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Abstract

Biomedical data science education faces the challenge of preparing students for conduct-
ing rigorous research with increasingly complex and large datasets. At the same time,
philosophers of science face the challenge of making their expertise accessible for sci-
entists in such a way that it can improve everyday research practice. Here, we investi-
gate the possibility of approaching these challenges together. In current and proposed
approaches to biomedical data science education, we identify a dominant focus on only
one aspect of conducting scientific research: understanding and using data, research
methods, and statistical methods. We argue that this approach cannot solve biomedical
data science’s challenge and we propose to shift the focus to four other aspects of con-
ducting research: making and justifying decisions in research design and implementa-
tion, explaining their epistemic and non-epistemic effects, balancing varying responsi-
bilities, and reporting scientific research. Attending to these aspects requires learning on
different dimensions than solely learning to apply techniques (first dimension). It also
requires learning to make choices (second dimension) and to understand the rationale
behind choices (third dimension). This could be fostered by integrating philosophical
training in biomedical data science education. Furthermore, philosophical training fos-
ters a fourth dimension of learning, namely, understanding the nature of science. In this
article, we explain how we identified the five aspects of conducting research and the four
dimensions of learning, and why attending to the fourth dimension is essential. We dis-
cuss educational approaches to attend to all aspects and dimensions, and present initial
design principles to implement these approaches.
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1 Introduction

The increasing size and complexity of biomedical data bring great opportunities, but
they also require advances in scientific methods to extract knowledge from these data.
In addition, it is becoming clear that the development of the field of biomedical data
science is accompanied by an increase in scientific flaws and questionable research
practices (Altman & Levitt, 2018; Benchimol et al., 2015; Elliott et al., 2015; Mayer,
2018; Nie et al., 2018; Valcu & Valcu, 2011; Vaught et al., 2017). Biomedical edu-
cation should also respond to these developments. To that end, several players in the
field of biomedical education have been working on defining biomedical data science
learning goals for university students in biomedical sciences (Attwood et al., 2015; Cor-
pas et al., 2015; Dinsdale et al., 2015; www.elixer-europe.org). In some central publica-
tions, members of these networks have formulated learning goals specific to biomedical
data science (or bioinformatics) (Tractenberg, 2017; Tractenberg et al., 2019; Wilson
Sayres et al., 2018). However, these lists are extensive and contain many specific actions
or behaviors that are required of students. Moreover, some learning goals require many
hours of training for students to reach required levels (e.g., programming and using bio-
informatics software). We argue that instructional practices in biomedical data science
education should not focus on teaching practical skills but on the general skills, mind-
sets, and views underlying the formulated learning goals. This fosters a scientific way of
thinking and acting which is needed to adequately conduct scientific research.

At the same time, players in the field of philosophy of science have been working
on defining how they should train (biomedical) scientists in philosophy of science
(Boniolo & Campaner, 2020; Griine-Yanoff, 2014). They provide strong rationales for
the increased need of teaching philosophy of science to scientists and for a thorough
revision of what is taught in these courses. However, they also discuss current chal-
lenges to teaching philosophy of science to scientists. The major challenges discussed
include that students have no training in the humanities and do not see the importance
of notions fundamental to philosophical work such as argumentation (Griine-Yanoff,
2014). In addition, students have no intrinsic motivation to take a philosophy course
(Griine-Yanoff, 2014) and often only become interested in philosophical issues in the
later stages of their careers (Boniolo & Campaner, 2020). Further, many students have
not yet engaged in scientific research and lack knowledge of basic scientific research
practices such as designing an experiment (Griine-Yanoff, 2014). In addition, the student
body of such courses will be large which makes the degree of interaction low (Griine-
Yanoff, 2014). Lastly, philosophers first need to know what scientists really need from
philosophy before they can revise their training (Boniolo & Campaner, 2020). Both
articles offer some solutions to these challenges such as teaching scientists the phil-
osophical work of analyzing scientific procedures and of evaluating scientific knowl-
edge production rather than teaching them the main epistemological and ethical theo-
ries (Boniolo & Campaner, 2020; Griine-Yanoff, 2014). These are important revisions
of standard philosophy of science curricula. Therefore, we discuss the value of these
and their other recommendations for biomedical data science education in this article.
However, they are both limited by the presupposition that philosophy of science should
be taught in a dedicated course. This limits the so desired applicability of the philoso-
phy of science training to students’ own practices. Even when new philosophical skills
are applied to relevant examples during such courses, students are unlikely to see these
philosophical skills as part of being a biomedical scientist. They will be more likely to
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see them as skills belonging to another discipline. Therefore, we cannot expect them to
automatically transfer these skills to their own research practice as well.

In summary, we observe two concurrent challenges. The first is that biomedical sci-
ences need scientists that can conduct rigorous research even with increasingly complex
and large datasets without getting lost in training in many technical skills and methodolo-
gies. The second is that philosophy of science needs to be taught in such a way that it can
be applied to everyday research practice. In this article, we investigate the possibility of
approaching these challenges together.

2 Our Approach

As biomedical sciences teachers, our original research focus was the challenge of biomedi-
cal data science education. So, we started with analyzing recent literature about how to
prepare students for conducting research with increasingly large and complex datasets. We
found that others proposed learning goals for biomedical data science education to address
the changing requirements placed on biomedical scientists. We identified the articles of
Wilson Sayres et al., (2018) and (Tractenberg 2017; Tractenberg et al., 2019) as key pub-
lications. We analyzed their learning goals to assess their approach to this challenge. As
a result of our analysis, which we detail in the remainder of this article, we identified five
important aspects of conducting research (such as “make and justify decisions”) in these
long lists of learning goals. In addition, we came to realize that biomedical data science
skills can be trained on, what we describe as, four dimensions of learning. We established
that these dimensions increase from practical aspects to a more conceptual understanding.
In “Sect. 4,” we provide descriptions of the five key aspects of conducting research and
four dimensions of learning, as well as explanations of how we identified them. However,
for the purpose of explaining our approach, we already highlight one of our observations.
During our analysis, we realized the highest dimension of learning had to do with under-
standing the nature of science. However, the authors of the learning goals (Tractenberg,
2017; Tractenberg et al., 2019; Wilson Sayres et al., 2018) do not explicitly address the
nature of science in their learning goals. Although understanding the nature of science has
been and remains an important objective of science education, it does not seem to be on
the forefront of educational strategies for teaching and learning biomedical data science in
university degree programs. Therefore, we investigated strategies proposed elsewhere for
teaching students about the nature and philosophy of science (e.g., Abd-El-Khalick, 2012;
Boniolo & Campaner, 2020; Griine-Yanoff, 2014; Lederman, 2007) and compared them
with the learning goals of biomedical data science education. Through our comparative
reading, we explored the possibility of using philosophy of science training approaches to
prepare students for handling increasingly large and complex biomedical datasets.

In addition to identifying key aspects of conducting research and dimensions of learn-
ing, we address some other facets of the discussion of the role of philosophy of science for
teaching biomedical data science and vice versa:

e We argue that current and proposed educational approaches for biomedical data science
do not sufficiently attend to the higher dimensions.

e We argue that proposed educational approaches for philosophy of science do attend to
these dimensions but risk losing the connection with the lower dimensions and there-
fore with everyday research practice.
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e We propose design principles for an integrated educational approach that simultane-
ously attends to all four dimensions of learning to conduct research.

