.09 0.81 105 0.11 1.000 0.02

FIG. 3. Comparison of the mathematics performance of stu-
dents in the 2013 (red) and 2023 (yellow) cohorts at eight
randomly arranged universities. The boxplot shows the distribu-
tion of mathematics scores in the Study Entrance Test (SET) for
each university and cohort. Next to each university, the corre-
sponding p values and effect sizes (Cohen’s d) from the post hoc
tests are provided, assessing the differences between the cohorts.
The p values indicate that the differences are statistically
significant at several universities, with mathematics performance
partly improving (higher mean scores in 2023) or declining.
Effect sizes range from “negligible” (d ¼ 0.04) to “large”
(d ¼ 0.70), reflecting varying degrees of change.

FIG. 4. Comparison of the physics performance of students in
the 2013 (purple) and 2023 (blue) cohorts at eight randomly
arranged universities. The boxplot shows the distribution of
physics scores in the Study Entrance Test (SET) for each
university and cohort. Next to each university, the corresponding
p values and effect sizes (Cohen’s d) from the post hoc tests are
provided, assessing the differences between the cohorts. The p
values indicate that the differences are statistically significant at
several universities, with physics performance improving (higher
mean scores in 2023). Effect sizes range from “negligible”
(d ¼ 0.01) to “moderate” (d ¼ 0.46), reflecting improvements.
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solved more accurately in 2023, suggesting improved prior
knowledge. Items below the line were answered more
accurately in 2013, indicating a relative decline in those
items. In general, most items in both domains cluster
around the line, indicating stable overall performance
between cohorts. Although some items deviate from this
line—mostly in favor of the 2023 cohort—the magnitude
of these differences is relatively small. The largest observed
difference was 14.8 percentage points in mathematics
(average: 2.3%) and 16.1 percentage points in physics
(average: 2.5%). These modest differences suggest overall
stability in students’ preparedness, with only select items
showing meaningful variation.
For a more detailed analysis, we identified items with a

performance difference greater than 5 percentage points.
This threshold resulted in eight items—four from math-
ematics and four from physics—depicted in Fig. 6 along
with their respective correct-answer rates and differences
(Δ). In mathematics, the four items with notable cohort
differences (labeled A to D in Figs. 5 and 6) span three key

content areas: vector calculus, functions, and integration.
Item A focused on vector calculus and required knowledge
of vector algebra, particularly the conditions for perpen-
dicularity. Students in the 2023 cohort performed better on
this item, suggesting a modest improvement in conceptual
understanding of vector representations. Items B and C both
addressed the domain of functions. In item B, students were
asked to draw a linear function given 2 points and determine
the corresponding equation. The accuracy among students
in 2023 points to a slightly enhanced procedural competence
in constructing linear functions and the usage of equations,
which may reflect a stronger curricular emphasis on such
skills in secondary education. However, despite this
improvement, it is noteworthy that fewer than 60% of
incoming students were able to solve the item correctly,
indicating that challenges with representational translation
remain substantial. In contrast, item C involved translating a
symbolic equation into a graphical (iconic) representation.
Here, performance also increased in the 2023 cohort,
suggesting gains in the ability to shift between different
representational formats. Item D addressed basic integration
and required students to apply elementary calculus rules. The
better performance of the 2023 cohort suggests an improve-
ment in foundational procedural knowledge in this area.
Turning to physics, the four items with the most

substantial performance differences (items E to H, again
shown in Figs. 5 and 6) covered mechanics, electronics and
electrodynamics, and wave phenomena. Item E, drawn
from mechanics, involved differentiating a function with
respect to time and understanding the concept of velocity.
Students in 2023 showed higher levels of accuracy,
indicating improved procedural fluency in applying math-
ematical operations to physical quantities, although this
improvement may not necessarily reflect deeper concep-
tual understanding. Items F and G pertained to electricity
and electrodynamics. In Item F, students were asked to
sketch a simple electric circuit using components such as
resistors. The stronger performance of the 2023 cohort
may reflect greater familiarity with circuit diagrams,
possibly due to increased practical exposure in school
physics lessons. Item G focused on conceptual knowledge
in electromagnetism. While performance was still rela-
tively low, the 2023 cohort demonstrated a slight increase
in correctness, pointing to modest gains in conceptual
understanding, even in this traditionally challenging
domain. A similar trend was observed in item H,
which dealt with wave phenomena. This item required
students to understand and graphically represent wave
interference—a conceptually demanding task. Compared
to 2013, the 2023 cohort showed improved performance,
albeit on a low level, suggesting incremental progress.

