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Abstract
In expert–novice research paradigms on the teaching profession, the length of experience is—despite many warnings—used
quite often as a key criterion for assigning teachers to the expert group. Using data from the COACTIV project (a study on
the professional competence of mathematics teachers in PISA classes) we analyzed the relationship between 13 expertise
indicators and length of experience (i.e., years of teaching). By ordering all COACTIV teachers regarding each of the 13
indicators and considering the median rank of a teacher according to these indicators, we were able to form an overall
expertise (OE) index. When modeling linear correlations, the 13 indicators as well as the OE index showed negative or zero
correlations with length of experience. When allowing for nonlinear models, we identified slight differential relationships
between years of teaching and OE within three distinct intervals: a positive relation during the first 8 years of teaching, a
negative relation in midcareer, and again a positive relation in the last 10–15 years. Similar curves also emerged in subsamples
(academic- vs. vocational-track teachers). We discuss these findings in light of the cross-sectional nature of the COACTIV
data. Our results call into question if long experience is a sufficient condition for becoming an expert teacher but strikingly
also contradict the widely held view that professional experience is a necessary condition.
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1 Introduction

The question of what makes a good teacher is widely
discussed in international literature under the concept of
teacher expertise or, particularly in German-speaking coun-
tries, teachers’ professional competence (for an overview
of research paradigms see Table A1 in the online supple-
mentary information). Various theoretical models describe
teacher expertise, instructional quality, or the postulated
causal chain from teachers’ professional competence to stu-
dents’ learning gains (for an “integrative” model, see, e.g.,
the cascade model, Fig. 1a). In their recent meta-review
on expertise of teachers, Anderson and Taner (2023) high-
lighted two key desiderata for future research: (1) “to inves-
tigate potentially causative relationships between features of

the expert teacher prototype,” and (2) to analyze “the ex-
tent to which adaptive expertise is dependent on experience”
(p. 14). The call to analyze the dependency of expertise on
professional experience automatically raises the question of
which facets of expertise should be considered. Anderson
and Taner (2023), for instance, identified 73 different fea-
tures of expert teachers. Consequently, research must ad-
dress how these facets relate to one another and whether
they are linked to professional experience in a comparable
way.

In individual empirical studies, typically only a few ex-
pertise indicators of teachers are assessed and examined,
owing to high costs, time constraints, or insufficient field
access, especially over longer periods of time. For the same
reason, longitudinal studies that follow teachers over multi-
ple years—and thus allow for reliable conclusions about in-
traindividual long-term developments—are largely lacking.
Consequently, study samples in this field often include pre-
service teachers, for whom it is not (yet) possible to simulta-
neously assess the quality of their teaching and the learning
progress of their students. Accordingly, it is difficult to em-
pirically link relevant indicators of teacher expertise within
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Fig. 1 (a) The cascade model (adapted from Krauss et al., 2020). (b) Thirteen corresponding key indicators of “teacher expertise” (including
abbreviations) that were assessed in PISA/COACTIV 03/04
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a single study, either to one another or to student-related out-
come measures.

In this paper, we address the relation between exper-
tise and experience from the perspective of the COACTIV
research program (“Professional Competence of Teachers,
Cognitively Activating Instruction, and the Development of
Students’ Mathematical Literacy”; Kunter et al., 2013a). In
the COACTIV study, more than 1000 variables regarding
mathematics teachers (including years of experience), their
teaching in PISA (Program for International Student Assess-
ment) classes, and their students were measured (Baumert et
al., 2009). For our analyses, we selected 13 expertise indi-
cators identified in previous publications as relevant for or
connected to high-quality teaching, which have so far been
analyzed only separately or in smaller groups (e.g., Kunter
et al., 2013a). These indicators stem from various stages of
typical causal models (e.g., Fig. 1a; see Fig. 1b for the im-
plementation of the 13 constructs in the cascade model) and,
historically, from different research paradigms (Table A1 in
the online supplementary information).

To give all indicators the same weight (and for an easier
interpretation and comparison), we transformed each indica-
tor scale to a percentile rank scale (0 = lowest expertise; 100
= highest expertise). To reduce complexity, we furthermore
created an overall expertise (OE) index for each teacher by
considering the median of these 13 percentile scales and in-
vestigated the relationship to professional experience both
for the individual expertise indicators and for the OE index.
We considered the distribution of expertise particularly in
the first years of teaching (Dreyfus, 2004; Stigler & Miller,
2018) but also in later career stages—an aspect that has been
a blind spot in teacher expertise research.

2 Which indicators of expertise should be
considered?

2.1 The perspective of expertise research

Expertise research from cognitive psychology has shown
that in numerous fields, experts differ from laypersons
primarily because of their well-organized, flexible, and
quickly applicable domain-specific knowledge (Gruber et
al., 2010). Furthermore, experts perceive domain-specific
situations differently from novices: They immediately rec-
ognize meaningful deep structures, whereas novices notice
only superficially visible features in the same situations
(e.g., Brams et al., 2019).

In the 1980s, general expertise research was applied to
the teaching profession (Krauss & Bruckmaier, 2014). The
expertise paradigm provided the theoretical basis for re-
search on the professional knowledge of teachers (Fig. 1a,

column 1) and for the investigation of their professional per-
ception (“noticing”) of teaching situations (Fig. 1a, column
2). Both areas are now well established in teacher research.