To structure our discussion, we start with a brief account of the challenges faced by the
field of biomedical data science and of the current and proposed educational approaches to
address these challenges. Then, we identify the first aspect of conducting scientific research
which leads us to the four dimensions of learning. Next, we successively discuss each of
the other aspects of conducting research that we identified. For each key aspect, we explain
how we identified the aspect, and we discuss how philosophy of science and biomedical
data science training can be integrated to train biomedical data science skills on all four
dimensions by explicitly attending to the second to fifth key aspects of conducting research
(summarized in Table 2).

3 Developments in Biomedical Data Science and Biomedical Data
Science Education

Biomedical science is a broad field in which many different research techniques are used.
Biomedical studies vary from visualizing a few molecules in a few cells or a single tis-
sue sample to genotyping or sequencing DNA of thousands of people. There is a broad
range of laboratory techniques a biomedical researcher can choose from to, for example,
sequence DNA, to separate, identify, quantify, or visualize molecules, to determine molec-
ular structures, to characterize cell processes, or to determine effects of drugs or other com-
pounds. In addition, many of these techniques are difficult to master and technical mistakes
are easily made. Further, the resulting data have strongly increased in size and complexity.

The reason for increasing size and complexity of data is that the amount of data on
human health and disease we can acquire and process in a short time has increased strongly
over the last years. This so-called data deluge causes rapid advances in knowledge in
the field of biomedical sciences. Large datasets, for example, provide the opportunity to
explore many hypotheses at the same time to quickly narrow down to hypotheses that are
useful to test in subsequent research. However, the advances also reveal that life, health,
and disease are a lot more complex than we previously believed. Hence, development of
scientific methods for extracting knowledge about life, health, and disease from these data
is required (Braillard, 2013). Development is needed in the design and execution of acqui-
sition, annotation, organization, analysis, and interpretation of biomedical data. Building
on previous work, we use the term “biomedical data science” to refer to these activities
(Altman & Levitt, 2018).!

It is also becoming clear that the development of the field of biomedical data science is
accompanied by an increase in scientific flaws and questionable research practices. There
are regular concerns with validity of data, methods, or analysis practices (Elliott et al.,
2015; Mayer, 2018; Valcu & Valcu, 2011; Vaught et al., 2017). In addition, the reporting
on data and important information to put results in a larger context is often insufficient for
subsequent validation (Altman & Levitt, 2018; Benchimol et al., 2015; Nie et al., 2018).
Especially with new types of inquiry and new types of data it is challenging to ensure the

' Others have used the term “bioinformatics” to describe these activities (Attwood et al., 2019). This is also
the term that is used in the discussed learning goals. However, we believe that, as Altman and Levitt (2018)
argue, the term “biomedical data science” is more applicable.

@ Springer



Better Together: Integration of Philosophy of Science in... 1713

validity and reliability of research and analytical methods for the specific research ques-
tion. This requires profound understanding of methodology and statistics and adequate
reporting of research.

New generations of scientists are an important factor in improvement of research prac-
tice. From the bottom up practices can be reformed. Therefore, we should improve biomed-
ical data science education to bring about the change we are looking for here. Although not
the focus of this article, it is good to note that the formal education of current researchers
was not tailored to the increasingly complex data and analysis methods that are required
today. Therefore, it would also be useful to reform continued professional development of
biomedical scientists, for example, in seminars and conferences. However, here we focus
on university degree programs.

Throughout the world, players in the field of biomedical education have been defining
the knowledge, skills, and abilities that should be taught to young biomedical scientists to
bring about the desired change. Members of some key global networks have formulated
lists of required competencies and the knowledge, skills, and abilities that lead to these
competencies (Tractenberg, 2017; Tractenberg et al., 2019; Wilson Sayres et al., 2018).
In short, Wilson Sayres et al. (2018) formulated nine core competencies in biomedical
data science for biomedical undergraduate students. These are quite general competen-
cies which each imply multiple skills, behaviors, and attitudes that are required to show
the corresponding competency. Therefore, Tractenberg et al. (2019) developed a mastery
rubric containing performance levels descriptions of what students at five different levels
of expertise in bioinformatics should achieve in terms of knowledge, skills, and abilities.
They describe around fifty skills, behaviors, and abilities per level, divided over twelve cat-
egories. They developed a similar mastery rubric for statistical competencies (Tractenberg,
2017), which, in our definition, fall under biomedical data science competencies as well.
This rubric contains some redundant and some unique categories compared to the bioin-
formatics rubric. Here, we use both the bioinformatics and the statistical literacy mastery
rubric. As a side note, we recognize the differences between competencies, knowledge,
skills, and abilities, and performance level descriptors, but refer to the articles of Tract-
enberg and colleagues for a detailed explanation of these differences (Tractenberg, 2017;
Tractenberg et al., 2019). For ease of reading, we will collectively refer to these with the
term (biomedical data science) “learning goals.”

As Tractenberg et al. (2019) point out, their learning goals characterize phases of a
scientific process (described as “the scientific method” by Tractenberg, e.g., 2019, p. 4).
Students need to be able to define a problem, design research, acquire and process data,
analyze processed data, interpret their analyses, and communicate those results and inter-
pretations. For each of these steps, (Tractenberg 2017; Tractenberg et al. 2019) describe
several specific learning goals. A major strength of these learning goals is that they are not
content-specific. They focus more on general actions and considerations (e.g., “can initiate
a search for data & will ask if uncertain about relevance for any given problem” (Tracten-
berg et al., 2019, p. 11)) than on domain-specific procedures (e.g., “navigate and retrieve
data from a genome browser” (Wilson Sayres et al., 2018, p. 14)). They point out that the
content-independence of their rubric is beneficial because of its applicability to various
sub-disciplines and constantly changing research methods and technology (Tractenberg
et al., 2019). In addition to the advantage of the broad applicability for future students, we
argue, it is also advantageous for current biomedical data science students. They will be
the ones using or developing new research methods and technology which requires differ-
ent skills than the skills needed to use current methods. We will elaborate on this line of
thought in the remainder of the article.
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4 Five Key Aspects of Conducting Scientific Research and How to Train
Them Through Philosophy of Science

4.1 Key Aspect 1: Understand Data, Research Methods, and Statistical Methods,
and Use Them

The first eight out of nine (domain-specific) core competencies describe different aspects
of understanding and using biomedical data and methods (Wilson Sayres et al., 2018). In
short, students should know what types of data and software exist (core competency 1)
and have a basic understanding of key computational concepts such as the organization of
biomedical databases (2). In addition, they should be able to apply statistical concepts used
in bioinformatics (3); use bioinformatics tools to examine problems (4); find, retrieve, and
organize various types of biological data (5); explore and model biological interactions (6);
and use command-line or shell scripting (7). Lastly, students should understand and use
different biological data types and recognize that all experimental data is subject to error
and recognize the need to verify the reproducibility of data (8) (Wilson Sayres et al., 2018).
Together, these competencies could be summarized as “understand data, research methods,
and statistical methods, and use them.” This is the first key aspect of conducting research
we identify in the biomedical data science learning goals.

