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One field too far?
Higher cognitive relatedness between bachelor and master leads to better 
 predictive validity of bachelor grades during admission

Timon de Boer  and Frank J. Van Rijnsoever

Faculty of geosciences, copernicus institute for sustainable development, utrecht university, utrecht, the netherlands

ABSTRACT
Prospective graduate students are usually required to have attained an 
undergraduate degree in a related field and high prior grades to gain 
admission. There is consensus that some relatedness between the stu-
dents’ undergraduate and graduate programs is required for admission. 
We propose a new measurement for this relatedness using cosine sim-
ilarity, a method that has been tried and tested in fields such as biblio-
metric sciences and economic geography. We used this measurement 
to calculate the relatedness between a student’s undergraduate and 
graduate program, and tested the effect of this measure on study success. 
Our models show that there is an interaction effect between undergrad-
uate grades and cognitive relatedness on graduate grades. For bachelor 
students with high cognitive relatedness, the relationship between bach-
elor grades and master grades is about twice as strong compared to 
bachelor students with low cognitive relatedness. This is an important 
finding because it shows that undergraduate grades, the most common 
admission instrument in higher education, have limited usefulness for 
students with relatively unrelated undergraduate programs. Admissions 
officers need to carefully assess their admission instruments for such 
students and rely less on grades when it comes to the decision to admit 
students.

Introduction

In recent years, the number of students applying to graduate and master programs has drasti-
cally increased (Darolia, Potochnick, and Menifield 2014; Smyth 2016). This trend, combined with 
growing student mobility, has made student populations larger and more diverse than ever 
(Beine, Noël, and Ragot 2014; Schwager et al. 2015). This greatly complicates the admission 
decisions that student admission officers have to make because they need to assess more stu-
dents with more diverse educational backgrounds which can lead to students being wrongfully 
accepted or rejected (van Ooijen-van der Linden et al. 2017). To prevent this from happening, 
empirical studies and meta-analyses have studied the predictive validity of various admission 
instruments (e.g. Kuncel, Kochevar, and Ones 2014; Kuncel, Hezlett, and Ones 2001; Westrick 
et al. 2015b). The majority of these studies focus on admission instruments that study how 
cognitive skills predict student success, often measured as degree attainment or average grades.
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A cognitive admission instrument that is commonly used in practice but receives little sci-
entific attention is the relatedness between previous education and the educational program 
the student is applying to. This is remarkable since it is widely accepted that domain-specific 
knowledge influences student success (Dochy 1994). cognitive relatedness (also known as cog-
nitive proximity) is a concept that has received much attention in disciplines that study inno-
vation and learning, such as economic geography, bibliometrics and management. It expresses 
the similarity in knowledge base between individuals, groups and organizations (Nooteboom 
2000; Boschma 2005). In the case of graduate student admissions, the term refers to the relat-
edness between the undergraduate program of students and the graduate program they apply 
for. cognitive relatedness is a particularly important admission instrument in graduate programs 
because prospective students often come from a wide variety of undergraduate programs. This 
contrasts with applications to undergraduate programs, wherein students come from high 
schools with more comparable curricula. A student applying to a graduate program usually 
needs to have a degree in an undergraduate program or major in a related subject to prove 
that they possess the knowledge to graduate within a certain amount of time. However, the 
influence of the relatedness of the students’ knowledge base on their performance in graduate 
programs has not yet been studied. The cognitive relatedness of previous education might also 
affect the predictive value of commonly used admission indicators, such as grade attainment, 
as the knowledge base that previous grades represent becomes less relevant as cognitive relat-
edness decreases. cognitive relatedness between undergraduate and graduate programs can 
influence student success both directly and indirectly.

