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Abstract. Academic language plays a critical role in students’ ability to succeed in school. 
Since multilingual and socioeconomically disadvantaged students often face challenges in 
acquiring the necessary language register, academic language proficiency is widely 
recognized as a key factor in promoting educational equity. To investigate how academic 
language skills develop – and what factors influence this process over time, the Eva-Prim 
study (Rank et al., 2021) analysed longitudinal data from 570 German primary school 
students. Academic language comprehension and production in mathematical contexts 
were assessed. Drawing on over 1,000 student-, family-, and school-related variables, a 
machine learning approach (Random Forests) (Breiman, 2001) was employed to identify 
the most relevant predictors. The findings show that at the beginning of primary school, 
distal factors such as intelligence, parental education, and socioeconomic status were 
associated with academic language comprehension. Over time, however, the influence of 
these background characteristics declined, while trainable skills – particularly vocabulary, 
reading fluency, and mathematical competence, became increasingly important. 
Academic language production in grade four was predicted mainly by these proximal, 
trainable skills. Demographic factors – including migration background, played only a 
minor role in predicting academic language performance. These results suggest that 
academic language development is shaped less by static background variables and more 
by dynamic, educationally influenceable skills. Thus, supporting vocabulary and reading 
fluency within subject teaching may be key to fostering academic success for all students, 
regardless of their background. 

Keywords: Academic language, primary education, mathematics education, machine 
learning, language development 

Introduction 

Understanding the predictors of students’ academic achievement has long been a 
central concern in educational research (Lavelle-Hill et al., 2024). While previous studies have 
examined a variety of individual, familial, and institutional factors, many have focused on 
isolated predictors, offering only limited insight into how these variables jointly influence 
learning outcomes over time. Addressing this gap, this study applies a machine learning 
approach to analyse a comprehensive set of over 1,000 variables drawn from longitudinal 
data. This method allows us to examine how different predictors interact and change in terms 
of their relevance for primary school children's academic language competences. In this study, 
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academic language skills were assessed specifically within mathematical contexts. To 
contextualize our analysis, we begin by defining academic language and outlining its role in 
mathematics learning and educational equity. The discussion is based on a sociocultural 
understanding of language (e.g. Cummins, 2017). 

academic language: foundations and educational relevance 

Academic language proficiency is a crucial prerequisite for academic achievement 
across all subjects. Unlike conversational language (Basic Interpersonal Communicative Skills 
BICS), academic language (Cognitive Academic Language Proficiency CALP) is more 
complex, usually requiring years to master. Academic language is characterized by context 
reduction, which occurs when language is used in a way that relies less on the immediate 
physical, social, or situational context to be understood. (Cummins, 2008).  Its mastery is 
essential for understanding subject content, solving problems, and participating in classroom 
discourse. The characteristics of academic language include factual, concise and dense 
communication (Snow, 2010), as well as specialised lexical, grammatical and functional 
elements (e.g. reasoning, justifying, hypothesising) that are essential for classroom 
participation and learning (Morek & Heller, 2012). Further, academic language functions as a 
bridge between everyday communication and the cognitive demands of schooling, thus 
necessitating targeted interventions (Lange & Gogolin, 2010).  