These competencies mainly describe the practical tasks biomedical data scientists are
facing or the methods they need to be able to use. Exceptions are the formulation of the
eighth competency because it includes recognition of factors influencing results of data
analysis as well, and the ninth competency discussed later in this article. Nonetheless, these
proposed new competencies are mainly aimed at an expansion of the biomedical scientist’s
toolkit for acquiring and analyzing biomedical data to enable analysis of larger and more
complex datasets. This focus on new practical requirements is also reflected throughout
most other literature about biomedical data science education which we, albeit not system-
atically, reviewed (e.g., Dill-McFarland et al., 2021; Hicks & Irizarry, 2018; Horton, 2015;
Kleinschmit et al., 2019; Madlung, 2018; Olimpo et al., 2018; Rosenwald et al., 2016).
Thus, they mostly focus on our first identified key aspect of conducting biomedical data
science research. Tractenberg et al. (2019) already recognized that the learning goals they
describe themselves are of a different type than these competencies described by Wilson
Sayres et al., (2018). They contend that competencies are what individuals can do when
they bring their knowledge, skills, and abilities together. They emphasize the need for
defining the route to achieving these competencies instead of just describing the endpoints.
And they see the solution in determining different levels of knowledge, skills, and abilities
which form a developmental trajectory toward achieving competencies (Tractenberg et al.,
2019). We agree that this is an important shift of focus for development of biomedical data
science education. However, we argue that the shift they make encompasses more than a
shift from defining endpoints of educational programs to defining the route toward these
endpoints.

4.1.1 Interlude: Four Dimensions of Learning
When we compared the core competencies with the learning goals in the mastery rubrics,

we noticed that they describe different dimensions of biomedical data science skills.
They describe the same research skills, such as experimental design and interpretation
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of research results, but aim at different dimensions of these skills. The core competen-
cies (Wilson Sayres et al., 2018) are mainly focused on teaching students how to apply
different techniques in biomedical data science and to understand how these techniques
work. The mastery rubrics (Tractenberg, 2017; Tractenberg et al., 2019), on the other
hand, are mainly focused on learning to design research approaches and make choices
during different phases of a research project. This is the difference between how you
do something (core competencies) and what you choose to do (mastery rubrics). Or,
in other words, it is the difference between knowing how to push buttons and choosing
which buttons to push. When analyzing data, for example, a researcher needs to choose
a method of analysis (e.g., multiple linear regression) and needs to conduct the analysis
(e.g., write the script). While the common skill is conducting a statistical analysis, the
former is a higher dimension of that skill than the latter.

Then there is also a distinction between choosing what to do based on instructions
or checklists and understanding what those choices are based on. The latter forms a
third dimension of the same research skill. Tractenberg et al. (2019) touch upon this
difference when they write: “Like competencies, [knowledge, skills, and abilities] can
be highly complex; by contrast, however, [knowledge, skills, and abilities] are general-
i.e., the same [knowledge, skills, and abilities] can be deployed differently to support
different task-specific competencies” (p. 3, punctuation in original). However, we con-
tend that the difference is not necessarily in the often-made distinction between general
and task- or discipline-specific skills but in the dimension of application of the same
skill. Both discipline-specific and general skills can be demonstrated at different dimen-
sions of application and understanding. Training students on the first dimension, learn-
ing how to apply research techniques, focuses on the first aspect of conducting research.
The core competencies, like many other biomedical data science education approaches,
mainly focus on this first aspect by expanding the student’s toolkit with new data analy-
sis techniques and software. However, training students in the use of all these new tools
will require a great deal of precious time spent on data science skills. Furthermore, in
our experience, students tend to focus on technical skills (e.g., getting their script to
work), which makes it difficult for teachers to bring across a general understanding and
the nuances of data analysis at the same time.

However, with the current developments in biomedical sciences, there is not only a
need for new tools but also a need for more rigorous use of these and the old tools. Sci-
entific flaws and questionable research practices are not counteracted by use of new tools.
Rather, they require certain ways of thinking and acting that transcend practical actions
(i.e., transcending the first dimension). Therefore, we should focus on teaching students
which research design choices to make (second dimension) and, even more important, to
understand the rationale for these choices (third dimension). This second and third dimen-
sion of learning we did identify in the mastery rubrics (Tractenberg, 2017; Tractenberg
et al., 2019). Instead of focusing on the practical tools and workflows, they focus on other
aspects of conducting scientific research. We discuss our identification of these aspects in
the remainder of this section. We explain that by choosing to focus on these aspects of
conducting scientific research, educators are implicitly steered to educational approaches
that align with the second and third dimension of learning. We argue that learning to attend
to these other aspects and dimensions will help students with learning to understand data,
research methods, and statistical methods, and using them appropriately. Furthermore, we
add an important fourth dimension of learning to conduct scientific research which we do
not recognize in the proposed learning goals. This fourth dimension is understanding the
nature of science and this understanding can help students with understanding the rationale
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Table 1 Four dimensions of learning to conduct scientific research

Dimension Examples

1. Applying techniques Writing a script, using software, performing a
western blot, cell culture, etc
2. Making choices in research design and implemen-  Selecting data, choosing a statistical test, reporting
tation research according to provided standards, etc

3. Understanding the rationale behind choices Awareness that not all data are relevant, under-
standing the meaning of a p-value, understanding
what data to present in publications, etc

4. Understanding the nature of science Understanding that research choices are not always
about right and wrong, understand that each
choice has consequences for the value and quality
of the results, understand that data do not speak
for themselves but require human interpretation,
etc

for choices in research design and implementation. The four dimensions are summarized
and exemplified in Table 1.

So, the first aspect of conducting scientific research is understanding data, research
methods, and statistical methods, and using them. By focusing on this aspect of conducting
research, biomedical data science educators tend to focus on the first dimension of learning
by teaching how to apply biomedical data science techniques. Instead, we should focus on
four other aspects of conducting scientific research that have to do with the higher dimen-
sions, with making choices in research design and implementation, and understanding the
rationale behind choices. Furthermore, using a fourth dimension of learning, understanding
the nature of science, can provide a means to achieving a way of thinking and acting that
transcends practical actions and fosters better scientific practice. Throughout the remain-
der of the article, we elaborate upon how we recognize the three identified dimensions
of learning in the learning goals and how an addition of the fourth dimension can benefit
learning. To this end, we discuss the second to fifth aspect of conducting research we iden-
tified in the learning goals and how these can be taught in such a way as to include the
higher dimensions of learning.