The student admission literature has dedicated some attention to the relatedness of prior 
knowledge and educational background to student success. For example, Hailikari, Nevgi, and 
Lindblom-Ylänne (2007) concluded in their study on mathematics students that ‘the knowledge 
students bring to the course has a significant facilitating effect on learning’ (p. 330) and is a 
strong predictor of the students’ grades. Arzuman, Ja’afar, and Fakri (2012) found that students 
with a background in biology perform better in graduate medical programs than other students. 
Dochy, de Rijdt, and Dyck (2002) report that the amount and quality of prior knowledge explains 
a large part of the variance of students’ grades. These studies show that the relatedness of 
prior knowledge is most likely a relevant admission criterion. However, all these studies com-
pared groups of students with one specific educational background to groups without this 
background. They did not test the effect of how much prior knowledge or education is related 
to the follow-up program for which success is measured. Such a binary approach does not 
capture the great variety in the cognitive relatedness of prior education programs to graduate 
programs for which students apply. A more detailed measure is needed. In this article, we test 
such a measure in the form of the cosine similarity between graduate and undergraduate 
programs (Van eck and Waltman 2009). cosine similarity is a common measure from bibliometric 
science to measure the cognitive relatedness between two fields of knowledge, usually expressed 
by patents (Alstott et al. 2017) or scientific publications (Rafols 2014). We apply this measure 
in the context of higher education studies by answering the following research question: How 
does the cognitive relatedness between previous education and graduate education predict the success 
of graduate students?

To answer this question, we collected data about master applications from a multidisciplinary 
geoscience faculty at a large university in the Netherlands. Our results show that the more 
related a bachelor’s program is to a master’s program, the more predictive grades achieved in 
the bachelor’s program are for grades obtained in the master’s program. Previous grades become 
a less valid admission instrument as cognitive relatedness decreases. This is an important finding, 
as grades in bachelor’s programs are very commonly used as an admission instrument. Admissions 
officers need to account for the cognitive relatedness between a students’ bachelor’s and mas-
ter’s programs when using grades to predict student success. We add methodological novelty 
to the field of higher education research by applying concepts from economic geography and 
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methods from bibliometric sciences to quantify this cognitive relatedness. These concepts and 
methods can also be applied in other educational contexts, such as diversity of student teams 
and cohorts and teacher–student relatedness.

Theoretical framework

Figure 1 displays our main concepts and how we hypothesize their relationships.

Student success

In this article, we define student success as ‘academic achievement, engagement in educationally 
purposeful activities, satisfaction, acquisition of desired knowledge, skills, and competencies, 
persistence, and attainment of educational objectives’ (Kuh et al. 2007, p. 7). Most often, students 
are admitted to programs when they are expected to succeed. One’s conception of what a 
successful student is influences the way in which students are selected and which admission 
instruments are used. In higher education, student success has traditionally been associated 
with academic success, which is the achievement of desired learning outcomes (see, for instance, 
Kuh et al. 2011). This is often operationalized by degree attainment, time needed to obtain a 
degree or grades (de Boer and Van Rijnsoever 2022). These are also the measures that we will 
employ in this study. grades are the most commonly used indicator, as they are the primary 
method of indicating how well the student performed in tests and coursework and reflect 
students’ self-regulatory competencies (galla et al. 2019). grades are awarded to students through-
out the program, providing consistent insight into the applicant’s cognitive skills.

Cognitive relatedness

The cognitive relatedness of prior education can influence one’s success in master’s programs. 
To understand the concept of cognitive relatedness, we first need to discuss prior knowledge. 
This concept can be defined as ‘the whole of a person’s actual knowledge that: (a) is available 
before a certain learning task, (b) is structured in schemata, (c) is declarative and procedural, 
(d) is partly explicit and partly tacit, (e) and is dynamic in nature and stored in the knowledge 
base’ (Dochy 1994, p. 4699). Studies have shown that having prior knowledge in an area facil-
itates the learning of related new knowledge (Dochy, Segers, and Buehl 1999; Kaplan and 
Murphy 2000). Students with prior knowledge generally reflect more on their learning processes 
and are better able to contextualize new content and prioritize learning goals (Taub et al. 2014). 
Prior knowledge also has a positive effect on students’ grades and test scores (Dochy, Segers, 
and Buehl 1999; Hailikari, Katajavuori, and Lindblom-Ylanne 2008; Lin and Liou 2019). In the 
student admissions context, prior knowledge is normally measured in a comparative manner: 
the student either has or does not have it. However, relatedness thinking in management, 
economic geography, and science, technology and innovation studies can provide a more mul-
tidimensional measurement. In these fields, the concept of cognitive relatedness is introduced, 