Development of academic language 

It is widely accepted that academic language is a crucial prerequisite for success in 
school, beginning as early as elementary education (Bailey, 2007; Cummins, 2008; Rank et al., 
2019; Schleppegrell, 2004). Rank et al. (2019) show that academic language is not a static 
construct but evolves alongside children's linguistic development. Children begin acquiring 
features of academic language, such as passive constructions and complex noun phrases, as 
early as preschool, while full mastery develops throughout their years of formal schooling 
(Rank et al., 2019; Volodina et al., 2020). Academic language is not merely a set of static 
features but rather the result of a dynamic interplay, as highlighted by the heuristic model 
proposed by Steinhoff (2019). This model emphasizes that the components of academic 
language are deeply interconnected. It identifies three core dimensions: conditions (e.g., 
socioeconomic status or institutional contexts), actions (e.g., linguistic practices such as 
explaining, arguing, or hypothesizing), and resources (e.g., vocabulary, syntactic knowledge, 
or metalinguistic awareness). Individuals engage in linguistic actions under specific 
conditions while making use of available resources. Language development occurs as these 
conditions, actions, and resources evolve continuously, mutually influencing one another, 
and being shaped by learners’ lived experiences in educational settings. Also, in line with 
Snow and Uccelli (2009), academic language should not be understood solely as a set of 
linguistic features but rather as a complex, multifunctional register that is shaped by the 
communicative demands of schooling. Their pragmatics-based approach highlights the fact 
that mastering academic language requires students to represent abstract content, adopt a 
detached and authoritative stance, and communicate with an often “intangible” academic 
audience. These demands place considerable cognitive and linguistic pressure on learners, 
especially in subject areas such as mathematics and science. Understanding these underlying 
communicative challenges is essential in order to identify and support the predictors of 
academic language development. Building on Schleppegrell’s (2012) work, academic 
language can be understood as a set of functionally specialized registers that are central to 
learning, across all subjects. It goes beyond vocabulary and syntax, encompassing the ability 
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to use language appropriately for a range of academic purposes, genres, and audiences. 
Importantly, academic language varies across content areas and tasks. For instance, the 
language of narrating a story differs significantly from explaining a scientific process or 
solving a mathematics problem. Many students enter school without prior exposure to these 
registers, which are often shaped by socio-cultural and class-specific language socialization 
processes. If teachers are unaware of these differences, the mismatch can lead to 
miscommunication or underestimation of students’ abilities. Schleppegrell (2012) emphasizes 
the need for teachers to make language expectations explicit, and to offer structured 
opportunities for all students to engage with academic registers –  especially in linguistically 
diverse classrooms. 

Features of academic language 

Academic language proficiency is essential for communication and knowledge 
acquisition in school contexts and is a key predictor of academic achievement, yet it often 
constitutes a significant barrier for multilingual learners. The academic progress of 
multilingual students is influenced by both socioeconomic status (SES) and linguistic 
background (Heppt et al., 2015; Schleppegrell, 2004). In Germany, many multilingual students 
grow up in socially disadvantaged families with limited access to rich linguistic resources – a 
challenge also faced by native-speaking peers from low-SES backgrounds (Statista Research 
Department, 2024). As a result, these students often experience reduced exposure to diverse 
language input and written cultural resources. Consequently, similar to native-speaking peers 
from low-SES backgrounds, multilingual students frequently lack sufficient opportunities 
within their families to develop the academic language registers necessary for educational 
success (Heppt et al., 2015).  Furthermore, while multilingual students bring diverse linguistic 
resources to the classroom, their proficiency in the academic language register at school may 
lag behind that of their monolingual peers, necessitating tailored support. Therefore, it is 
crucial to foster academic language development, particularly in multilingual and 
multicultural classrooms, in order to promote equity in educational outcomes. Addressing 
these challenges through targeted support not only strengthens language competence, but 
also contributes to closing achievement gaps and promoting inclusive education (Chamot, 
2009). 

A range of individual, familial, and institutional factors serve as predictors of 
academic language proficiency (Heppt & Stanat, 2020). Among the individual predictors, 
verbal intelligence has consistently shown strong correlations with students’ ability to 
comprehend and produce complex linguistic structures. This is most likely due to its role in 
abstract thinking and the flexible manipulation of language that is required for academic 
tasks. Age is another significant predictor: as children mature cognitively and experience 
more years of formal education, their academic language skills typically become more 
sophisticated, aligning with developmental progressions in syntax, vocabulary, and the 
ability to use language in decontextualized contexts (Volodina et al., 2020). Gender may also 
influence academic language development. Research indicates that girls often outperform 
boys in linguistic tasks during early school years, possibly due to differences in verbal fluency, 
attention to detail, and classroom behaviour (McElvany et al., 2023; Reilly et al., 2019). 
However, these differences tend to diminish over time as they become shaped by broader 
sociocultural dynamics. 

Teacher-related factors also play a central predictive role. Teachers with strong 
pedagogical content knowledge and a solid understanding of linguistic structures are better 
equipped to integrate academic language instruction into their lessons effectively (Brandt et 
al., 2024; Corvacho del Toro, 2013). Additionally, teachers’ attitudes toward language 
diversity are predictive of how inclusively and supportively they approach academic 
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language learning. For example, valuing students' home languages can foster linguistically 
rich and inclusive classrooms (Lange & Pohlmann-Rother, 2020). 