The intraindividual development of expertise is a par-
ticular focus of the general expertise paradigm (Ericsson
et al., 1993), including studies of cognitive internal pro-
cesses such as knowledge restructuring when becoming an
expert (e.g., Boshuizen et al., 2020). Because the expertise
paradigm frequently concentrates on intraindividual change
processes across the professional lifespan, methodologically
it is based predominantly on qualitative research (e.g., An-
derson & Taner, 2023).

The idea of the expert–novice paradigm is to explicitly
compare a group of experts with a group of novices to detect
further crucial cognitive or behavioral differences between
the groups empirically. In this paradigm, the researcher has
to decide which teachers are experts (and which are not)
before starting the study. If the expert status is not clear
by objective standards—as it is in well-structured domains,
such as chess, where players have Elo ratings—this require-
ment almost inevitably leads to a “chicken-and-egg” prob-
lem. However, after several decades of using expert–novice
paradigms in the ill-structured domain of teaching, a few
criteria have emerged that, in part, also guided the present
study. In such paradigms, typically one (or a combination)
of the following criteria is used to preselect expert teachers
(e.g., Bromme, 2008; Palmer et al., 2005):

(1) Level of education (e.g., student teachers vs. trainee
teachers vs. practicing teachers),

(2) Professional achievements (e.g., professional promo-
tions or certificates),

(3) Nominations by peers or supervisors (social recogni-
tion),

(4) Teaching quality (e.g., evaluation by students or ob-
servers),

(5) Improvement of students’ performance (or other teach-
ing target criteria),

(6) Teaching experience (by length of employment).

When teachers were selected according to these criteria (i.e.,
expert teachers vs. novices), substantial differences concern-
ing many further constructs (e.g., those shown in Fig. 1)
were identified between the two groups in multiple expert–
novice studies (Anderson & Taner, 2023). In sum, we re-
fer to all variables that may allow distinctions between ex-
perts and novices (i.e., criteria 1–5), as well as all constructs
shown in Fig. 1, as (potential) indicators of expertise.

However, with regard to criterion 6, teaching experience,
several authors have cautioned against simply equating ex-
perience with expertise (e.g., Berliner, 2001; Palmer et al.,
2005; Stigler & Miller, 2018). As Stigler and Miller (2018)
noted: “The problem with conflating experience and exper-
tise has long been recognized (e.g., Berliner, 1986). Despite
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this, experience still has been the main variable used to in-
dicate expertise in teaching, at least until recently” (p. 436).
For instance, Caspari-Sadeghi and König (2018) found that
one third of their analyzed expertise studies used experience
as a criterion for preselecting “expert teachers”.

Consequently, performance measures should be included
when identifying experts (Berliner, 2001). Note that in the
cascade model (Fig. 1), teaching quality (column 3) relates
to teacher performance (i.e., the provision of learning op-
portunities), while also the improvement of students’ per-
formance (column 5) should be considered.

2.2 The perspective of the professional competence
paradigm

German large-scale studies, such as COACTIV (Kunter et
al., 2013a) and TEDS (Teacher Education and Development
Study; Blömeke et al. 2020, 2022), adopted the initial focus
on professional knowledge and perception from expertise re-
search. Rather than qualitatively investigating intraindivid-
ual development or contrasting experts and novices, these
studies constructed psychometric instruments for mathe-
matics teachers and conducted quantitative statistical anal-
yses on samples covering all levels of teacher competen-
cies (rather than considering only “extreme groups” such
as experts and novices). In both research programs, tests
were developed based on Shulman’s (1986, 1987) theoret-
ical taxonomy of teacher knowledge, which contains the
categories content knowledge (CK), pedagogical content
knowledge (PCK), and pedagogical knowledge (PK). In ad-
dition, both studies implemented video vignettes to capture
teachers’ professional perceptions of critical lesson scenes
(e.g., Bruckmaier et al., 2016; Kaiser et al., 2017; Krauss et
al., 2008a,b).

However, further aspects, many of which are more
closely associated with personality, play a role in teaching
success and should therefore be integrated into an overall
model of important teacher characteristics. The left column
in Fig. 1a, for instance, displays the four overarching con-
structs of the COACTIV model of professional teacher (ac-
tion) competence. Because expertise research (see Sect. 2.1)
traditionally focuses on the development of expertise, while
empirical evidence on the malleability of teachers’ moti-
vational orientations or self-regulatory skills through ed-
ucation and training remains less clear, the classic notion
of expertise in Germany has largely been replaced by the
concept of teacher competence (Weinert, 2001). Thus, in
general, both the expertise and competence concepts refer
to—with slightly differing accentuations—teacher charac-
teristics (Fig. 1a, first two columns) that are responsible for
high-quality teaching and students’ learning gains. In the
present article, indicators of expertise then are the named

competencies as well as their consequences, such as mani-
festations in teaching and learning, which can stem from all
five columns in the model.