VI. DISCUSSION

Motivated by persistently high dropout rates in physics
and the well-documented role of insufficient prior

(A) (C) 
(D) 

(B) 

(F) 

(G) 
(H) 

(E) 

FIG. 5. Scatterplots comparing item performance between the
2013 and 2023 cohorts. Each point is an item; the diagonal
indicates equal performance. Colors show which cohort per-
formed better: yellow ¼ 2023 (math), red ¼ 2013 (math), blue ¼
2023 (physics), pink ¼ 2013 (physics); see Fig. 1. Top: Math
anchor items. Bottom: Physics anchor items. Letters refer to items
in Fig. 6.
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knowledge in mathematics and physics as a principal cause
of attrition in physics degree programs, we undertook an
analysis of how incoming students’ prior knowledge has
evolved between 2013 and 2023.

A. RQ1 and RQ2: Changes in prior knowledge
in mathematics and physics (2013–2023)

This study investigated whether the mathematics and
physics prior knowledge of first-semester physics students
in Germany has changed between 2013 and 2023, and how
these changes relate to each other. We observed improve-
ments in mathematics and physics [21] on a general level
when all participating universities in 2013 and 2023 were
included in the analysis. Students in 2023 outperformed
the 2013 cohort slightly in both mathematics (Cohen’s
d ¼ 0.10) and physics (Cohen’s d ¼ 0.21).
Interpreted through the framework of Yeager et al., these

effect sizes correspond to roughly half a year (for the
mathematics changes) and a full year (for the physics
changes) of classroom learning at the ninth-grade level
[55]. Although these effect sizes are modest and would
traditionally be labeled as “small” [54], they might suggest
that students entering physics programs in 2023 are some-
what better prepared than their 2013 counterparts.
The better performance in the 2023 cohort differs from

the interpretable results of Buschhüter et al., who found a
significant decline in physics and mathematics prior knowl-
edge between 1978 and 2013 (Cohen’s d ¼ −0.53 in
physics; d ¼ −0.20 in mathematics) [7,15]. Our findings
may therefore indicate a stabilization or slight recovery
since 2013. However, caution is required in comparing
across decades and especially both studies: while the
2013–2023 comparison is based on 17 anchor items in
mathematics and 17 anchor items in physics, the 1978–
2013 comparison used larger item sets (43 items in
mathematics and 38 items in physics).

The improved performance of the 2023cohort compared to
2013 is striking, given the overall decline in school achieve-
ment documented in large-scale assessments like PISA
and NAEP [20,35]). One possible explanation lies in the
specific student population: first-semester physics students
represent a selected, likely more academically resilient group
whose competencies may have remained stable—or even
improved—despite broader systemic challenges.
Supporting this interpretation, results from Büchele and

Feudel reported stable or slightly improved mathematical
competencies among economics students over the past
decade [56]. Like in our study, they observed gains in areas
such as mathematization and the use of representations,
while persistent difficulties with symbolic and procedural
tasks remained—a pattern mirrored in our item-level
analyses (see Sec. VI C).
Nevertheless, absolute achievement levels remain low.

Students in 2023 only solved 67% of math items and 38%
of physics items on average, despite the fact that all test
items were designed to reflect essential competencies as
defined by the German National Educational Standards
[57,58]. This substantial gap between target (all items
correct as the items address essential prior knowledge) and
actual performance indicates foundational weaknesses that
remain critical for university success.

B. RQ3: Cohort comparison within
individual institutions

To examine whether the changes in mathematics and
physics prior knowledge between the 2013 and 2023
cohorts were consistent across institutions, we analyzed
data from the eight universities that participated in both
years of measurement. This analysis complements the
findings on overall cohort differences (RQ1), where we
observed no changes in average mathematics and physics
scores over time.