Figure 1. conceptual model.
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which can be defined as the similarities in the way actors perceive, interpret, understand and 
evaluate the world (Wuyts et al. 2005, p278). In other words, it refers to the extent to which 
two actors share the same knowledge base (Nooteboom 2000).

One could apply this view on relatedness between education programs. Many master’s 
programs require students to have a bachelor’s degree in a related subject. cognitive related-
ness expresses how much the subject is related to the master’s program. The higher this 
relatedness, the better the students are able to absorb and interpret the new knowledge 
offered in master’s programs. This will increase the chances of success in the program in terms 
of receiving higher grades and the ability to attain a degree more quickly. This led to our first 
hypothesis:

H1: cognitive relatedness has a positive influence on master student success in terms of: (a) 
degree attainment, (b) timely graduation, (c) average grades attained in the master’s program, 
and (d) grades attained in the first year of the master’s program.

Bachelor’s program grades

grades have been one of the most common admission instruments (Steenman 2018) and a 
consistently good predictor of student success (Kuncel, credé, and Thomas 2005, 2007; Westrick 
et al. 2015b). This is because, independent of the content of the bachelor’s program, grades 
reflect self-regulatory competencies (galla et al. 2019). grades further reflect the students’ overall 
cognitive ability and intelligence (Kuncel, credé, and Thomas 2007). All are needed to for stu-
dents to graduate. Hence, we formulated the following hypothesis:

H2: Bachelor’s program grades have a positive influence on success as a master’s program 
student in terms of: (a) degree attainment, (b) timely graduation, (c) average grades attained 
in the master’s program, and (d) grades attained in the first year of the master’s program.

The interaction between cognitive relatedness and bachelor’s program grades

In addition to these two direct effects, we also expect an interaction effect between cognitive 
relatedness and bachelor’s program grades when it comes to predicting student success. This 
is because grades in cognitively related bachelor programs indicate the degree to which the 
student is knowledgeable about the contents of the master’s program. Students who have 
received high grades in a strongly related bachelor’s program are thus better able to absorb 
and interpret the new knowledge offered in their master’s program. Students with high grades 
in their bachelor’s program could be more motivated to pursue master’s programs in the same 
area because they want to continue learning in an area where they have previously been 
successful (Sojkin, Bartkowiak, and Skuza 2012). Hence, we formulated the following hypothesis:

H3: cognitive relatedness positively affects the relationship between bachelor’s program 
grades and success as a master’s program student success in terms of: (a) degree attainment, 
(b) timely graduation, (c) average grades attained in the master’s program, and (d) grades 
attained in the first year of the master’s program.

Control variables

In this study, we also include three control variables that can, according to the existing litera-
ture, have an effect on our dependent and independent variables.

First, we controlled for the educational institutes the student attended before applying to 
their master’s program. The literature shows that student success is not only explained by the 
skills and knowledge of the students (Pritchard and Wilson 2003) but also depends on their 
academic and social experience (Tinto, goodsell, and Russo 1993). Academic experiences include 
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interaction with staff and faculty both inside and outside the classroom, as well as formal and 
informal activities or interactions with peers during their time at university (Townsend and 
Wilson 2006). These experiences contribute to a student’s sense of belonging to the institute 
which is found to have a positive influence on student retention. There is evidence in the 
academic literature for the so-called ‘transfer shock’, where students who enter university from 
a different kind of institute need time to adjust, resulting in lower grades (House 1989; Rhine, 
Milligan, and Nelson 2000). Master’s students who completed their bachelor’s degree at the 
same institution have a higher sense of belonging compared to new entrants as they are already 
familiar with the institutional routines and faculty staff, which has a positive influence on stu-
dent success. They are also likely to have high cognitive relatedness, given that their master’s 
program often overlaps with, and builds on, their bachelor’s program.