The notion of competence was extended in the interna-
tional TEDS framework (e.g., Blömeke et al., 2022; Kaiser
& König, 2020). Blömeke et al. (2015) proposed consider-
ing competence as a continuum (i.e., column 1–3 in Fig. 1a).
In this generic model, perception-related situation-specific
competencies (column 2) function as mediators between dis-
positions (column 1) and teacher performance (column 3).
Situation-specific competencies, also discussed under con-
cepts such as professional vision (Seidel & Stürmer, 2014)
or noticing (König et al., 2022), describe the awareness
of and appropriate responses to critical situations in the
classroom (perception, interpretation, and decision making;
Blömeke et al., 2015). Such competencies are often assessed
using short video vignettes showing lesson scenes as stimuli
(in contrast to the typical paper-and-pencil assessment of,
e.g., teacher knowledge categories). Under the concept of
competence as a continuum, it has been suggested that the
actual performance of the teacher (i.e., the teaching action,
column 3) can also be regarded as competence in a broader
sense (Blömeke, 2025).

The competence paradigm—at least as it is typically in-
terpreted in Germany—focuses neither on the intraindivid-
ual development of teachers nor on differences between ex-
perts and novices. It is instead concerned with constructs
and their mutual dependencies, which are often analyzed
quantitatively. These models are methodologically based on
representative random samples of teacher populations. The
statistical analyses—correlational by nature—then are typ-
ically based on the whole teacher sample (i.e., across all
competence levels). Because no specific teachers are pres-
elected in this paradigm (e.g., experts or novices), it implic-
itly avoids the challenge of defining the “expert teacher.”

A key method of quantitative large-scale studies is the
implementation of path models (PMs) or structural equation
models (SEMs) to evaluate the impact of certain constructs
within one area (i.e., columns in Fig. 1a) on constructs in
subsequent areas. This could, for example, be the predic-
tive validity of professional knowledge (column 1) or of pro-
fessional perception (column 2) for aspects of teacher per-
formance (column 3) or students’ learning gains (column
5). Teacher performance is often referred to as instructional
quality in German studies and modeled by the three ba-
sic dimensions: cognitive activation, constructive individual
learning support, and classroom management (e.g., Kunter
& Voss, 2013; Praetorius et al., 2018). Several studies have
documented effects of professional knowledge, construc-
tivist beliefs, and enthusiasm on aspects of instructional
quality (e.g., Blömeke et al., 2022; Kelcey et al., 2019;
Kunter et al., 2013b; Shechtman et al., 2010).

Because it is administratively very costly, only a few
large-scale studies have so far investigated the impact of
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these constructs on student learning gains (see Table 1 in
Krauss et al., 2020; for experimental evidence see, e.g., Hat-
tie, 2024). In Appendix B9 (electronic supplementary in-
formation) we explain why this was particularly feasible in
Germany in 2003/2004 in the framework of the COACTIV
research program. In this study, for instance, PCK was the
most influential factor for students’ learning gains among
more than 1000 teacher and lesson variables, after control-
ling for students’ prior knowledge (e.g., Baumert et al.,
2010; Kunter et al., 2013a,b). Furthermore, CK (Krauss et
al., 2008a,b), constructivist beliefs (Voss et al., 2013), diag-
nostic skills (Binder et al., 2018), and enthusiasm (Kunter,
2013) also showed effects on student learning.

From the aforementioned large-scale studies, one can see
how constructs can be identified that predict further de-
sirable outcomes by implementing quantitative instruments
(i.e., from left to right in the cascade model). The model
of professional teacher competence (Fig. 1a, column 1), in
turn, emphasizes the need to integrate factors such as moti-
vational orientations, including enthusiasm for the subject or
for teaching it. Furthermore, the German research tradition
suggests considering the three basic dimensions of instruc-
tional quality (Fig. 1a, column 3; Praetorius et al., 2018). In
the same way, it also points to the importance of including
aspects of student mediation (e.g., experienced joy; Fig. 1a,
column 4; Kunter et al., 2013b) that may ultimately con-
tribute to student learning gains (Fig. 1a, column 5).

2.3 Expertise and competence paradigms: similar
constructs but unclear role of experience

Despite the fundamental differences between the expertise
and competence paradigms, the two approaches have iden-
tified very similar crucial teacher and lesson characteris-
tics over the last decades. For instance, Anderson and Taner
(2023) analyzed more than 100 empirical expertise studies
and identified 73 specific features that were stressed in more
than four of them. The authors informally grouped these
features into six domains of an “expert teacher prototype”:
knowledge base, cognitive processes, beliefs, personal at-
tributes, professionalism, and pedagogic practice. Features
emphasized in more than ten studies included, among oth-
ers, PCK well developed, extensive CK, passion for pro-
fession, and creates positive, supportive learning environ-
ments. Although the structure shown in Fig. 1 and the the-
oretical approaches described there are primarily used by
quantitative researchers, most features identified by Ander-
son and Taner’s meta-summary could easily fit into the cas-
cade model (i.e., mainly into the first three columns).

With regard to (teaching) experience, practitioners in par-
ticular emphasize its central role in their profession. In-
deed, within expert–novice paradigms, experience is fre-
quently employed as a proxy for categorizing participants as

experts (Stigler & Miller, 2018). However, although some
growth in teacher expertise might occur during the first 5–7
years of practice (Berliner, 2004; Lopez, 1995), experience
alone does not automatically lead to expert-level teaching.
From the perspective of expertise research, purposeful de-
liberate practice with peer feedback and continuous reflec-
tion is needed as a potential trigger for individual develop-
ment (Berliner, 2001; Ericsson et al., 1993). In fact, teachers
might plateau after their initial years, and only those who ac-
tively reinvest their experience into innovative and respon-
sive teaching potentially reach the expert level (Hattie, 2024;
Palmer et al., 2005).