At the institutional level, predictors include school language policies, the availability 
of professional development opportunities, and classroom resources. A systematic review of 
136 studies (Rakesh et al., 2024) identified school climate, teacher–student relationships, 
support structures, and academic expectations as factors that mediate the effects of 
socioeconomic status (SES) on language ability and achievement. The socioeconomic status 
and migration background of students remain two of the most influential contextual 
predictors (Henschel et al., 2022). Children from high-SES families are typically exposed to a 
broader range of linguistic input and cognitively stimulating interactions, while children from 
lower-SES or immigrant backgrounds may have fewer opportunities to engage with complex 
language at home (Heppt et al., 2016; Heppt & Stanat, 2020; Morales-Reyes et al., 2024). 

These predictors mentioned above highlight the multi-layered and dynamic nature of 
academic language development. They show that academic language proficiency is shaped 
not only by cognitive and linguistic abilities but also by socio-cultural contexts, instructional 
quality, and institutional support systems. Accordingly, educational strategies need to adopt 
a holistic and differentiated approach to strengthen academic language proficiency – 
particularly in linguistically diverse and socioeconomically heterogeneous classrooms. 

Academic language in primary school mathematics 

An overview of research studies search shows that academic language skills have a 
stronger impact on academic performance in subjects such as mathematics and reading 
comprehension than everyday language skills (Heppt et al., 2016). Although mathematics is 
often considered a subject with minimal language demands, it relies heavily on language as a 
prerequisite, instructional medium and learning objective. However, language skills can also 
pose obstacles in learning mathematics (Prediger et al., 2015; Rank et al., 2020). Research 
shows that primary school students' mathematical performance correlates with their language 
proficiency (e.g., Ufer et al., 2013). In 2020, an American research team comprising Peng, Lin, 
Ünal, Lee, Namkung, Chow, and Sales published a meta-analysis of 344 studies based on 393 
independent samples and approximately 360,000 participants. The aim was to provide 
empirical evidence for the relationship between language and mathematics. The studies 
included in the analysis covered an age range from roughly 3 to 14 years, thereby 
encompassing the primary school period. The authors present the results in line with the 
sequence of their research questions. Overall, a moderate, yet significant relationship was 
found between language skills and mathematics performance, with stronger effects for 
complex mathematical skills than for basic ones. Age moderated the link between language 
and basic mathematics, leading to a weaker association over time. Further, the relationship 
was stronger for first-language learners compared to second-language learners. Working 
memory and intelligence together explained 50% of the variance in the language-math 
relationship. Over the long term, language and mathematic skills were shown to mutually 
influence each other, predicting each other’s development. The meta-analysis thus highlights 
that language plays a developmental function in learning mathematics, meaning that the 
relationship is dynamic and can be shaped through development and intervention (Balk 2024; 
Peng et al., 2020). Additional studies confirm the relationship between language and 
mathematics during early childhood and primary school. Purpura and Ganley (2014) found 
that language skills in kindergarten were more strongly associated with mathematical abilities 
than working memory performance. Viesel-Nordmeyer et al. (2020a, 2020b) demonstrated 
that language is not only directly related to mathematical skills but also acts as a mediator via 
working memory. This highlights the importance of accounting for working memory when 
assessing predictors of mathematical performance. Particularly noteworthy is the role of 
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specific working memory components, especially the phonological loop, which, according to 
their findings, is linked to mathematical achievement in primary school. 

Findings demonstrate that the relationship between language awareness and 
mathematical modelling is not only correlational but can also be actively strengthened 
through targeted interventions. Balk (2024) showed that a language-focused intervention, 
specifically the promotion of language awareness, can enhance students’ mathematical 
modelling competence. Overall, the results indicate that, regardless of the support setting, the 
intervention led to significant improvements, particularly among initially low-performing 
students.  

The BiSS-Initiative 

A key example of how language development has been addressed at the institutional 
level in Germany was the nationwide “BiSS” (Bildung durch Sprache und Schrift) [Education 
through Language and Writing] initiative, which sought to systematically improve language 
support across educational stages. Starting in 2013, the Federal Republic of Germany funded 
the BiSS initiative – a five-year research and development programme, as a joint initiative 
across various ministries. The programme aimed to improve language teaching, language 
diagnostics and reading promotion in early childhood, primary and lower secondary 
education. BiSS involved more than 400 schools (primary and secondary), more than 200 
kindergartens and day-care centres, and 180 partners, including universities, foundations, 
associations, adult education centres and libraries. These participants formed a total of 101 
BiSS networks, working closely together to exchange experiences and to coordinate language 
education measures. Additionally, BiSS was accompanied by scientific evaluation, during 
which evaluation teams analysed the performance of these networks, based on specific 
research questions. This article introduces the Eva-Prim evaluation group (Rank et al., 2021), 
which focused specifically on the academic language skills of primary school children in the 
context of mathematics education, recognizing that linguistic competence is crucial for 
successful mathematics learning. The Eva-Prim study was conducted within the framework 
of the nationwide BiSS initiative and funded by the German Federal Ministry of Education 
and Research (01 Jl 1503A). A team of ten researchers from two universities participated in 
this project1.  