Finally, we controlled for the demographic variables age and gender. Age and gender have 
a well-reported influence on student success, with multiple studies finding that older students 
and female students perform better (Ofori 2000; cuddy, Swanson, and clauser 2008; Adam et al. 
2015). We also know that demography has an influence on the cognitive area, and therefore, 
cognitive relatedness, in which students are active. For example, male students are still over-
represented in STeM programs (Alon and Diprete 2015; gomez Soler, Abadía Alvarado, and 
Bernal Nisperuza 2020). The completion of study programs varies in length between academic 
disciplines, which means that cognitive relatedness has a relationship with student age, as 
students from disciplines that take longer to graduate are older when they start with their 
master’s program.

Methods

We sought and gained approval for the study and data management plan from the ethics 
committee of our faculty. Only data relevant to the research was extracted. All data were 
anonymized.

Data collection

We collected data about student applications at a large multidisciplinary faculty at a university 
in the Netherlands. We did this for four cohorts of students who started their program between 
2014 and 2017. All students included in the sample started one of 10 two-year, english-speaking 
master’s programs offered at the faculty. The programs are in the fields of geology, geochem-
istry, geophysics hydrology, economic geography, geographical planning, marine science, inno-
vation science, sustainability, sustainable business and energy, and therefore cover the natural 
sciences or the social sciences to varying degrees.

To be considered, students are required to have enough domain-specific knowledge. They 
can show this by having completed a related bachelor’s program and, in some cases, an addi-
tional tailor-made pre-master’s program. Students provided the admission office with a list of 
attained grades during their bachelor’s degree, which is also used to evaluate the amount of 
domain-specific knowledge. Finally, students provide their resume, a personal application essay, 
and a letter of recommendation. each admission was made on a case-to-case basis.

The time window between 2014 and 2017 provided sufficient time for students to complete 
their master’s programs by the time data collection began. After data cleaning, the sample 
consisted of 2701 students from all over the world. 650 of these students dropped out at some 
point in their program. Despite our efforts, we were unable to fully complete the data for each 
student. The number of students that finished their master’s program and for which all data 
was available is 1154. The number of students who entered the program and for which we 
were able to reconstruct a complete admission file was 1307.
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Measurement

Student success
We measured student success in four ways. First, whether students exited their program with 
a degree. We call this binary variable ‘degree attainment’. Second, timely graduation. This was 
measured by the number of days it took the student to complete the master’s program. We 
then multiplied the number of days by −1 so that a higher value corresponds to higher study 
success. The third and fourth measures consist of the students’ attained grades during the 
program. Students’ progress at different speeds throughout their program and often need to 
adjust to a new master’s program and institute (Myles and cheng 2003; Arzuman, Ja’afar, and 
Fakri 2012). Therefore, it is important to measure grades at various points in the study program. 
As an indicator for grades, we used the average grade of the student during the entire master’s 
program and their average grades during the first year. All programs fit in most of their course-
work in the first year, whereas the second year consists mostly of internships and a thesis.