Experience might be a necessary but by no means suf-
ficient condition for the development of teacher expertise.
Thus, the question is, how valid is the common use of ex-
perience as a proxy for expertise? There is only limited ev-
idence about the differential dependency of various indica-
tors of expertise on years of professional experience. We are
also not aware of any attempt to model an OE measure that
comprises many relevant indicators and then to investigate
the correlation of such a measure with professional experi-
ence.

3 Research questions and methods

3.1 Research questions and hypotheses

With respect to choosing the indicators, the approach of the
present paper is exploratory in nature. We considered the
following 13 expertise indicators (shown in Fig. 1b within
the cascade model): content knowledge (CK), pedagogical
content knowledge (PCK), constructivist beliefs (CB), en-
thusiasm (ENT), job satisfaction (JS), methodological ac-
tion competence (MAC), subject-specific action competence
(SAC), cognitive activation (CA), constructive individual
learning support (CS), classroom management (CM), expe-
rienced enjoyment by students (S-JOY), experienced anx-
iety by students (S-ANX, negatively poled), mathematical
learning gains of students (S-ΔM). In Sect. 3.3 we describe
how these indicators were chosen from the variables as-
sessed in COACTIV.

By relying on data from the COACTIV study, in which
all 13 indicators—together with teaching experience—were
measured in a single sample of German secondary mathe-
matics teachers and their PISA classes, we aimed to address
the following research questions (RQs):

RQ1: How do the expertise indicators correlate with years
of teaching experience?

RQ2: How does an OE index formed by the indicators de-
pend on experience when
a) the linear correlation is considered?
b) a nonlinear model is allowed?
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Whereas the choosing of variables from the COACTIV data
set has an explorative character, the analyses are hypothe-
sis testing by nature. That the application of experience as
a preselection criterion for “expert teachers” has been so
prevalent—according to Stigler and Miller (2018), it is even
the main criterion in expert–novice paradigms—carries the
implicit hypothesis that years of teaching can be taken as a
proxy of expertise. We tested this assumption with respect
to 13 pertinent expertise indicators (RQ1) as well as regard-
ing a newly formed overall expertise indicator (i.e., the OE
index; RQ2).

By allowing the relationship between this overall exper-
tise indicator and years of experience to be fitted using lo-
cally estimated scatterplot smoothing (LOESS, for details
see Sect. 3.5), in addition (RQ2b), we aimed to identify spe-
cific phases of the teaching career and to eventually distin-
guish between beginning of career, midcareer, and end of
career.

Note that the implicit hypothesis on experience being
able to distinguish between experts and nonexperts should
not be confused with that on intraindividual expertise devel-
opment. Inferring intraindividual development from cross-
sectional data would entail the risk of an ecological fallacy
(Robinson, 1950). We instead sought to answer the question
of whether it is a valid option to rely on experience when
looking for expert teachers (i.e., at a specific point in time).

3.2 Context of the study: COACTIV 2003/2004

The COACTIV study,1 conducted in Germany from April
2003 (end of 9th grade) to April 2004 (end of 10th grade),
empirically examined the professional competence of sec-
ondary mathematics teachers in German PISA classes. It
aimed to investigate which teacher competencies influ-
ence instructional quality and student learning gains (for
more background see Appendix B9). Regarding the teach-
ers, many valid and reliable measurement instruments were
newly developed or adapted. These instruments tapped var-
ious facets of the four overarching competence aspects
shown in column 1 of the cascade model (Fig. 1a). They also
measured professional perception, interpretation, and deci-
sion making by implementing short video vignettes (column
2) as well as aspects of instructional quality (column 3). In
PISA, student variables such as experienced joy or anxiety
regarding mathematics (column 4) and achievement at the
end of grades 9 and 10 were measured (column 5). In sum,
more than 1000 variables were recorded for each teacher.
For an overview of the COACTIV instruments, constructs,
and scales, see Baumert et al. (2009).

1The COACTIV study was funded by the German research foundation
(DFG) from 2002 to 2006 (Directors: Jürgen Baumert, Max Planck
Institute for Human Development Berlin; Werner Blum, University of
Kassel; Michael Neubrand, University of Oldenburg).

Note that despite the age of the study, the present anal-
yses are still relevant: While mean values of scales can and
should change over time (e.g., 20 years later, means in be-
liefs or knowledge of teacher samples may be affected by
changes in society or in teacher training), this does not nec-
essarily apply to correlations between constructs (e.g., be-
tween expertise indicators and years of experience, or re-
garding predictive validity of constructs). This assumption
is plausible, as such models represent structural empirical
relations (i.e., in teaching environments), and there are no
prevailing theories on the temporal change of these rela-
tions. Moreover, especially linear models are unaffected by
changes in the means of the variables involved.