Research question 

Academic language plays a pivotal role in ensuring student success in school, serving as a 
critical medium in terms of both knowledge transfer and cognitive development. However, its 
acquisition is shaped by a complex interplay of individual, familial, and school-related factors. 
Individual characteristics such as intelligence, age, and gender shape how children develop and use 
academic language. Verbal intelligence supports abstract thinking, while age aligns with cognitive and 
linguistic development. SES and migration background further affect students’ exposure to and 
proficiency in academic language, highlighting disparities in linguistic resources and opportunities. 
As key agents in the educational process, teachers play a crucial role in their students' learning, 
through their linguistic knowledge, instructional strategies, and attitudes toward language diversity. 
However, the specific relationships between all these factors and academic language development 

 
1 Universität Landau: Prof. Dr. Anja Wildemann; Prof. Dr. Gerlinde Lenske; Dr. Alexandra Merkert, 
Dr. Lena Bien-Miller  
 Universität Regensburg:  Prof. Dr. Astrid Rank; Prof. Dr. Anita Schilcher, Prof. Dr. Stephan Krauss, 
Dr. Isabell Deml, Prof. Dr. Karin Binder, Dr. Magdalena Golonka (née Schulte)  
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remain underexplored. This article seeks to address this gap by investigating the research question: 
Which student-, family-, and school-related variables are associated with primary school students’ 
academic language development, and how do these associations strengthen or weaken over time? 

By identifying the most important predictors of academic language at different time points, 
this study aims to provide insights for educators, policymakers, and researchers seeking to foster 
equitable academic outcomes. 

Methods 

Sample and procedure 

The Eva-Prim study collected extensive data over the course of three academic years 
(2015/16, 2016/17, 2017/18) at three time points (time of measurement (ToM)1, ToM2, ToM3), 
in grades two to four of the German primary school system. The research team collected data 
from 984 students, 82 teachers, and 27 schools, encompassing a broad spectrum of constructs 
(presented in the Measures section). The original dataset comprised 1,090 observations and 
2,173 variables (see Rank et al. (2021) for a detailed description of all the study variables). 
Among the variables, 617 were numerical and 1,556 were categorical. A total of 47.1% of all 
values were missing. For 517 individuals, more than 50% of values were missing and were 
therefore non-imputable. Regarding the variables, 1,142 variables had more than 50% missing 
values. For the two main variables of interest (see section on 'Dependent variables') – academic 
listening comprehension and academic language production – the extent of missing values 
was: time of measurement (ToM)1: ToM1: 140 and ToM3: 337 for the former; and ToM3: 336 
for the latter. Therefore, the dataset was sorted according to missing values and reduced 
correspondingly. The resulting dataset contained 8.9% missing values overall, covering 570 
individuals and 1,172 variables. Table 1 provides an overview over the number of variables 
in the dataset, grouped by measurement context.  

Table 1  Overview of variables in the dataset 

Variables grouped by context Number in original 
dataset 

Number in reduced 
dataset 

Pedagogical Content Knowledge 
(PCK) in Language Instruction of 
Teachers 

1,230 682 

Pedagogical Content Knowledge 
in Mathematics Instruction of 
Teachers 

317 153 

Sociographic Data of Teachers 304 44 

Students’ Assessement of 
Instruction 

19 19 

Student Variables (Performance 
and Demographics) 

292 268 

School Context Variables (e.g. 
size, financial resources) 

2 2 

Miscellaneous 9 4 

Total 2,173 1,172 
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Finally, missing values were imputed by state-of-the-art multiple value imputation 
with using the MissForests algorithm (Stekhoven & Bühlmann, 2012). According to a 
suggestion by Bodner (2008), the percentage of missing values should guide the number of 
imputed datasets. Since the reduced dataset contained 8.9% missing values, nine MissForests 
values were calculated and used to create nine imputed datasets. The multiple imputed 
datasets were then examined. Distributions of imputations were compared with distributions 
in the dataset with missing values to assess the imputation quality. Imputed distributions 
closely resembled non-imputed distributions, thus indicating good imputation quality.  