Cognitive relatedness
A methodological innovation of this study is that we rely on the cosine similarity measure from 
bibliometrics to measure cognitive relatedness. The cosine similarity is the most commonly used 
similarity measure in the field of bibliometrics (and information sciences), due its applicability 
to information retrieval (Van eck and Waltman 2009). It has been a staple in this academic 
discipline since the 1960s (Salton 1963). In the context of relatedness of knowledge, it has been 
mostly used to calculate citation similarities between individual scientists, academic departments 
and institutes, and even entire academic fields. It is commonly applied to data about scientific 
publications (Rafols 2014), but it has also been applied to patents (Alstott et al. 2017). cosine 
similarity has also found use in other academic disciplines such as medicine, data science and 
text mining (Li and Han 2013; Ye 2015). As higher education programs are based on one or 
more scientific disciplines, such a measure is a welcome addition to the methodological toolkit 
used in higher education, as it can be used to calculate similarities between academic programs, 
courses or students. We used cosine similarity to measure cognitive relatedness between the 
subject categories that correspond to bachelor’s and master’s programs of students in the 
dataset.

Mathematically, the cosine similarity equals the ratio between the number of times two objects 
(A and B) are observed together and the geometric mean of the number of times A and B are 
observed individually (Van eck and Waltman 2009). cosine similarity is calculated as follows:
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To calculate the cosine similarity between academic disciplines, we utilized the Web of Science 
(WoS), a database that hosts academic articles, conference proceedings and books. WoS is 
hosted by the publisher Thompson Reuters and is considered one of the most important mul-
tidisciplinary bibliographic databases (Wang and Waltman 2016). The reason why WoS is useful 
in this study is because every article or book in their collection is assigned to at least one of 
263 subject categories, such as geological engineering, management and environmental sciences. 
The bachelor’s and master’s programs of each student were manually linked to one of these 
263 categories by the first author. We determined the contents of the bachelor and master 
programs with a qualitative study of the program descriptions and, in case of the master pro-
grams, a short interview with the program director. Based on this, the first author assigned a 
WoS category to each bachelor or master program, which was then checked by the second 
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author. The program was therefore the unit of analysis. In the vast majority of cases, the authors 
quickly reached consensus on which category to assign to which program. For some, this was 
more difficult. We therefore created two more cognitive relatedness variables using our second 
and third choice assigned categories, and ran these as robustness checks. In these models, 
there were no different outcomes compared to our main model, which implies our main cog-
nitive relatedness measure is quite robust.

The next step was to construct a co-citation matrix, which lists how often articles from one 
WoS category cite every other category. The base data for this matrix was provided by the 
centre for Science and Technology Studies in Leiden, the Netherlands. This results in a 263 by 
263 matrix that contains the co-citation scores for each combination of categories. For every 
individual category, we computed a vector that lists all the co-citation scores of that single 
category. We then took the co-citation vector of the category that was linked to the students’ 
bachelor programs and the co-citation vector that was linked to the students’ master programs. 
We calculated the cosine similarity between these two vectors, which returned a value between 
0 and 1. This value represents how similar the citation patterns of the bachelor’s program and 
master’s program categories are. If the cosine similarity is equal to 1, the citation patterns are 
identical. The closer this value is to zero, the lower the cognitive relatedness between bachelor’s 
and master’s programs.

Control variables
The average bachelor grades of students who completed a Dutch bachelor’s program were 
extracted from the faculties’ data storage application. For the 843 international students, the 
acquisition of this data was more complex. Application data for international students were 
stored in PDF files that listed the full academic transcript of each student in a bachelor’s pro-
gram. A research assistant manually examined every file and extracted the average grades in 
the bachelor’s program. An additional difficulty for international students was that grading 
curves and educational systems vary by country. Information from the Dutch organization Nuffic, 
which provides information on educational systems across the world, was used to transform 
international grades into a Dutch equivalent between 1 and 10.

The age and gender of each student were known to the faculty as part of the admission 
process. gender was measured as a binary variable, with men coded as 1 and women as 2. 
The age of the students was measured by their age in years at the starting day of the master’s 
program. We measured the students’ academic and institutional backgrounds with a categorical 
variable by looking at the type of degree the student used to enter the master’s program, 
identifying six categories: (1) the student entered with a bachelor’s degree attained at the same 
faculty as his/her master’s education, (2) with a bachelor’s degree attained at the same univer-
sity, (3) with a bachelor’s degree attained in the same country, (4) with a bachelor’s degree 
from a foreign country, (5) from a university of applied sciences, or (6) after completing a 
pre-master’s program. Pre-master programs are tailor-made six-month programs intended for 
bachelor students from universities of applied science or other Dutch universities.