3.3 Constructs and instruments

Student variables do not appear in models of professional
teacher competence (Kunter et al., 2013a) or in the list of
Anderson and Taner (2023) on teacher expertise research.
We took students’ learning gains as the key target of teach-
ing mathematics and modeled experienced joy as well as
the absence of anxiety as supportive factors for students.
The main criteria for choosing the indicators on the teacher
side were (a) their availability in the COACTIV data set, (b)
the demonstration of their predictive validity for the student
variables in previous COACTIV analyses, and (c) their per-
tinence to both expertise and competence research.

To continue going from right to left in Fig. 1b, the
three basic dimensions of instructional quality (i.e., CA,
CS, and CM) have been successfully implemented in nearly
all SEMs or PMs published to date that examined the pre-
dictive validity in the COACTIV study. Last but not least,
we identified eight constructs regarding teacher competence
that show predictive validity with respect to instructional
quality or teaching goals. In sum, we obtained a set of 14
psychometric constructs.

Exploratory pre-analyses led us to exclude diagnostic
skills from this set (Brunner et al., 2013). In COACTIV, di-
agnostic skills were measured by eight single items. How-
ever, it was not possible to build a reliable scale, so in
COACTIV the term diagnostic skills was chosen deliber-
ately (instead of diagnostic competence). The individual
skills do not correlate systematically with each other, and
it depends on the specific statistical method whether a cer-
tain diagnostic skill can predict instructional quality or stu-
dent variables (see Binder et al., 2018). All remaining con-
structs are pertinent to expertise as well as to competence
research (Anderson & Taner, 2023). Because of our focus on
individual teachers and on high values of features (i.e., “ex-
pert teachers”; e.g., see Fig. D1 in Appendix D in the online
supplementary information), we decided to deviate from the
previous COACTIV convention and label all 13 constructs
as expertise indicators.
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Table 1 provides an overview of the 13 expertise indi-
cators (also see Fig. 1b). In the online supplementary infor-
mation (Appendices B1–B8) the conceptualization and mea-
surement of each indicator is described, including full scales
(if brief) or example items. In Appendix B8 we explain how
our current analysis differed from previous COACTIV anal-
yses by including the calculation of the individual learning
gain per class. Further background information on the study
can be found in Appendix B9.

3.4 Sample

The COACTIV sample consists of N = 402 mathematics
teachers, of whom some have missing values for one or more
of the 13 facets targeted here. As a result, the available sam-
ple size per indicator varies (194 ≤ Ni ≤ 283). Regarding
RQ1, the maximum sample size was used for each indicator.
For shared analyses across all indicators (RQ2), we allowed
a maximum of four missing values per teacher (see 3.5 for
details). Data on at least 9 of the 13 facets were available for
N = 217 mathematics teachers, who taught the PISA class
in grade 10 in 2004. In the analysis for RQ2, these teachers
and their 10th-grade classes, consisting of N = 4,421 stu-
dents in total, were included (the mean class size was about
n = 21).

Of the N = 217 teachers, 94 were female, 106 were male,
and 17 declined to state their gender. Age and professional
experience were reported by n = 201 teachers. The average
age was 47.33 years (SD = 8.53) and the mean professional
experience as a practicing teacher was 21.15 years (SD =
9.92).

Note that in Germany, there are different secondary
school tracks. Empirical studies usually differentiate be-
tween the academic track (“Gy”: Gymnasium; up to grade
13), qualifying for university access, and the other, voca-
tional tracks (“NGy”: non-Gymnasium; up to grades 9/10).
Of the N = 217 teachers, 87 worked in the Gy track and 130
in the NGy tracks.

3.5 Statistical analyses

For answering RQ1 and RQ2a, Pearson’s product-moment
correlation coefficients were computed. Since combining all
13 facets (e.g., as a sum score) regarding RQ2 would require
excluding many teachers, owing to missing values on indi-
vidual indicators, we allowed up to four missing indicators
per teacher to form the OE index. This scoring approach en-
abled the inclusion of a relatively large teacher sample of
N = 217 secondary mathematics teachers. For the situation-
specific skills (MAC and SAC), approximately 30% of the
cases exhibited missing values owing to teacher turnover be-
tween 2003 and 2004, as both constructs were assessed ex-
clusively in 2003 and could therefore not be transferred to

teachers who entered in 2004. With regard to the remain-
ing 11 indicators, the final sample of N = 217 teachers dis-
played a maximum of 23 missing cases (11%).

All expertise indicators for these N = 217 teachers were
transformed into standardized percentile ranks (0 = lowest
expertise, 100 = highest expertise), allowing the indicators
to be included in the index with equal weights. Finally, we
took the median of all percentiles that were available per
teacher (permitting up to four missing values) as the OE in-
dex. The median (instead of the mean) was applied to reduce
the influence of outliers and provide a comparable ranking
system despite the varying sample sizes.

Regarding RQ2b, we used LOESS (Cleveland, 1979).
This is a nonparametric regression method that fits a smooth
curve to data by averaging subsets of nearby points (the
scale defining the points included as neighboring being one
parameter). LOESS performs a weighted linear regression
for each point using only its neighbors, with weights de-
clining as distance increases. The technique adapts to local
patterns in a nonlinear manner and does not assume a fixed
functional form (e.g., quadratic, asymptotic, etc.), which one
would need to specify if applying a model of the generalized
linear family. Thus, we did not explicitly assume or model a
specific curve; rather, we exploratively allowed for nonlin-
earity in general.