Measures  

Dependent variables  

In this study, we were interested in two theoretical target constructs of academic 
language skill: academic listening comprehension and academic language production. Both 
constructs were measured using standardised and established ability tests, as described 
further below. Academic listening comprehension was measured using the BiSpra test (Heppt 
et al., 2024; Heppt & Volodina, 2024), which specifically measures students' abilities to 
understand language in school-relevant contexts. The test duration (including instructions) is 
approximately 40 minutes. It evaluates the use of specialized vocabulary, complex 
grammatical structures, and the capacity to interpret abstract, decontextualized content. Texts 
and items are played from an audio recording. A sample item consists of listening to a short 
text, such as: "Sambelo excitedly switches on his Rela. The Rela is a kind of magic ball. It shows 
the Kumubilan children when they will next write a class test. If they are about to write a test, 
it turns red. If there is no test ahead, it turns blue. Sambelo has to wait for a moment. He looks 
at the ball intently. Suddenly the Rela starts to glow red." Then questions need to be answered 
such as: "Is Sambelo going to write a class test soon?". The scores for this variable ranged 
between 3.24 and 27.  It has proven acceptable to very good psychometric properties, with 
internal consistencies of Cronbach’s 𝛼 ranging from 𝛼 =  .75 to 𝛼 =  .90 (Heppt et al., 2024), 
and convergent validity with vocabulary measured by the PPVT (Peabody Picture Vocabulary 
Test) (Bulheller & Häcker, 2003) of r (404) = .60.  

Academic language production was measured by the SAMT (Sprachliche 
Ausdrucksfähigkeit in Mathematik Test) (Merkert, 2022), which evaluates linguistic 
expressive abilities in mathematics of third and fourth-grade students. The test comprises 
tasks requiring written responses to assess students' proficiency in articulating mathematical 
concepts and reasoning (e.g. describing the way a fictitious character should take through a 
maze consisting of geometrical shapes such as hexagons, prisms, or cones). The scores for this 
variable ranged between 1.0 and 4.57. The SAMT also has proven acceptable psychometric 
properties, with an internal consistency of Cronbach’s 𝛼 =  .71 (Merkert & Lenske, 2023); and 
convergent validity with the following skills: academic listening measured by the BiSpra r 
(427) = .59*, reading fluency measured by the SLS (Wimmer & Mayringer, 2014)  r (443) = .49*, 
and mathematical ability measured by the DEMAT test (Krajewski et al., 2004) r (400) = .44*.  

Predictors 

The predictors comprised variables at the school, teacher and student levels. For 

students, the dataset included standardized test data on reading (SLS; Wimmer & Mayringer, 
2014), vocabulary (PPVT; Lenhard et al., 2015), mathematical competence (DEMAT; Krajewski 
et al., 2004), intelligence (CFT 1-R; Weiß & Osterland, 2013), grades, as well as demographic 
information such as gender, parental education level, SES, languages spoken at home and 
migration status. In this study, migration status was defined as the child not being born in 
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Germany. Test data were scored according to the test manuals and interpreted according to 
norming tables for the respective age groups.  

At the teacher level, teachers provided data on their content knowledge (i.e., their 
understanding of subject-specific concepts and facts), pedagogical content knowledge (i.e., 
"that special amalgam of content and pedagogy that is uniquely the province of teachers, their 
own special form of professional understanding" (Shulman 1987)), and general pedagogical 
knowledge (i.e., classroom management, lesson planning, and instructional strategies). They 
also reported on their professional beliefs (e.g., views on language diversity and inclusion), 
professional training (e.g., participation in workshops or in-service education), and classroom 
performance (e.g., self-assessed effectiveness in supporting students' academic language 
development). At the  school levels, data were collected on various aspects, including facilities 
(e.g., spatial resources) and school-wide educational policies. 