4.2 Key Aspect 2: Make and Justify Decisions

As we have argued, the mastery rubrics for bioinformatics and statistical literacy (Tract-
enberg, 2017; Tractenberg et al., 2019) do focus more on certain ways of thinking dur-
ing research design and implementation than the core competencies (Wilson Sayres et al.,
2018) do. However, the list of learning goals is so long and specifically applied to each
phase of research that it has two drawbacks. The first drawback is that the list is so long that
it is no longer feasible to cover all choices and considerations in an educational program.
(Tractenberg 2017; Tractenberg et al., 2019) are very thorough in describing the many
choices that must be made in research design and implementation (hereafter “choices” or
“decisions”). For example, in the learning goals in the category “identify data that are rel-
evant to the problem” we find that “[students should learn] how to identify, & evaluate
strengths & weaknesses of, data sources, to determine whether a given data-set or -type
is relevant for a given problem” (Tractenberg et al., 2019, p. 11). And, in the category
“identify & use appropriate analytical methods” we find that “[students should learn] to

@ Springer



Better Together: Integration of Philosophy of Science in... 1717

evaluate/rank & justify alternative methods in terms of general features of their efficiency
& relevance for the given research problem” (Ibid.). For other phases of a research process
similar choices are described in the learning goals (Tractenberg, 2017; Tractenberg et al.,
2019). In addition, they also describe many considerations that are important in making
those choices. This results in approximately forty specific choices and considerations. In
our view, it will be difficult to pay explicit attention to all forty in a single bachelor’s pro-
gram. The second drawback is that there is a risk that by learning all these specific consid-
erations, students treat those considerations more as a step-by-step guide than as a way of
thinking and acting. As a result, students mainly learn to work at the level of the second
dimension (making choices based on instruction) instead of developing an understanding
of rationales for choices (third dimension).

However, our identification of these choices and considerations as recurring elements
in the learning goals leads us to the identification of a second key aspect of conducting
research. That is, making and justifying decisions throughout the research process. This
is an aspect of conducting research that is implied in the learning goals but is not made
explicit by the authors. It can be beneficial to bring this aspect to the fore. This can be done
by using the specific choices and considerations mentioned as examples of the process of
making and justifying choices instead of treating them as separate knowledge, skills, and
abilities. Then it is no longer necessary to have students encounter all possible moments of
choice and go into the details of all these choices during their education. Yet, as we explain
below, it does provide them with the tools to handle various choices appropriately in the
future. This approach focuses more on teaching a way of thinking and acting (third and
fourth dimension of learning) than on teaching specific considerations and actions (second
dimension).

4.2.1 Train Explication of Considerations for Scientific Decisions

There are some frequently recurring concepts that underlie the specific considerations
detailed in the learning goals that can help students to explicate these specific considera-
tions for scientific decisions themselves. The recurring concepts are relevance, assump-
tions, uncertainties, reproducibility, and rigor (Tractenberg, 2017; Tractenberg et al.,
2019). These are important concepts to keep in mind during decision-making. Therefore,
we will discuss them more elaborately than the authors do. The degree to which data and
methods are useful to the research problem (i.e., relevance) impacts the applicability of the
resulting knowledge to the solution of the research problem. Similarly, the assumptions
behind hypotheses and methods, and other factors within the research design affect the
degree of certainty that can be awarded to results and conclusions and the circumstances
under which the conclusions are thought to hold. Further, the degree to which a scientific
method can be or was strictly applied to make scientific processes well-controlled and to
decrease bias (i.e., rigor) and whether the results can be supported by different researchers
using the same experimental setup (i.e., reproducibility?), are factors that guide decision-
making of scientists as well.

These factors (i.e., relevance, assumptions, uncertainties, reproducibility, and rigor)
could be presented by teachers during lectures or working groups. However, this risks

2 We acknowledge that there are distinct types of reproducibility and although this distinction is important,
we did not think it relevant to describe it in this article. Discussion of forms of reproducibility in biomedical
research can be found elsewhere (Montgomery, 2019).
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again that students treat it as a step-by-step guide that can be followed blindly. Instead,
we propose to guide students in producing these considerations themselves. Like phi-
losophers of science, they should reflect themselves on decision-making in scientific
studies and make explicit what concepts and principles guide a scientist’s decisions.
Here, we see a difference between making choices based on instructions (i.e., the sec-
ond dimension of learning) and understanding the underlying rationales that then lead
to the consideration of the specific factors and principles (i.e., the third dimension). To
help students discover these factors themselves, we can borrow from the procedures of
philosophy of science.

Griine-Yanoff (2014), for example, suggests that the hypothetico-deductive model,
the falsification concept, or the model of inference to the best explanation can help ana-
lyze scientific methodology. He argues that these tools that are taught in standard phi-
losophy of science courses remain relevant (Griine-Yanoff, 2014). However, he does not
go into detail about the role these tools can play in instruction. To make this recommen-
dation more concrete, we suggest that students could learn about these distinct types of
inference and that these all have their own scope and limitations. But more importantly,
they could then learn to recognize these types of inference in research designs when
they do their own research or when they discuss research designs during biomedical
courses. The ability to abstract research designs to general principles of argumenta-
tion, and knowledge about these principles could help students to identify the scope and
limitations of different methods and to produce rigorous and reproducible research. To
that end, students should be supervised in these philosophical exercises at times when
research designs are also covered from a disciplinary or data science perspective, in
biomedical courses.

In addition, what characterizes a philosopher’s working method is the ability to take
apart a process or an argument to identify its underlying doctrine. With the help of philoso-
phy of science, educators can teach students how they can identify the principles, beliefs,
and values that guide their own and another’s decision-making process. And to recognize
the underlying concepts of research and analysis methods. This taking apart and abstrac-
tion can help students to make and justify their decisions.

These philosophical insights are especially, although not exclusively, useful in the field
of biomedical data science. The increasing size and complexity of data are accompanied
by an ever-increasing number of data analysis methods. Students cannot master all these
methods in the limited amount of time they have. However, we can provide students with
tools that prepare them for learning to master new data analysis methods in later career
stages. That is, by teaching them the philosophical procedures to take apart research and
analysis methods and to make (considerations for) decisions explicit. In addition, this expe-
rience can help researchers in developing new methods for new challenges in this rapidly
advancing field.

However, it is good to note that philosophy of science training should also focus on
ways of thinking about scientific research and ways of approaching research design and
implementation rather than learning to use specific tools. Tools such as the hypothetico-
deductive model are useful for understanding certain research approaches, but they are not
applicable to all of science. Especially studies working with large and complex datasets
are using new types of research design and analysis. Therefore, the tools of traditional phi-
losophy of science are not sufficient for dealing with big data research (e.g., Ernst, 2009).
Despite, or perhaps even more so because of, these developments it can be worthwhile to
teach students these philosophical ways of thinking and acting and how to explicate con-
siderations for scientific decisions.
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4.2.2 Train Reflection on the Principles and Concepts of Probability and Statistics

Abstracting specific methods to general principles can also help students to make appro-
priate decisions in statistical methods and outcome measures, an essential part of data
science education. In the learning goals, we recognize the importance of learning to
evaluate the measurement properties of variables. Understanding how these variable
properties determine the choice of statistical methods is essential for choosing appro-
priate methods (Tractenberg, 2018). In addition, the learning goals define that students
should understand the roles of covariates, what the p-value represents, and how to apply
false discovery rate controls and why (Tractenberg, 2018). Thus, the learning goals
essentially say that students learn to make appropriate statistical decisions by recogniz-
ing that they should consider the features of the data. As one of our reviewers kindly
pointed out, these learning goals focus mainly on null hypothesis significance testing
(NHST). Although NHST remains the most frequently used statistical approach in bio-
medical sciences, it is crucial to consider the trend toward other statistical approaches,
like model selection or using Bayes Factors. In this light, we first discuss how achiev-
ing the NHST-oriented learning goals can be facilitated by philosophy of science
approaches and then discuss the consequences for statistical approaches not mentioned
in the learning goals.