4 Results

Table 2 presents the descriptive results for the 13 expertise
indicators in the COACTIV study based on the maximum
available N per indicator, with means, standard deviations,
and school-type differences reported in their original met-
rics. In addition, the sample size, number of items, and reli-
ability coefficient (Cronbach’s alpha) are provided for each
indicator.

4.1 RQ1: how do the expertise indicators correlate
with years of teaching experience?

The rightmost column in Table 2 displays the relationships
between professional experience (in years) and individual
expertise indicators. Except for classroom management and
the mathematical learning gains of the students, all indica-
tors descriptively show a negative correlation with experi-
ence. Note that this is especially pronounced regarding the
indicators in columns 1 and 2 of the cascade model (i.e., pro-
fessional competence), where four of seven correlations are
significantly negative.

The three highest negative correlations were found be-
tween expertise and content knowledge (CK), methodolog-
ical action competence (MAC), and constructive individual
learning support (CS). The linear correlation coefficient (Ta-
ble 2) was r = −.19 (p = .01) for CK, r = −.23 (p < .01)
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Fig. 2 Relationship of the overall expertise (OE) index and professional experience (cross-sectional data)

for MAC, and r = −.27 (p < .01) for CS. Therefore, at
least regarding these indicators, the data seem to suggest
that when looking for expert teachers, it is even preferable
to look among younger teachers.

Note that the negative (or zero, respectively) corre-
lations of the indicators with experience cannot be ex-
plained by some low values in “older” teachers alone (e.g.,
caused by exhaustion or similar effects). Instead, it is strik-
ing that all 13 scatterplots displaying the relation between
each expertise indicator and experience revealed “unexpe-
rienced” teachers scoring substantially above average (also
see Fig. 2).

In sum, regarding the 13 individual expertise indicators,
there is no evidence of higher expertise in more experienced
teachers and thus no support for the frequent application of
experience as criterion for assigning teachers to the expert
teacher group. However, from the negative correlations one
cannot automatically conclude an intraindividual decline of,
for example, CK, MAC, and CS during the professional ca-
reer (also see Sect. 5). The question answered is instead:
When one is searching in a cross-sectional sample of math-
ematics teachers for expert teachers (i.e., teachers with high
expertise indicators), should the years of teaching guide this
search?

4.2 RQ2: how does an OE index formed by the
indicators depend on experience?

Before we tackle RQ2a and b, it is an intriguing question
whether the COACTIV data allow the construction of a
meaningful OE index. Even though we consider the index
to be neither a reflexive nor a unified construct, the correla-
tions between the individual indicators are informative (see

the desideratum formulated by Anderson & Taner, 2023,
above). On the basis of the percentile scales, we calculated
the internal consistency of this newly constructed OE in-
dex using Cronbach’s α, which was αOE = .70 based on
N = 217 teachers (this is not an indicator of homogeneity;
Stadler et al., 2021). Note that for interpreting Cronbach’s α

as reliability, unidimensionality must be assumed. Instead,
in the way we use α here, it is an approximation of the
mean split-half correlation (since tau equivalence cannot be
assumed for the OE index).

In the second-to-last column of Table 2, the correspond-
ing part–whole corrected item–total correlations of the in-
dividual indicators with the OE index are reported. Two of
the three instructional quality dimensions—CA and CS—
together with the enthusiasm of the teachers (ENT) proved
to be the “most representative” expertise indicators. The
item–total correlations were r it = .47 for CA, r it = .45
for CS, and, r it = .43 for ENT. Note that two of these
three indicators that are particularly representative for ex-
pert teachers—ENT and CS—simultaneously relate signifi-
cantly negatively with experience (while CA is uncorrelated
in this respect).

Although relations between some indicators can be ex-
pected, such an overall relation (αOE = .70) cannot be
readily assumed for the following reasons: The 13 in-
cluded expertise indicators (a) stem from structurally dis-
junct columns of the cascade model, (b) differ strongly in
content, (c) are based on different measurement methods
and tools (e.g., questionnaires, tests, coding of open an-
swers), and (d) were evaluated from different perspectives
(i.e., students vs. teachers vs. external coders). The indi-
vidual expertise profiles of four exemplary teachers taken
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from the “top 10 expert teachers” referring to the OE index
(Appendix D in the online supplementary information) also
illustrate that high values on the indicators are not randomly
distributed but tend to cluster (this finding is in line with the
high Cronbach’s α of the OE index). In any case, it is mean-
ingful to reduce complexity and consider the OE index in
the following.

4.2.1 Linear correlation between the OE index and
experience (RQ2a)

The Pearson’s product-moment correlation coefficient be-
tween professional experience (in years) and the OE in-
dex (comprising 13 relevant expertise indicators) was −.18
(p = .01), meaning that the two variables show a signifi-
cantly negative correlation (Appendix C in the online sup-
plementary information). Like the individual expertise indi-
cators, the OE index also does not hint at higher expertise
in more experienced teachers and thus suggests that profes-
sional experience should not be used as a criterion for iden-
tifying expert teachers.