Data analyses 

All analyses were conducted using the statistical software R (R Core Team, 2024). 
Initially, the dataset was reduced based on substantive considerations and a sorting algorithm 
that organized the dataset by completeness in columns and rows. Subsequently, a multiple 
imputation of missing values was performed using the MissForest algorithm in the missForest 
package (Stekhoven & Stekhoven, 2013). Bivariate, linear relationships were investigated 
using a compact graphical approach. The main analyses were conducted using a machine 
learning (ML) model called Random Forests, estimated by means of the randomForest 
package (Liaw & Wiener, 2002), and visualized using interpretable ML methods (Molnar, 
2020). Post-hoc correlation analyses were performed with the predictors identified as being 
particularly predictive by means of variable importance analyses. 

Linear Relationship Analysis 
We used correlational analysis to investigate bivariate, linear relationships between 

the predictor variables and the dependent variables, and among the predictor variables. Since 
our dataset was vast, we used a visual approach and plotted the correlational matrix after 
grouping the variables into teacher variables, student achievement variables, and student 
demographic information.  

Complex relationship analysis 
We chose ML as our central analytical strategy because of its ability to combine 

numerous small, localized statistical models into a single, overarching model (Hilbert et al., 
2021). This approach facilitates the efficient analysis of large datasets and enables the 
identification of complex relationships. Since ML investigates the relationships between all 
predictor variables and the target variables simultaneously, another of its key advantages is 
its capability to uncover entirely new relationships that traditional methods might overlook 
when manually selecting the relationships to be investigated. More specifically, we chose the 
Random Forests model because it can automatically detect and model interactive and 
nonlinear effects, as well as subgroup effects within the data. In addition, Random Forests 
have been found not to overfit to a specific sample (Breiman, 2001), and they perform well 
even without (extensive) hyper parameter tuning (Probst et al., 2019).  

Random forests 
A Random Forest is created by combining the results of numerous decision trees (e.g., 

500). This combination can be calculated, for example, by averaging the predictions for an 
observation across all trees. The decision tree algorithm is a nonparametric technique that 
divides a dataset into subgroups by making binary splits based on predictor variables, thus 
clustering observations (here: participants) with similar characteristics on the target 
(dependent) variable. The goal of this process is to maximize the reduction in impurity from 
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the parent node to its sub-nodes. In regression trees, impurity is typically measured by the 
reduction in target variance after introduction of the sub-node. The construction of a decision 
tree concludes when a node reaches a predefined minimum number of observations, or when 
the impurity reduction from a split falls below a specified threshold (Probst et al., 2019).  

Each decision tree within a Random Forest selects only a subset of variables and 
observations for each node decision, thus introducing a random component to individual 
trees and ensuring greater diversity among them. The size of this subsample is expressed as a 
proportion of the total number of predictors. It must be chosen by the modeler and is called 
the mtry hyperparameter. The model’s quality is determined using the so called out-of-bag 
error. The out-of-bag error is an internal validation metric computed by averaging the 
prediction errors for each observation using only the subset of trees that did not include that 
observation (Breiman, 2001). For continuous dependent/target variables, it can be used to 
derive a R2 measure, similar to the explained variance in a regression analysis. Yet – contrary 
to the R2 measure in linear regression, the R2 measure of a Random Forest is a measure of the 
generalizability of a model and not susceptible to overfitting with an increasing number of 
predictors (Breiman, 2001).  

In this study, Random Forests constituted the main method of analysis. For each 
imputed dataset, a Random Forest was calculated with the BiSpra values (at both 
measurement points) as the target variable, and the parameters were then pooled. 
Additionally, SAMT values at measurement point 3 were predicted, following a similar 
procedure to the BiSpra predictions. The Random Forests were tuned with respect to the mtry 
parameter; and R² was estimated.  

Variable importance  
To determine variable importance (Wei et al., 2015), we calculated permutation 

variable importance. The underlying idea is to shuffle all values of a predictor and then 
observe the change in prediction accuracy in the out of bag sample (Hilbert et al., 2025). We 
used the change in mean squared error (MSE) as a measure of change. Variables were then 
ranked by their mean variable importance across the nine Random Forests, and the variable 
importance scores were visualized using boxplots. For the BiSpra predictions, results across 
the three measurement points were plotted. This was possible because all dependent variables 
were measured on the same scale and did not differ in their variance. Thus, changes in the 
importance of predictors could be observed. 

Post-hoc analyses 
Finally, descriptive correlations of the most important predictors with the target 

variables were calculated. 