Again, learning how decisions in specific methods are related to general concepts
in scientific methodology could help students to recognize these concepts in their own
research. The general concepts that are applicable here are probability and uncertainty.
It could be argued that all statistical tools measure the uncertainty of data and results
(Lindley, 2000). Therefore, it could be beneficial for students to reflect on the role of
probability and uncertainty in science on a more abstract level. One aspect of this reflec-
tion could be on the following distinction between probability and significance level,
as described by Lindley (2000), which is relevant in the most frequently used method
of NHST. A scientist starts with a hypothesis about an uncertain process. They acquire
data to remove or reduce this uncertainty, and they use the probability of the acquired
data (or more extreme data) given that the null hypothesis is true (i.e., significance
level), instead of the probability of the hypothesis given that the data are true (i.e., prob-
ability). In other words, in NHST, scientists assume that the hypothesis is true to deter-
mine how probable it is that the data in question have been found. While, in reality,
the truth of the hypothesis is under discussion (Lindley, 2000). We argue that students
should realize this is the case and could reflect on its consequences. This constitutes
the important fourth dimension of learning to conduct scientific research (Table 1). It
is in the nature of null hypothesis testing that you determine the probability of the data
given the null hypothesis rather than determining the probability of a research hypoth-
esis. Understanding this nature can be key to drawing appropriate conclusions, yet it is
often not at the forefront of data science education approaches.

This way of thinking is extra important because there is a trend toward using other
approaches than NHST in scientific research and statistics education. These include con-
trast testing (replacing the classical alternative hypothesis with a pre-specified contrast),
equivalence testing (testing the existence of the null hypothesis allowing for a mini-
mum effect), inequality constrained hypothesis testing (applying inequality constraints
between the parameters of interest), Bayesian statistics (starting with a prior view on
the probability), and model selection approaches such as structural equation modeling.
Even though most biomedical research approaches still exclusively use NHST, these
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trends toward other methods enhance the need for teaching students to reflect on the
use of probability in science on a more abstract level. All methods result in estimations
of how well a theory represents a phenomenon and the way they obtain these measures
of uncertainty affects the conclusions drawn from the analysis. Firstly, it is paramount
that scientists realize that they do have a choice of method. Secondly, they should learn
about the consequences of each choice for the interpretation of their results (see the next
subsection). We contend that we should start by teaching students the first lesson even
though they might not yet be able to oversee the specific consequences. We might even
need to repeat this ad nauseam throughout all our lessons about interpreting results: all
statistical results are estimations of uncertainty in terms of probability and the value of
these probabilities depends on the decisions made throughout data collection and analy-
sis and on the intended use of the results.

A concurrent trend in biomedical sciences is the increasing use of approaches that
depend less on hypotheses and theories and that are often more data driven. Examples
include advanced data visualization techniques and clustering techniques to reduce high-
dimensional data. The output of these approaches is mostly the model itself and not nec-
essarily theory building. For example, in machine learning techniques, a model is tested
and validated on large datasets, and this validated model is the product of the study rather
than an increased understanding of the parameters measured in the datasets. The traditional
tools of philosophy of science might not be applicable to these approaches. However, the
way of thinking and acting of a philosopher, which we promote here, can be beneficial for
students to make more appropriate use of these approaches. Furthermore, it shows students
again that there are many methods in science and that there is not one “correct” way of
proceeding.

Another aspect of the reflection on probability and uncertainty could be on the assump-
tions behind statistical concepts (e.g., p-value, significant, confounder, effect size). Bon-
iolo and Campaner (2020) suggest that reflection on statistical concepts can provide under-
standing of the assumptions behind these concepts and on their different interpretations
and chosen meanings (Boniolo & Campaner, 2020). For this matter, we add that philoso-
phers of science can share their insights in the use of statistical concepts with students to
open their minds to the idea that there are different meanings of statistical concepts. This
could then incite caution in their own use of the concepts and in the interpretation of their
use by others. These reflections strongly relate to the human-constructed and socio-cultural
embedded nature of science. Therefore, discussing these aspects of the nature of science,
using the negotiation of the meaning of statistical concepts as example, can also be help-
ful to increase student understanding. This is another example of learning on the fourth
dimension. Students are not only helped to make appropriate choices during research by
understanding the rationale for these choices. In addition, it can be helpful for them to
understand the nature of scientific research and, for example, that our conceptions affect
how we interpret scientific terms such as “probability” and “significance.”

Of course, we are not the first to mention that reflection on the human-constructed
and socio-cultural embedded nature of science should be included in science education.
With this we touch upon yet another research field, that of nature of science education.
Nature of science scholars, for example, also advocate teaching the social character of sci-
ence (Abd-El-Khalick, 2012; McComas, 2020). They propose to propagate the view that
science uses an intersubjective, collaborative approach which minimizes researcher bias
and subjectivity (McComas, 2020). These and other aspects of the nature of science are
discussed by many scholars of nature of science education. Generally, these scholars dis-
cern seven consensus views of the nature of science that students should learn during their
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formal education (Lederman, 2007): scientific knowledge is tentative, empirically based,
subjective, human-constructed, and socially and culturally embedded. In addition, there
is a distinction between observations and inference and between scientific laws and theo-
ries (Lederman, 2007). This listing is neither exclusive nor exhaustive but forms the basis
of nature of science education. Since these aspects of the nature of science are intricately
linked to what we discuss, we also discuss how some of them can be attended to in our
proposed training.

From this point of view, we should also look back at the first key aspect that we identi-
fied (understanding and using data and methods). The tools and methods discussed in the
learning goals are grounded in the empirical nature of science. Therefore, we implicitly
teach that scientific research has an empirical nature. However, making this aspect of the
nature of science explicit could be a first step toward discussing the nature of science in a
broader sense with students. A logical next step would be to examine the role of the scien-
tist in the creation of scientific knowledge. Discussing the human-constructed and inferen-
tial nature of science opens up the conversation about the many choices that are made by
scientists throughout a research project. This way, students can recognize that understand-
ing and using data and methods is only one aspect of conducting scientific research and
that the other aspects (as discussed throughout this article) require a scientist who actively
draws inferences and chooses between reasonable alternatives.