Analyses

We estimated three separate models for each of the four dependent variables, resulting in 12 
models in total. The first model of each set of three (Models 1, 4, 7 and 10) only includes the 
control variables. In Models 2, 5, 8 and 11, we added the independent variables as main effects. 
These models test Hypotheses 1a–d and 2a–d. In Models 3, 6, 9 and 12, we added the inter-
action terms between the independent variables, which tested hypotheses 3a-d, respectively. 
Models 1, 2 and 3 have degree attainment, a binary variable, as the dependent variable. 
Therefore, we estimated a binary logit model. For Models 4 to 12, we estimated an ordinary 
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least squares (OLS) multiple linear regression, as the dependent variables tested in these models 
are continuous.

Results

Model fit

We used the adjusted R2 to evaluate the model fit for the OLS regression models (Table 1). 
For Models 8, 9, 11 and 12, the adjusted R2 was greater than 0.2, which means these models 
fit well. For Models 4, 5 and 6, the adjusted R2 was higher than 0.1, which was an acceptable 
model fit. However, for Models 7 and 10, the adjusted R2 was quite low (< 0.1). This is not 
problematic, as these models only contained control variables. An inspection of the model 
residuals revealed that these were normally distributed. We also made a scatterplot of the 
residual and predicted values of the OLS models to evaluate them for heteroscedasticity: there 
was reason to assume that heteroscedasticity occurred. We used variance inflation factors (VIF) 
to check for multicollinearity. All VIFs for noninteraction variables were below 2.7, which indi-
cated no problematic levels of multicollinearity. As expected, the interaction variables had a 
much higher VIF, as these variables were, by definition, multicollinear to the variables that made 
up the interaction effect.

Hypothesis tests

None of the models revealed a significant direct relationship between cognitive relatedness 
and study success. These models thus give no support to Hypotheses 1a-d. This means that 
cognitive relatedness does not have a direct effect on the students’ chance of attaining their 
degree (and by extension, of dropping out), nor the speed at which they attain their degree 
and the grades they attain during their master. However, the main effects models (2, 5, 8 and 
11) reveal that there is a positive and significant relationship between average bachelor’s 
program grades and all measures of study success, which lends support to Hypothesis 2a-d. 
Students with higher grades in their bachelor’s program are more likely to graduate, graduate 
sooner and with higher grades. However, the relationship is much more significant for pre-
dicting grades rather than predicting (timely) degree attainment. This is to be expected, as 
bachelor’s and master’s grades are similar measures. Models 3, 6, 9 and 12 further refine our 
findings. There was a strong positive interaction effect between cognitive relatedness and 
average bachelor’s program grades in the models that predicted grades in master’s programs 
(Models 9 and 12). This means that average bachelor grades attained in cognitively strongly 
related programs are a better predictor for master’s program grades than those attained in 
cognitively less related programs. This finding is in line with Hypotheses 3c and 3d. We did 
not find this interaction effect in Models 3 and 6. This is likely because the main effect of 
average bachelor’s grades was far weaker for the (timely) degree attainment variables. Hence, 
we did not find support for Hypotheses 3a and 3 b.