FIG. 6. Anchor items in mathematics (left, A–D) and physics (right, E–H) with a difference in both cohorts larger than 5% in correct
answers. With each item, the rate of correct answers in each cohort, as well as their difference (denoted Δ).
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The descriptive results revealed a broader range of
student performance in 2023 compared to 2013. This
increased heterogeneity suggests that, even though average
scores remained stable, the variability of prior knowledge
among incoming students has grown. Consequently,
instructors may face more heterogeneous cohorts, which
could require more differentiated teaching strategies and
support systems.
Addressing RQ3 in more detail, we conducted ANOVAs,

one for mathematics and one for physics prior knowledge,
with interaction terms to assess whether the observed
changes differed between individual universities. This step
was crucial because the aggregated analysis (RQ1)
included universities that participated in only one of the
two measurement years, potentially masking institution-
specific trends.
The ANOVA results showed significant interactions

between cohort and university for both mathematics and
physics, indicating that the changes over time were not
uniform across institutions. Although the overall effect
sizes were small, post hoc tests revealed meaningful
patterns at the local level.
In mathematics, prior knowledge changes varied across

universities, with some showing significant increases,
others showing decreases, and several showing no change.
In physics, improvements were more consistent but limited
to a few universities, indicating that gains were driven by
specific institutions rather than a general trend.
Taken together, these findings nuance the results

from RQ1. While aggregated analyses suggested no overall
differences between the 2013 and 2023 cohorts in math-
ematics and physics prior knowledge, the institutional
analyses for RQ3 revealed considerable variation across
universities. In mathematics, local increases and decreases
in performance appear to have canceled each other out at
the overall level. For physics, however, the slight overall
increase may reflect actual improvements at universities.
Summarizing RQ1–Q3, mathematics and physics prior

knowledge remained broadly stable across cohorts when
analyzed at the national level but varied notably across
institutions. These results emphasize the importance of
considering both aggregated trends and local institutional
developments when examining changes in student prepar-
edness over time.

C. RQ4: Item-level differences
and content-specific trends

To gain deeper insight into the changes in prior
knowledge, we conducted an item-level analysis across
both cohorts. Notably, eight test items (four in math-
ematics and four in physics) demonstrated a performance
improvement exceeding 5%, serving as important exam-
ples of areas where student preparedness has meaning-
fully increased from 2013 to 2023. Meanwhile, most
items (13 in mathematics and 13 in physics) showed little

to no change, indicating stable performance across
cohorts. It is important to note that the test primarily
targeted declarative and basic procedural knowledge;
more complex problem-solving tasks were not repre-
sented in the items used for the present study.
In mathematics, performance improvements were

observed in items requiring declarative skills, such as
drawing linear functions or applying basic integration
rules. These developments may reflect curricular shifts
toward an increased focus on fluency in core mathemati-
cal operations. For example, improved outcomes on
vector calculus items (e.g., Item A, Fig. 6) may point
to greater emphasis on spatial representations in the upper
secondary curriculum. However, whether this reflects
an actual curricular shift toward spatial representations
would require normative evidence from curriculum
analyses or textbook studies.
In physics, a comparable pattern emerged. Students

performed better on items requiring declarative knowledge,
such as differentiating functions (Item E, Fig. 6) or
assembling basic electric circuits (Item F, Fig. 6).
However, items with a focus on more conceptually
demanding knowledge—such as understanding electro-
magnetic phenomena (Item G, Fig. 6) or wave interference
(Item H, Fig. 6)—showed smaller gains. This is in line with
previous findings that more conceptual understanding in
physics tends to develop more slowly and is harder to
promote [59].
Taken together, these item-level trends suggest that while

declarative and foundational procedural aspects of prior
knowledge have improved across cohorts, challenges
remain in fostering more integrated conceptual under-
standing. The absence of complex problem-solving items
in the test underscores that even within a relatively narrow
cognitive domain, meaningful shifts in performance can be
observed over time.

VII. LIMITATIONS

Before drawing implications, it is important to consider
limitations that may influence the generalizability of our
results. In this paper, prior knowledge in mathematics and
physics was compared between two cohorts, but it is
important to note that no causal conclusions can be drawn
from the data. The observed differences may reflect various
contributing factors, such as those described in the dis-
cussion, but without further investigation, the causal
mechanisms behind these changes remain unclear.
The lack of general changes across cohorts does not

necessarily imply that no changes have occurred. Even
small effect sizes can have significant educational impli-
cations, and the absence of large-scale changes does not
preclude the possibility that other factors may have
influenced individual competencies in specific areas. The
discussion of effect sizes should be considered in this
context.
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Some of our analyses (on RQ3) were based on a
subsample of universities that participated in both 2013
and 2023, which allowed for a more controlled comparison
over time.
A key limitation of RQ1 is the heterogeneity in uni-