4.3 Key Aspect 3: Explain How Decisions Affect Results

In the last section, we have already pointed out that it is important that students learn to
make and justify decisions because a researcher does make many choices throughout the
research process and their decisions affect results. However, learning that decisions do
affect results is so important that it calls for separate attention. We also recognize this
importance throughout the learning goals (Tractenberg, 2017; Tractenberg et al., 2019).
For example, in the category “Define a problem based on a critical review of existing
knowledge” the mastery rubric states: “[An undergraduate] ... in guided critical reviews,
[is] learning to recognize that design features & evidence base are important to drawing
conclusions” (Tractenberg et al., 2019, p. 10). And, in the category “Experimental Design”
it states:

[An undergraduate is] developing the understanding that weak experimental design
yields weak data & weak results. Needs assistance in conceptualizing covariates
& their potential roles in the planned analyses. Beginning to recognize that, & can
explain why, just one study is usually insufficient to answer a given research prob-
lems/solve biological problems adequately. (Tractenberg et al., 2019, p. 10)

Again, the learning goals mention several times that students should understand that
specific aspects of scientific research (such as research design) and decisions made (such
as doing unplanned analyses) affect the results. So, here we identify the third key aspect of
conducting research of “explaining how decisions affect results.”

4.3.1 Train Reflection on Effects of Epistemic Aspects of Decision-Making
This aspect shows as well that attending to the higher dimensions of learning to conduct

research is important and that we should train students to reflect on the effects of epistemic
aspects of decision-making. An example of an assignment in undergraduate programs
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where students can learn to explain how decisions affect results is writing a research pro-
posal. In such an assignment, students need to learn how to work with a research proposal
format and need to learn what type of information they need to provide in which part of the
proposal. This is the very practical, first dimension of the assignment. Then, there are of
course many choices to be made. Undergraduate students of course require guidance in this
regard, since they do not yet have an overview of possible research methods nor enough
experience in the field. However, we can provide diverse types of guidance. In these types
of assignments, students often look for the “correct” answer or for the “right” research
design for their research question. In other words, they might seek to learn on the second
dimension. However, this assignment provides an opportunity to foster the idea that there
is not one correct or best method for each research question. In science as we practice it
today, we have, as Boniolo and Campaner (2020) also argue, a certain way of proceeding,
the current scientific methodology, which is refined over the course of millennia. In addi-
tion to this general scientific paradigm, every scientist operates in a disciplinary paradigm
with its own methodology (Boniolo & Campaner, 2020). However, this methodology has
its assumptions and even when followed rigorously, it cannot guarantee the validity of the
results. So, we argue that we need to get students into the habit of considering the underly-
ing assumptions of the methods they want to propose in their research proposal. And to
consider the implications of those assumptions for how they might interpret the results of
the proposed study.

4.3.2 Train Discussion of How Scientific Research Contributes to Theory Building

Readers might assume it is evident for students that scientific methodology cannot guar-
antee the validity of results and that students will not hold the belief that science provides
certain knowledge about the real world. However, although only a small number of stud-
ies have explored scientists’ views about the tentativeness of scientific knowledge (Yucel,
2018), some life scientists did express the view that science attains certain knowledge
(Schwartz & Lederman, 2008). In addition, the way biomedical studies are reported (see
“Sect. 3”) seems to suggest that some (or even many) biomedical scientists hold false
beliefs about the truth value of their conclusions. If students are convinced that good scien-
tific research should provide definitive evidence for a theory, that is potentially dangerous.
It could, for example, lead to ignoring the consequences of choices in the research design
for the epistemic status of the conclusions. Appreciating the value of taking a step and
providing evidence that supports or does not support a hypothesis fo a certain extent will
do more justice to the reality of research. We should help students to realize that scientific
research provides arguments to make a theory more (or less) supported. Then we could,
as Abd-El-Khalick (2012) also proposes as an objective of high school (nature of) science
education, shift their focus from proving or disproving theories to arguing the extent to
which a theory can explain or predict phenomena and under which circumstances. So, we
should discuss with students how scientific research contributes to theory building.

4.4 Key Aspect 4: Balance Epistemic, Ethical, and Societal Responsibilities

In the biomedical data science learning goals, we also found goals that are focused on the
ethics of research. The mastery rubric (Tractenberg et al., 2019) describes that students
should know that it is important to learn to recognize scientific misconduct and unethi-
cal practice, and how to act ethically. For example, by stating that “[An undergraduate
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is] learning the principles of ethical professional & scientific conduct. Seeks guidance to
strengthen applications of these principles in own practice. Learning how to respond to
unethical practice” (Tractenberg et al., 2019, p. 9). In addition, they included “key attrib-
utes of ethical science in all of the [learning goals] relating to transparency, rigor, and
reproducibility” (Tractenberg et al., 2019, p. 8). An example of this can be found in a learn-
ing goal in the category “Define a problem based on a critical review of existing knowl-
edge”: “[An undergraduate] recognizes the role of uncertainty in research, & that reproduc-
ibility & potential bias should be considered for every result” (Tractenberg et al., 2019, p.
10). The core biomedical data science competencies (Wilson Sayres et al., 2018) add inter-
pretation of the ethical, legal, medical, and societal implications (ELMSI) of biological
data as their ninth and last competency. This learning goal is focused on the implications
of the types of data biomedical sciences are dealing with (e.g., the availability of genomic
data) and the procedures that protect against falsification or manipulation of biomedical
data (Wilson Sayres et al., 2018). So, the learning goals describe that students should learn
how to act ethically and how to discuss the implications of biomedical data science for
people. They contend that students need to learn how to act ethically responsibly in con-
ducting scientific research and to learn what procedures we have in place to hold scientists
to these ethical principles. So, an additional aspect of conducting scientific research we can
identify in the learning goals is to act upon ethical and societal responsibilities. What is not
included in the learning goals is how ethical conduct and considering the implications of
scientific research can affect scientific research itself nor to what extent it does so. Scien-
tists need to balance their ethical and societal responsibilities with their epistemic respon-
sibilities. Therefore, we suggest adding epistemic responsibilities to the fourth aspect of
conducting research. Further, we propose a focus on learning to balance these epistemic
and non-epistemic considerations rather than just learning the principles of ethical conduct
and learning to discuss societal implications of research. Therefore, our fourth key aspect
of conducting research is “balance epistemic, ethical, and societal responsibilities.”

4.4.1 Train Identification of Underlying Values of Epistemic and Non-epistemic
Considerations

To that end, it is first of all important that students learn to recognize the deeper values
underlying the epistemic and non-epistemic considerations. For example, reproduc-
ibility, rigor, and transparency are valuable because they enable separating science from
other kinds of knowledge and preventing negative impacts of scientific results on people
(Boniolo & Campaner, 2020). So, philosophy of science points to a deeper layer of values
underlying these three. We argue that helping students gain an understanding of the general
principles of science and the deeper layer of underlying values could help them understand
the influence of science on society and vice versa. These insights could subsequently con-
tribute to greater motivation to include both epistemic and non-epistemic considerations in
research decisions. And to provide means for balancing them responsibly.’