Results 

Linear relationships between teacher variables, student achievement, and student 
demographics 

To precede our central ML analysis, we investigated linear relationships between the 
different groups of variables. The visual display of the correlation matrix revealed that 
variables belonging to the same variable grouping (teacher variables, student achievement, 
student demographics) were more strongly associated with each other than with variables 
belonging to the other groups. This finding is displayed in Figure 1, with intensive colouring 
indicating high absolute associations, and pallid colouring indicating weak associations.  
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Figure 1  Visual display of variable correlations grouped by origin of variable 

Complex relationship analysis using random forests 

Academic listening comprehension (BiSpra) 

The dependent variable at the first measurement point (grade two) was academic 
listening comprehension, assessed using the BiSpra test (Heppt et al., 2024). Untuned Random 
Forests explained between 48.5% and 65.0% of the test set variance in the BiSpra scores; tuning 
increased this only marginally to 48.9% and 65.5%, depending on the version of the imputed 
dataset. Variable importance analysis that compared the contributions of over 1,000 variables, 
indicated that the following variables were particularly predictive for academic listening 
comprehension at the first measurement point: distal student variables and demographic 
information – in particular, vocabulary, intelligence, and socioeconomic status had high 
variable importance in these results. Additional predictive factors included: parental 
qualifications, teachers' profiles during their university studies, and the number of books in 
the child's household. Figure 2 displays these results graphically.   
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Figure 1  Variable importance scores for language related variables in BiSpra predictions at 
ToM1 and ToM3 

Note. TOM = Time of measurement. 

By the third measurement point (grade four), the variable importance ranking 
changed. While the importance of demographic variables decreased drastically, the following 
variables were highly predictive of academic listening comprehension in the fourth grade: 
academic listening comprehension (BiSpra scores) from time points 1 and 2, mathematical 
competence (DEMAT scores), and vocabulary (PPVT scores).  

 
Figure 2  Variable importance scores for non-language related variables in BiSpra prediction 
at ToM1 and ToM3 
Note. TOM = Time of measurement. 
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Interestingly, the importance of intelligence on academic listening comprehension 

decreased over time, while the importance of other trainable variables, such as vocabulary 
and mathematical competence, increased. Figure 3 shows the exact changes in variable 
importance between TOM1 and TOM3 for the specific predictors. This finding suggests that 
it could be worthwhile to specifically target and develop these trainable factors throughout 
primary education.  

Academic language production (SAMT) 

The second dependent variable was academic language production, assessed by 
SAMT (Merkert, 2022). SAMT was administered at the third measurement point (grade four). 
Machine learning analysis could explain between 50.5% and 53.0% of the test set variance in 
SAMT scores (50.6% and 53.2% when tuned). Variable importance analysis suggested that, 
again, trainable abilities such as mathematical competence (DEMAT), reading fluency (SLS) 
and academic language production (SAMT) from earlier measurement time points were most 
predictive among the possible predictors. A subset of the most important predictors is 
presented in Figure 4.  

 

 

Figure 3  Variable importance scores for most important variables in SAMT predictions at 
ToM3 
Note. TOM = Time of measurement. 

Post-hoc correlations with the children’s demographic data revealed no relationship 
between migration status and academic language production (r (370) = 0.03) and only a small 
positive relationship with gender reported as male (r (390) = .18).  

In summary, the following can be said: The school and teacher variables were 
negligibly associated with primary children's academic language competences. The distal 
individual variables – such as intelligence and socioeconomic background – were important 
at the beginning of their school career. However, ongoing progression through their school 
career decoupled this effect. Academic listening comprehension at the third time point, as well 
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as production of academic language in a mathematical setting, were explained mostly through 
mathematical competences, vocabulary, and reading fluency from earlier time points. 

Discussion 

This study employed a machine learning approach to identify and understand the 
most influential predictors of academic language development in primary school students, 
based on comprehensive longitudinal data. The analysis revealed that academic language 
skills – in both comprehension and production – can be predicted with a high degree of 
accuracy, particularly through trainable variables such as vocabulary, reading fluency, and 
mathematical competence. Importantly, by comparing the predictive power of different 
groups of variables over time, we gained valuable insights into how the relevance of cognitive, 
demographic, and instructional factors shifts throughout the primary years. These findings 
align with sociocultural and interactionist theories of language development, which 
emphasize the dynamic interplay between cognitive, linguistic, and contextual influences. 
The decreasing role of distal predictors such as intelligence and SES over time supports the 
notion that academic language is a learnable competence, shaped by educational input and 
student experience. 