versity participation across cohorts, which complicates the
interpretation of cohort-related changes in subject-specific
prior knowledge. Therefore, we performed analyses on a
subsample of universities participating in both 2013 and
2023 to enable controlled comparisons (RQ3). The results
revealed significant interactions between cohort and insti-
tution. This indicates that changes over time were not
uniform but varied considerably between universities.
Therefore, the overall negligible effect sizes observed at

the aggregated level may mask substantial local increases
or decreases in mathematics and physics prior knowledge
of students at individual institutions. This variation limits
the generalizability of cohort comparisons based solely on
pooled data, as such analyses may overlook important
institution-specific trends.
From a practical perspective, general trends in prior

knowledge across cohorts (interpreted as negligible
changes) may be most relevant for policymakers and
educational stakeholders interested in broad systemic
changes. In contrast, the institution-specific variations
(partly large effect sizes) revealed by our analyses are
particularly important for university administrators and
faculty, who may need to tailor interventions and support
measures to their local context.
Additionally, the scope of our study is inherently limited

by the nature of the assessment instruments used.
Specifically, the analysis is based on 17 anchor items in
mathematics and 17 anchor items in physics, which may
not fully capture the entire spectrum of competencies
required for first-year physics students. As discussed in
the project background, this selection reflects a valid but
necessarily narrow subset of relevant content. Accordingly,
conclusions drawn from item-level analyses should be
interpreted with caution and understood as indicative rather
than exhaustive. Furthermore, one limitation pertains to the
range of content areas assessed with the anchor items:
while the anchored items of SET 2013 and SET 2023
effectively evaluate core knowledge domains typically
emphasized at the beginning of classical physics curricula,
they do not include more advanced or interdisciplinary
topics such as computational skills, data literacy, or broader
competencies that have gained importance through the
integration of technology and innovative teaching methods.
As a result, the findings are best understood as reflecting
developments in foundational knowledge and shifts in
average performance, while generalizability to modernized
or interdisciplinary programs remains limited. A future
readministration of the SET 2023, incorporating newly
developed items targeting competencies such as computa-
tional skills and data literacy, as well as extended

mathematics knowledge, may help to overcome this
limitation by enabling comparisons beyond foundational
knowledge domains.
Although the assessments were developed by subject-

matter experts and provide meaningful resolution for
detecting cohort-level differences, several limitations of
the metrics should be noted. The mathematics assessment
includes items that many students answer correctly, which
may produce ceiling effects and reduce discrimination
among higher-performing students. Conversely, the physics
assessment shows generally low performance, which may
limit sensitivity to differences at the lower end of the scale.
In addition, the limited number of items restricts the
coverage of some content domains, and the assessments
cannot capture all aspects of, e.g., problem-solving strat-
egies, reasoning processes, or interdisciplinary knowledge
that may be relevant for first-year physics students.
It is important to note that, as students progress through

their first semester in physics, other factors—such as
perceived stress or sense of belonging—become increas-
ingly more important for their persistence. These factors
relate more to subjective aspects of study success, see
e.g., Ref. [14]. As students’ preparation—and within this,
the prior knowledge—plays a highly important role for
success in a university physics study program, in this paper,
we only focused on the mathematics and physics prior
knowledge.

VIII. IMPLICATIONS

Based on the findings of this study, several implications
can be derived for research and educational practice. First,
it is surprising that no significant changes were observed in
students’ prior knowledge between 2013 and 2023. It is
surprising because other large-scale studies, such as NAEP
and PISA, indicate changes and declines in knowledge
[19,60]. Given these declines, one might have anticipated a
measurable decline in foundational knowledge.
In interpreting the observed cohort differences in math-

ematics and physics prior knowledge, we reported conven-
tional effect sizes (Cohen’s d). According to Cohen’s
widely used benchmarks—d ¼ 0.2 (small), d ¼ 0.5
(medium), and d ¼ 0.8 (large)—most differences in our
study would be seen as “small” or “negligible.” Cohen
himself [54], however, pointed out that these thresholds are
only rough guidelines and should be adjusted depending on
the research context. Small effects may still have practical
relevance, especially in fields like education, where cumu-
lative or systemic impacts are possible.
However, both models have limitations when applied to

our context and raise questions about what differences we
found in our analysis. Cohen’s benchmarks are based on
more controlled psychological experiments [54], while
Yeager’s interpretations relate to intervention studies aim-
ing for systemic change [55]. Our study focuses on
naturally occurring differences in student cohorts’ prior
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knowledge—a situation that neither model fully captures.
This underlines the need for a critical reflection on the
adequacy of standardized thresholds for educational diag-
nostics and entrance assessments. We recommend inter-
preting the differences in our study found between all
universities participating in 2013 and 2023 as small to no
differences between the two cohorts.
The considerations regarding the adequacy of Cohen’s