For learning to balance epistemic, ethical, and societal responsibilities, it would be most
valuable if students learn to identify values and norms themselves instead of presenting
them with commonly held values and contemporary rules and guidelines that they should

3 Naturally, these educational approaches are closely related to ethics education. However, further elabora-
tion on ethics education is beyond the scope of this article and can be found elsewhere (Gerrits et al., 2021).
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adhere to. Therefore, we need to show students what questions to ask about ethical conduct
and societal implications and how to answer them. Questions should, for example, include:
What values could potentially conflict here? Which stakeholders are involved? What are the
needs and wishes of these stakeholders? Are these in conflict between stakeholders? How
do I protect the anonymity of participants? Am I aiming for anonymity or pseudonymity?
By learning to ask questions rather than to adhere to guidelines, students are more actively
involved in the act of balancing different considerations. This creates two advantages. The
first advantage is that students are actually made responsible for considering all important
ethical and societal aspects of their scientific research practice. The second advantage is
that it, again, fosters the idea that scientists do need to balance different responsibilities
and that they therefore need to actively choose between reasonable alternatives rather than
simply adhere to rules and guidelines and make the “right” choice.

4.4.2 Train Reflection on Effects of Non-epistemic Aspects of Decision-Making

Which non-epistemic aspects should researchers consider then? Griine-Yanoft (2014) also
argues that there are non-epistemic considerations underlying decisions in the scientific
process and that these should be justified and evaluated. His considerations include scien-
tific honesty,* ethical conduct of experiments, considering consequences of one’s research,
the role of policy making, and the effects of a scientist having an expert role in the political
domain (Griine-Yanoff, 2014). Scientific dishonesty, he implies, is distorting the research
process, for example, by misreporting empirical findings, plagiarism, and denigrating the
involvement of co-researchers. Ethical conduct of experiments, then, concerns the way
human and animal experiments should be conducted, and whether they are permissible for
the purpose at all. Griine-Yanoff goes on to explain how students are often taught only the
rules of ethical conduct and scientific honesty. He also argues that students should instead
learn to understand, critically reflect, and apply these rules. He proposes to help students
to elicit intuitive judgments about concrete cases. The role of the philosopher would then
be to analyze these judgments in terms of their specific values (e.g., honesty, openness,
transparency, confidentiality) (Griine-Yanoff, 2014). We have developed such an assign-
ment in our undergraduate program which could illustrate the type of training we aim for.
For this assignment, students are asked to collectively rank several different life forms in
terms of their moral status (e.g., human cell line, organoid, 3-day-old embryo, 9-week-old
fetus, test rat, own domestic rat, a brain-dead person, etc.). Then, they are asked to justify
their ranking, discuss what possible reasons for disagreement were, and describe which
characteristics of the life form they considered (e.g., potential of having human character-
istics, self-awareness, personal relationship, etc.). As teachers, we simultaneously analyze
the types of argument they put forward and help students with describing in more general
terms how they came to their ranking. With this assignment, we ask students to analyze
their own moral judgment (and we supplement that analysis when necessary) to teach them
methods of analysis of moral judgment.

Teachers can have a similar role when discussing consequences of research. Philoso-
phy can facilitate reflection on what bad consequences can be avoided and what good
can be done (Griine-Yanoff, 2014). Griine-Yanoff, here, proposes to use historic examples

4 As a side note, Griine-Yanoff (2014) puts scientific honesty under non-epistemic values while some
aspects of honesty help toward the attainment of epistemic goals as well and might as such be viewed as an
epistemic value.
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and thought experiments to illustrate what such consequences might be. We add that it
is important to get students into the habit of asking these questions, not only when it is
specifically asked of them during a case study assignment for which reflection on the con-
sequences of research is the explicit objective. These ways of thinking and acting should
also be integrated into biomedical courses. We need researchers to start attending to the
non-epistemic aspects of their research on their own, routinely. This means that teachers
also need to provide feedback about these aspects during assignments for which reflection
on the consequences of research is not explicitly requested. We cannot expect students to
automatically transfer their case study-based skills learned during ethics education to their
own scientific practice. We need to support this transfer.

An example of how non-epistemic considerations can impact research decisions can
be found in the use of omics data. These data can be so unique that people can be rei-
dentified from their data even when other identifiable data are not disclosed. To conduct
research on these data ethically responsibly, the privacy of the subjects must be protected.
This needs to be weighed against the epistemic value of reproducibility, which is enhanced
by openly sharing research data. Ethical reflection, but also legislation often comes too lit-
tle too late, after the impacts have already been realized. This is especially disconcerting
for biomedical data science, because it is a quickly evolving research area with profound
impact on healthcare and society. Thus, timely reflection on the effects of non-epistemic
considerations is especially important in this field and should therefore be taught as well.
So, when discussing data management and the advantages of Open Science during bio-
medical data science education, we should also discuss the non-epistemic aspects and their
consequences.

Another non-epistemic aspect discussed by Griine-Yanoff (2014) is the connection
between scientific research and policy making. He mentions the discrepancy between judg-
ing evidence for epistemic or for policy purposes. For example, in setting the type I (false
positive) and type II (false negative) error margins. From an epistemic perspective we often
prefer a minimal type I error, while from many policy perspectives a small type II error
may be preferred. Griine-Yanoff then concludes that philosophy can help students to ana-
lyze such problems through the tools of decision theory (Griine-Yanoff, 2014). He does not
elaborate on how this can take shape in a (philosophy course in a) science curriculum. For
an undergraduate program, which we discuss, it is probably too complicated and time-con-
suming to introduce decision theory (tools). However, the realization that what is decisive
when making a choice in a research process depends on the perspective from which the
consequences are assessed is important. From that point of view, not only political per-
spectives are important for a biomedical scientist. In addition to epistemic and political
perspectives, biomedical scientists should, for example, also consider clinical, legal, par-
ticipant, data management, societal, organizational, pragmatic, sustainability, and financial
perspectives. Further, they need to become aware of their own perspectives and varying
roles as well. In addition to their role as researchers, scientists fulfill other roles as well.
For example, they have an expert-role in the political and societal domain (Griine-Yanoff,
2014) and they might have an advisory role in NGOs or companies. This means that in
addition to external perspectives, a scientist should consider their own varying perspec-
tives as well during decision-making. Therefore, we suggest that undergraduate students
learn to have an eye for these perspectives first. Again, we do not suggest that undergradu-
ate students should oversee the consequences of their decisions from all these perspec-
tives. Rather, they should learn to inquire about these consequences with their teachers and
supervisors first. Once they have become aware of these perspectives as undergraduates,
they can learn to integrate these perspectives in their own decision-making during their
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master’s or PhD. This requires an introduction to the perspectives early in the curriculum
and consolidation throughout the rest of the program. The latter could be implemented by
adding a standard question about perspectives to assignments concerning decision-making
in research.

Being aware of how non-epistemic considerations can affect scientific research, again,
has to do with understanding the nature of science (fourth dimension of learning). As can
be appreciated from the discussion above, the proposed training can provide an opportu-
nity to discuss the human-constructed, subjective, and socio-cultural embedded nature of
science and scientific knowledge. However, it is good to note this should be done explic-
itly and reflectively (Abd-El-Khalick & Lederman, 2000). We should not expect students
to learn about the nature of science automatically by participating in research practices
(Abd-El-Khalick & Lederman, 2000). We need to take the opportunities we present here
to explicitly discuss how students view the nature of science and how they reflect on their
own research practice.