However, the small but significant negative correlation
coefficient requires a linear dependency between years of
experience and expertise. It is questionable whether the as-
sumption of linearity indeed best captures the underlying na-
ture of the relationship, especially given the long and varied
careers of teachers, typically spanning 40 eventful years.

4.2.2 Nature of the relationship between the OE index and
experience (RQ2b)

Since Pearson’s product-moment correlation captures only
linear relations, it is interesting to allow for a nonlinear mod-
eling of the relationship between the OE index and pro-
fessional experience (in years). Figure 2 displays the cor-
responding scatterplot, fitted using LOESS (see Sect. 3.5)
with two curves representing teachers from the two German
secondary school types (Gy vs. NGy). First, the curves in
Fig. 2 show a nonlinear relationship between the OE index
and professional experience. Second, the two curves exhibit
a very similar shape. Since the two groups (Gy vs. NGy)
have no teachers in common (i.e., they are completely dis-
junct), this comparison may indicate a certain stability of the
underlying relationship.

A closer look at Fig. 2 descriptively reveals a positive re-
lationship between OE and experience in the first 0–8 years
of a teaching career. Despite the impossibility of inferring
longitudinal effects from cross-sectional data as a matter of
principle (Robinson, 1950), it has to be noted that this rela-
tion is at least consistent with the oft-reported intraindivid-
ual increase of expertise in the beginning of a career (e.g.,
Lopez, 1995; Stigler & Miller, 2018). However, in the inter-
val of about 9–27 years of experience, the diagram suggests

a negative relationship, followed by an again positive rela-
tion in the phase of about 28–42 years. Since these three
distinct phases can be roughly approximated as linear, Ap-
pendix C in the online supplementary information reports,
among other results, the linear correlation coefficients re-
stricted to these three intervals of interest. Together with the
stable variability of expertise across the professional lifes-
pan (see Fig. 2), we found no empirical evidence for the
validity of taking experience as a prerequisite for expertise,
neither as a necessary nor as a sufficient condition.

5 Discussion

5.1 Summary

We investigated the dependency of indicators of teacher ex-
pertise on professional experience (i.e., years as a practic-
ing teacher). In the theoretical part, we consulted two preva-
lent paradigms in research on teaching: expertise and profes-
sional competence. Despite differing research methods and
foci, similar competence aspects and features of an expert
teacher prototype were identified within the two paradigms
so far. Since these competence aspects on the one hand
and consequences such as instructional quality and students’
learning gains on the other belong to distinct columns of the
cascade model (Fig. 1), we referred to them as expertise in-
dicators.

In the empirical part, we tested the implicit assumption of
many expert–novice paradigms that manifests as choosing
experience as a criterion for assigning expert status to teach-
ers by using the data of the COACTIV study 2003/2004.
With this data, so far several SEMs have been implemented
to investigate the predictive validity of teacher competen-
cies or aspects of instructional quality for student variables
such as joy or anxiety about mathematics and learning gains
(e.g., Baumert et al., 2010; Kunter et al., 2013a,b). In previ-
ous publications on the COACTIV study, we identified eight
competence aspects that had an impact on instructional qual-
ity or teaching goals. Thus, in addition to the three relevant
student variables and the three basic dimensions of instruc-
tional quality, there were 14 potential constructs indicating
teacher expertise. We excluded the variables on diagnostic
skills (as they are very heterogeneous), leaving 13 individ-
ual expertise indicators (Fig. 1b, Table 1).

To investigate RQ1, we considered the bivariate correla-
tions of these 13 indicators with the teachers’ professional
experience (i.e., years of teaching), revealing negative or
zero correlations (Table 2). The sample for RQ2 consisted
of all teachers with values on at least nine expertise indica-
tors (N = 217). Using this sample, after ranking all teach-
ers on each indicator and transforming these ranks into a
percentile scale, we formed an OE index, determined as the
median across all available valid measures per teacher.
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By constructing and validating a comprehensive OE in-
dex using 13 theoretically grounded indicators from multi-
ple stages of the cascade model, we offer a new integrative
approach for operationalizing teacher expertise that allows
for more general analyses within the professional lifespan.

Regarding RQ2a, relating this index again to professional
experience reproduced the negative linear effects of the in-
dividual indicators. Concerning RQ2b (allowing the scatter-
plot to be fitted using LOESS) a nonlinear relationship be-
tween the OE index and experience emerged. We descrip-
tively found evidence for a positive relation in the first 8
years of teaching (even in line with the longitudinal state
of the art; e.g., Lopez, 1995; Stigler & Miller, 2018). In the
midphase of a teaching career, however, a negative linear re-
lationship was found in the data. In the last 10–15 years of
the career (a phase that seems to be a blind spot in teacher
expertise research), the relationship becomes positive again.
Remarkably, similar curves also reappear in the two subsam-
ples (GY vs. NGy track teachers).

Note that one cannot derive a conclusion about intraindi-
vidual development from the lack of a cross-sectional corre-
lation between experience and expertise. Nor can one use
this to make a judgment about the quality of an educa-
tional system (maybe—or maybe not—the teachers’ edu-
cation was successful and the prevailing expertise is “suf-
ficient” in some way; see Sect. 5.2).

5.2 Limitations

A possible limitation of the present analyses is the age of
the data. However, we argue that there are no substantial
theories on the temporal change of correlational structures
in this domain. Thus, even 20-year-old data remain relevant
in this respect and may contribute to our understanding of
the relationships between the analyzed variables today (also
see Appendix B9).