or Yeager’s interpretation of effect sizes in this context
suggest that future research should move beyond simply
applying generalized effect size benchmarks. A more
meaningful approach would be to examine what a certain
difference in prior knowledge implies for students’
academic success. For example, how does an improve-
ment of 0.20 standard deviation in mathematics or
physics prior knowledge affect the probability of passing
key exams in the first semester?
Answering such questions requires longitudinal studies

that explicitly link prior knowledge with academic out-
comes. By establishing empirical relationships between
effect sizes and meaningful educational benchmarks—such
as study success, retention rates, or exam performance—
future research could define more adequate and context-
sensitive thresholds.
In this sense, both Cohen’s conservative view and

Yeager’s more liberal interpretation provide valuable points
of reference but should not replace critical, context-driven
analyses. We advocate for effect size interpretations that
are directly tied to concrete educational outcomes rather
than abstract statistical conventions. However, the stability
observed in our findings suggests that, at least in the
domains assessed, students’ preparedness remained rela-
tively unaffected. A possible explanation is that the cohort
entering university in 2023 had already acquired most of
the relevant knowledge—specifically, the content targeted
by the 17 mathematics items and 17 physics items—prior to
the onset of the pandemic and the first lockdown. This
would imply that the competencies captured by the test
largely reflect content typically taught before the final years
of secondary education and were thus less vulnerable to
pandemic-related educational losses. Nonetheless, this
interpretation should be treated with caution, as it relies
on assumptions about the timing of content acquisition and
does not account for potential qualitative shifts in how
knowledge was acquired or retained under pandemic
conditions. This counterintuitive result warrants further
investigation. While our study focused on foundational
mathematics and physics knowledge, it is conceivable
that other domains—such as computational skills or data
literacy—were more substantially affected by the pan-
demic. Moreover, the apparent stability in subject-specific
prior knowledge may not generalize across all student
populations. Existing research suggests that students from
socio-economically disadvantaged backgrounds experi-
enced disproportionately greater learning losses during

the pandemic [61]. However, it is also possible that such
students are underrepresented among those who eventually
enroll in physics degree programs—raising the question of
whether our sample captures a more resilient, potentially
more privileged subset of the student population.
Moreover, students who choose to pursue a physics degree
are typically those with a genuine interest in the subject
and, in most cases, at least moderate prior achievement
in mathematics and physics. This selection effect could
partially account for the observed stability and underscores
the need for future studies that explicitly examine hetero-
geneity within incoming student cohorts.
Furthermore, our findings underscore the importance

of ongoing assessment of students’ prior knowledge.
Regularly updating and analyzing such data can inform
curriculum development and enable timely support mech-
anisms, ensuring that educational institutions are better
prepared to address future disruptions to learning.
Regarding future usages of SETs, it is important to note
that the 17 mathematics and 17 physics items used in this
study were selected to ensure comparability across cohorts.
However, as outlined in Sec. VII, the metrics have some
limitations. While the SET was designed so that all
students should be able to solve all items, future studies
could consider supplementing with additional items to
better cover the full range of students’ prior knowledge.
In mathematics, this could help capture differences
among higher-performing students, and in physics, items
could help capture differences among lower-performing
students. Moreover, for detailed analyses on particular
constructs (such as problem solving or comprehensive
knowledge on mechanics) instruments would need to
be extended by items covering these constructs more
broadly. Hereby, it is important that the original items are
retained as anchors to allow comparisons with the results
presented here.
Moreover, our findings of constant prior knowledge,

even though other studies indicate a decline in general
knowledge, raise questions about long-term trends.
Future research could explore whether a decline in prior
knowledge will become evident in the next decade, with
international assessments like PISA potentially revealing
future shifts in student preparedness [35,60]. It is essen-
tial for future research to explore whether the observed
trends are a result of broader educational reforms,
changes in instructional strategies, or other external
influences, providing a clearer understanding of the
forces shaping students’ knowledge and preparedness.
It is therefore reasonable to continue the study in the
sense of trend studies such as PISA to explore changes
and fluctuations in the study-relevant prior knowledge for
physics studies. An additional focus can be placed on
specific changes in school curricula, such as focus shifts
in the last school years or specific regulations in the
Abitur (A-level examination).
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