Notably, the growing importance of vocabulary and subject-specific skills points to the 
potential of targeted interventions. In particular, vocabulary emerged consistently as a strong 
predictor across both academic listening and language production. This underscores the need 
for instructional practices that promote academic vocabulary in context. Especially in 
mathematics, scaffolding language through explicit modelling, sentence starters, and 
vocabulary support could simultaneously strengthen both subject understanding and 
language skills. The findings of our study underscore this perspective by showing that 
trainable skills such as vocabulary and mathematical competence are important predictors of 
academic language development. These skills can be viewed as access points to the language 
registers of schooling, as described by Schleppegrell (2012). Supporting students in 
developing these competencies is not merely a matter of individual cognitive ability, but of 
guided participation in the discursive practices employed at school. 

The strong link between mathematical competence and academic language also 
suggests that language and content learning are mutually reinforcing. Integrating language-
sensitive instruction into mathematics classes may yield dual benefits by supporting 
conceptual understanding while fostering language development. The lack of substantial 
effects for migration background challenges deficit-based assumptions and instead highlights 
the central role played by varied learning opportunities. This, in turn, reinforces the 
importance of equitable access to high-quality instruction and learning environments for all 
students. The minor gender effect observed in language production – slightly favouring boys 
– invites further investigation into gender-specific pathways in academic language 
development and possible differentiated support strategies. 

Interestingly, teacher-related variables showed limited associations in our analyses. 
This finding may reflect the limitations of self-reported data; or it might be due to the nested 
data structure, where (by design) predicting individual level data carries more information 
than class level data provided by the teacher (Lavelle-Hill et al., 2024). However, this finding 
also points to the need for further research that explores classroom discourse and instructional 
practices. Professional development that enables teachers to embed academic language 
support into subject instruction remains a promising area for further investigation. 

The use of machine learning in this study proved particularly effective in uncovering 
complex, non-linear patterns that traditional statistical models might overlook. It provided a 
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more nuanced understanding of how diverse factors interact over time in shaping the 
academic language skills of primary students.  

When interpreting our findings, it is, it is important to note that our machine learning 
models are data-driven and not based on a top-down, causal inference framework. As with 
other regression-based approaches, the results should not be interpreted as evidence of 
causality. While we included variables (based on theoretical grounds) that suggest potential 
causal relevance, machine learning models do not allow for explicit specification of how these 
variables are used – such as defining mediation or moderation pathways. This limitation is 
especially relevant given the large number of predictors in our model. It is possible that some 
variables with genuine causal effects may appear less influential because their effects were 
mediated by other variables, thereby diminishing their apparent direct impact. For example, 
the importance of migration background and socioeconomic status (SES) appeared to be 
relatively low in this study, which contradicts findings from other studies such as the IQB 
Trends in Student Achievement, which has been conducted every five years since 2011. That 
study has consistently reported a strong and stable association between student competences 
and their SES and migration background, which amounted, for instance, to a difference 
equivalent of two school years in listening comprehension in the 2021 assessment (Henschel 
et al., 2022). It may be that, in the present study, the effects of migration background and SES 
were absorbed into the student achievement scores at measurement timepoint 1 – which are 
more proximal to the dependent student achievement variables at measurement timepoint 3.  

While our methodology offers several advantages, it also comes with limitations. 
Although we aimed to include the most relevant predictors of academic language competence 
in this study, we were bound to the scope of the EvaPrim dataset and might have overlooked 
– or not had available – other important variables. For instance, no student variables on 
motivation or working memory were available (Viesel-Nordmeyer et al., 2020a; 2020b); and 
teacher variables were based solely on self-reporting. As a result, it is possible that, if these 
omitted variables were to be considered, some findings may differ from those reported here. 

In conclusion, our findings suggest that early, trainable skills– especially vocabulary, 
reading fluency, and mathematical competence – should be key targets of educational 
interventions that aim to foster academic language skills in primary school students. A 
systematic, language-integrated instructional approach in all subjects, paired with support for 
teachers and equitable learning conditions, has the potential to bridge linguistic gaps and 
promote academic success. 

Future research should aim to explore the causal mechanisms underlying these 
relationships, particularly through longitudinal intervention studies. A focus on teacher 
practices, peer interaction, and the micro-level dynamics of classroom language use could 
further enhance our understanding of academic language development in diverse educational 
settings. 
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