Answering our research questions did not require us to
infer an existing or not existing intraindividual increase in
expertise from the cross-sectional COACTIV data. How-
ever, this is an issue worth discussing, especially because
such an interpretation is tempting. Moreover, if we inte-
grated cross-sectional data, for example, on the PCK of a
sample of teacher students (Krauss et al., 2017), the com-
bined scatterplot would show a strong “increase” during the
university phase, a slightly weaker “increase” in the sub-
sequent practical phase (in Germany the second-phase of
teacher education, which is a seminar-based practical educa-
tion, so-called Vorbereitungsdienst), and afterward a course
like the curve of Fig. 2 (slight increase in the beginning years
of a teacher, then approximating some kind of maximum).
Thus, the “whole picture” then indeed would look exactly
like typical logarithmical individual learning curves, be it
regarding expertise research or concerning general learning
theories.

However, the ecological fallacy (Robinson, 1950) teaches
us that longitudinal and cross-sectional correlations can
have the same or inverse signs in principle. For instance, po-
tential cross-sectional correlations of expertise (indicators)
with teachers’ professional experience (in years) may arise
from (multiple) individual developments in expertise over
time but also for several other reasons:

First, it could be possible to identify generation effects.
For instance, if the highest educational degree of the teach-
ers’ mothers is correlated with teachers’ experience, this re-
lation should be strongly negative (as it is in the COAC-
TIV data). This, however, does not document a development
within a teacher’s career (the mother always has the same
educational degree) but rather reflects that, due to substan-
tial changes in societal roles over the last five decades, more
and more women have pursued higher education and careers
of their own.

Second, age effects are perceivable. For example, in the
COACTIV reaction time test (teachers had to respond as
quickly as possible to evaluate a student’s answer; Binder et
al., 2018; Krauss & Brunner, 2011), older teachers may have
reacted more slowly simply because of an age-related reduc-
tion in general reaction time. Although such effects could
theoretically be considered a decrease in expertise, they are
not a direct effect of increasing experience.

Third, sometimes, all three factors may contribute to a
correlation with experience. For instance, if older teachers
show less patience with students, this may be due to a gen-
eration effect (“in the past, teachers were stricter”), an age
effect (“increasing distance from the world of the students”),
or a direct effect of (even negative) development in expertise
(“learned impatience,” e.g., by exhaustion).

Thus, a cross-sectional correlation would be only a possi-
ble indicator of intraindividual change processes. Note that
in the same way, a lack of correlation cannot rule out longi-
tudinal development. For example, when—just as a thought
experiment—explicitly modeling an intraindividual increase
at a second measurement point for every single teacher, a
zero-correlation scatterplot from the first measurement point
could simply move upward to the right overall in the sec-
ond measurement point, preserving the cross-sectional zero-
correlation despite multiple individual expertise increases.

Still, a longitudinal interpretation of our results in any
case would stimulate discussion as to why the instruments
typically used in quantitative studies are not sensitive to ex-
pertise development. Certainly, there are multiple intraindi-
vidual changes within a teacher’s career, for instance, the
development of higher automaticity or the formation of rou-
tines (yet both automaticity and routines have been said to
prevent expertise development in general expertise theory;
Gruber et al., 2010). If one believes in intraindividual exper-
tise development, one must then determine how to design
quantitative instruments to reveal this development. If one
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does not interpret the results of this article in a longitudi-
nal way, however, the interesting question remains how to
design expertise measurement instruments so that more ex-
perienced teachers score higher than novices.

The approach we used in the present paper with respect
to choosing the expertise indicators as well as forming the
OE index (including the restriction to a maximum of four
missing values), is exploratory. Still, given the frequent at-
tribution of expertise based on professional experience (c.f.,
Stigler & Miller, 2018) and the availability of a large data set
that can verify this assumption from multiple perspectives
(Appendix B9), we consider this approach to be justified
for obtaining evidence. We hope, however, that the present
study may inform future longitudinal designs.

Moreover, in the analyses regarding RQ2b, no particu-
lar relationship between professional experience and the OE
index was modeled. Future studies should test specific hy-
potheses regarding the expected curve of the relationship.
Without assumptions about the relationship, the fitted curve
(Fig. 2) also remains exploratory.

5.3 Conclusion

In a cross-sectional COACTIV sample of N = 217 sec-
ondary mathematics teacher we found no positive relation
between experience (years of teaching) and expertise when
the whole teaching career is considered. This is true for
the 13 identified pertinent expertise indicators from various
stages of the cascade model as well as for a newly formed
OE index.

Taking additionally into account the stable variability of
expertise across the professional lifespan (see Fig. 2), we
found no empirical evidence for the validity of the common
practice of using professional experience as a selection cri-
terion for expert teachers in expert–novice paradigms. Note
that there are teachers with very high expertise even in the
early years of their teaching career (see the values in the up-
per left corner of the scatterplot, Fig. 2), which is also repro-
duced for every singly indicator. Thus, the present analyses
raise not only the question of whether experience is a suffi-
cient criterion for the selection of expert teachers but strik-
ingly also the question of whether professional expertise is
a necessary criterion.
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