To further illustrate the significant interaction effect, we divided our sample into two groups. 
One group contained students with the lowest cognitive relatedness (below 0.5), and the other 
group contained students with cognitive relatedness above 0.5. For each group, we ran the 
OLS models to predict master grades with the average bachelor grades and the control variables. 
Table 2 displays the results of these regressions. We see that the estimator for average bachelor 
grade is around twice as high for students with high cognitive relatedness as it is for students 
with low relatedness. Thus, if students have high cognitive relatedness, a one-point increase in 
bachelor’s program grades leads to higher master’s program grades roughly twice as fast. Figure 
1 plots the relationships between the average bachelor grades and the master grades for both 
groups. The figure on the left plots the relationship for the groups of students with high 
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relatedness, and the plot on the right plots the students with low relatedness. The adjusted R2 
shows us that model fit is better for the models testing the interaction effect for students with 
high cognitive relatedness. Furthermore, we see that the coefficient for bachelor grade is high 
in these models as well. This means that average bachelor’s grade is a much better predictor 
for students with high cognitive relatedness than for students with low cognitive relatedness 
(Figure 2 and Table 2).

Control variables

When looking at the demographic control variables, Models 7 to 12 show a significant effect 
of gender. Female students attain higher grades than males, which is in line with results from 
earlier studies (Jacob 2002; Buchmann and DiPrete 2006). Models 1–3 show a significant negative 
effect for age, which means that older students are less likely to attain their degrees. Students 
with a background from the same university are less likely to attain master degrees, but grad-
uate quicker than students from other backgrounds. Students from the Netherlands also graduate 
faster compared to students in other groups, a result that could be because they are used to 
the Dutch educational system (Kurysheva et al. 2022). International students and students from 
universities of applied sciences attain significantly lower grades, both in the first year and over 

Table 2. regression results for additional interaction effects.
Average master’s program grades master’s program grades in first year

model number (13) (14) (15) (16)
cognitive relatedness low High low High
Average bachelor’s program grades 0.251*** 0.500*** 0.247*** 0.559***
gender (1 = male, 2 = Female) 0.094** 0.040 0.066 0.021
Age 0.001 −0.018* 0.003 −0.014
educational background: Bachelor’s program 

from the same university
0.050 −0.571 0.084 nA1

educational background: Bachelor’s program 
from the netherlands

−0.023 −0.129 0.009 −0.149

educational background: international student −0.188*** −0.202*** −0.132** −0.248***
educational background: university of applied 

sciences
−0.637* nA1 −0.342 nA1

educational background: Pre-master’s program 0.124 0.318 0.207* 0.017
master’s program Yes Yes Yes Yes
intercept 5.604*** 4.299*** 5.356*** 3.660***
observations 597 681 538 616
Adjusted r2 0.143 0.392 0.144 0.421
*p < 0.1; **p < 0.05; ***p < 0.01
1: no. of students with this background, a high cognitive relatedness and the required attained master grade exist in the 

dataset.

Figure 2. Plot of correlations between master and bachelor grades for groups with low and high cognitive relatedness.
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the course of the entire program. However, international students graduate earlier, perhaps 
because they pay a higher tuition fee. Alternatively, this result could be due to international 
students tending to enroll in master’s programs while on a scholarship. Students who entered 
after completing a pre-master’s program have slightly higher average grades than the other 
groups (significant at the 10% level). Pre-master’s programs may help bridge the gap between 
the previous and the master’s program.

Discussion and conclusion

We posed the following research question: How does the cognitive relatedness between previous 
education and graduate education predict the success of graduate students? We have modelled 
and discussed four different measures of study success and studied cognitive relatedness as a 
direct and as an interaction effect with bachelor’s program grades. Our models showed no 
direct significant effect between cognitive relatedness and study success. However, we do find 
that there is an interaction effect between cognitive relatedness and the students’ average 
bachelor’s program grade. cognitive relatedness does not predict study success in itself, but 
having high cognitive relatedness increases the predictive validity of bachelor’s program grades 
for predicting master’s program grades.

Theoretical implications

Our findings add critical new knowledge to the academic field of student admissions. We 
introduce the concept of cognitive relatedness from bibliometric science to create a robust 
and non-categorical criterion for measuring the degree in which study programs are related 
to each other. The finding that bachelor’s program grades are about twice as predictive for 
highly related programs compared to lowly related programs gives a clear indication that 
cognitive relatedness matters. The aspect of bachelor grades that represents self-regulatory 
competences and general cognitive abilities is about half as predictive of grades in a master’s 
program compared to the aspect that represents field-specific prior knowledge about the 
master’s program. This means there are clear limitations to using bachelor’s program grades 
as a predictor of grades in master’s programs. This is a critical finding, as bachelor’s program 
grades are one of the most widely studied admission instruments. We recommend that future 
researchers exercise caution when using bachelor’s programs grades as variables and that they 
replicate this finding. The interaction effect between bachelor’s program grades and cognitive 
relatedness only influences master’s program grades; it does not affect degree attainment or 
the time it takes for a student to graduate. Students with a low cognitive relatedness are not 
at greater risk of dropping out, encountering study delays or attaining lower grades in their 
masters. We recommend that future researchers test if the interaction effect between cognitive 
relatedness and grades obtained during prior education also holds true for grades obtained 
in high schools.

This study further enriches the student admission literature with new methodological tools 
from bibliometric science using cosine similarity as a measure of cognitive relatedness (Van eck 
and Waltman 2009). This indicator can be useful for understanding the learning processes and 
outcomes of students with different knowledge backgrounds.

Limitations

The literature on student admission is predominantly focused on predicting study success using 
cognitive performance. In this article, we also measure student success in a relatively traditional 
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and cognitive way by measuring grades, degree attainment and timely graduation. However, 
we call upon future researchers to use other noncognitive measures of study success to test 
these relationships.

As with most studies on student admission, this study suffers from admission bias. Students 
with very low cognitive relatedness are often not admitted to the study because admission 
officers view that their prior knowledge does not have enough overlap with the contents of 
the program. This admission bias probably does not influence our main finding: the interaction 
effect. Allowing students with a lower cognitive relatedness to enter would not alter the com-
position of the group of students with a high relatedness or change the fact that, for these 
students, grades are a stronger predictor of study success.

Our data collection was done at a single faculty from a single institute which brings to mind 
questions of generalizability. Our results should be generalizable for other disciplines, faculties 
and institutes because the faculty spans a number of disciplines from the social and natural 
sciences. We controlled for these disciplines with education program dummies, and found they 
do not significantly influence our main findings. Moreover, we replicate findings from other 
disciplines (Sandow et al. 2002; Halberstam and Redstone 2005; Kulatunga-Moruzi and Norman 
2002; Allen et al. 2016). These observations make it likely that our findings will hold up in other 
contexts as well, but this is a suitable topic for further research.

Practical implications

We suggest that admissions officers who use bachelor grades as admission instruments look 
critically at the content of the prior education of students. For students with low cognitive 
relatedness, bachelor grades are less suitable as admission instruments. We encourage admissions 
officers for master’s programs to have a solid grasp of the relatedness of various bachelor’s 
programs. They can achieve this by doing a qualitative check on the relatedness of their program 
and the applicants bachelor program. Designing a tool that shows the relatedness of various 
study programs would be very helpful in this regard. The database used in this study can serve 
as a point of departure and we are happy to provide our code to admissions officers. Admission 
officers can also use other cognitive admission instruments that measure the cognitive skills of 
students: the graduate Record examinations (gRe) or general Management Admission Test (gMAT) 
are valid alternatives (Kuncel, credé, and Thomas 2005, 2007; de Boer and Van Rijnsoever 2022).

Finally, admission officers can choose not to rely on admission instruments that predict 
grades obtained in a master’s program. However, grades obtained in a master’s program are 
probably one of the best indicators to measure study success in the cognitive domain, on which 
much evidence to predict study success in master’s programs are also based. However, admitting 
applicants with a low relatedness can be beneficial to both students and teachers, as diversity 
and interdisciplinarity are important and lead to higher study success. With a careful admission 
procedure, using cognitive relatedness should not hinder this, and students can enjoy the 
benefits of a multidisciplinary classroom.
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