To summarize, the learning goals suggest students should learn to act on their ethical
and societal responsibilities and the effects of their decisions on people. We add that stu-
dents should learn to reflect on the effects of ethics and society on scientific decision-mak-
ing and that students need to learn to balance their epistemic, ethical, and societal respon-
sibilities. We suggest teaching students how to identify underlying values of epistemic and
non-epistemic considerations. And teaching them to reflect on effects of non-epistemic
aspects of decision-making by making them aware of their own roles and other perspec-
tives on scientific research.

4.5 Key Aspect 5: Report Justification of Decisions and Results Appropriately

The fifth key aspect of conducting research that we identified in the learning goals pertains
to reporting scientific research to the scientific community. In the bioinformatics learning
goals, we can read that “[An undergraduate is learning] both to recognize the value of clear
communication, & about the role of communication in sharing & publishing research”
(Tractenberg et al., 2019, p. 12). As a side note, it is good to mention that “communica-
tion of scientific research” in these learning goals is focused on communication between
scientists and not necessarily with the general public. The latter is often regarded as the
field of science communication. Skills in science communication are also very valuable for
(future) biomedical scientists. However, this is beyond the scope of this article. The learn-
ing goals discussed here are focused on reporting of scientific research to peers, for exam-
ple, in scientific journals. In this respect, they suggest that an undergraduate is learning
“that transparency in all communication represents ethical practice, even when the desired
results have not been achieved” (Tractenberg et al., 2019, p. 12). Further, students need to
learn “why p-value-driven conclusions, & the lack of false discovery rate controls, are not
conducive to reproducible work™ (Ibid.). To summarize these learning goals, students need
to learn what constitutes a complete report of research. In addition, the learning goals sug-
gest that an undergraduate’s “conclusions are generally aligned with given results” and that
undergraduates “with guidance, can draw conclusions in own work that are coherent with
the research hypothesis/hypotheses” (Ibid.). Further, an undergraduate is “learning that
‘full” contextualization of conclusions requires consideration of limitations deriving from
methods & their applications, & their effects on results & conclusions” (Ibid.). In other
words, students need to learn to align and contextualize their conclusions to provide a con-
gruent report. Thus, they need to learn that reports of research should include all aspects
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relevant to assess the conclusions drawn and that this includes research (design) decisions
and how they affect results and conclusions. The last key aspect of conducting research
we can now identify is that students should learn to “report justification of decisions and
results appropriately.”

4.5.1 Train Presentation of Research Reports as Arguments

As Tractenberg (2018) already clarifies, the key goal for teaching a student to draw and
contextualize conclusions is to teach them to support an argument with or from data by
reasoning. Beginners often completely rely on p-values, instead of using reasoning, to sup-
port an argument (Tractenberg, 2018). So, students should progress from relying solely on
p-values to using reasoning for drawing conclusions.

We add that this progress should also be sought in reporting conclusions. Reporting
of results should reflect the reasoning that led to the conclusions. To bring about that pro-
gress, we should focus on the underlying assumptions of students about conclusions in sci-
entific research. In our experience, many students believe that scientific research provides
evidence for a conclusion. And, indeed, that finding a p-value below the significance level
is sufficient evidence to conclude that the hypothesis is correct and relevant. There are two
assumptions that should be corrected: (1) that the evidence speaks for itself, and (2) that
one can draw conclusions about the truth of a hypothesis (from a single well-performed
study).

Students should first be aware of whether they hold these beliefs. Then, insights from
philosophy of science can help to understand that the value of the evidence (e.g., a p-value
or an effect size) is reliant on many factors, such as the research methods, theory-laden-
ness, and social and cultural factors (as addressed by the fourth dimension of learning).
Consequently, students can more thoroughly understand why it is important to view report-
ing scientific results as constructing an argument. And that this argument includes the
p-value, but also the decisions that were made and every result that was obtained to arrive
at that p-value. And that it includes other results of research done on this topic. So, view-
ing research as constructing an argument instead of letting the evidence speak for itself
could help students to both be congruent and complete in communicating their research
results. And to know more intuitively what constitutes a complete and congruent research
report, without having to learn a list of specific requirements, such as detailed in the learn-
ing goals.

4.5.2 Train Reflection on the Epistemic Status of Hypotheses in Research Reports

In “Sect. 4.3,” we already suggested that appreciating the value of taking a step and provid-
ing evidence that supports or does not support a hypothesis to a certain extent can help stu-
dents with explaining how decisions affect results. Here, we add that it might decrease their
tendency to use reasoning fallacies to give the impression that their results are conclusive.
So, reflecting on the epistemic status of hypotheses and conclusions in research reports
could help students to avoid reasoning fallacies. Therefore, training in taking apart and
constructing arguments could prove to be very useful for appropriate reporting of scientific
research.

One of the reasons viewing research efforts as constructing arguments is valuable for
research on data of increasing size and complexity is because there is an increased risk
of confusing hypothesis testing and hypothesis generation efforts. Big data can be used to
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mine for new hypotheses, but this is a challenging exercise (Tatonetti, 2019). For exam-
ple, the large sample size can cause the study to be overpowered to detect extremely small
effect sizes with statistical significance. In addition, there is a larger risk of confounding in
large, observational datasets. Therefore, validation of these findings from machine learn-
ing is essential. However, validation is not always performed on truly independent data,
which leads to inflated results (Tatonetti, 2019). Hypothesis generation and hypothesis test-
ing efforts have different argumentative values that should complement each other. Rec-
ognizing hypothesis generation as such will put the argumentative value of its results into
perspective and attest to the importance of subsequent hypothesis testing efforts.

Reflection on the epistemic status of hypotheses in research reports can be integrated
in several biomedical data science learning activities. For example, during journal clubs
in which bioinformatics papers are discussed, we should include questions about the argu-
ment that is built in these papers. Journal clubs often address the findings and figures of a
paper and are used to discuss the structure of research articles. To prepare for these journal
clubs, students are given a reading instruction with guiding questions to focus their prepa-
ration. During the journal club these questions are then discussed with peers and a teacher.
To foster the idea that reporting research is constructing an argument, teachers could add
questions about the persuasiveness of the paper. For example, by asking students what, in
their opinion, contributes to the persuasiveness and what does not. Further, by discussing
what, in subsequent research, needs to be done to test the explanatory or predictive power
of the theory under development further. Or, by asking which choices were made by the
researchers and how these choices affected theory building. These exercises can foster an
understanding of the tentative and human-constructed nature of scientific knowledge. In
addition, it provides room to discuss that data resulting from observations or experimen-
tation require interpretation to build theories. This difference between observations and
inferences is another aspect of understanding the nature of science that is promoted by
nature of science scholars (Lederman et al., 2002).

Another example of a relevant learning activity is the thesis at the end of a degree pro-
gram. Usually, students conduct a small empirical study under supervision of a researcher,
and they write a report in the form of a research article. Since students are actually engaged
in scientific practice during their research internship, there are many opportunities for
supervisors to address the tentative and human-constructed nature of scientific knowledge.
However, it is good to note again that this should be done explicitly and reflectively (Abd-
El-Khalick & Lederman, 2000). Here, we recognize the importance of the fourth dimen-
sion of learning again. We propose, for example, that supervisors let their students reflect
on the objectives of reporting research in scientific journals. This could provide an oppor-
tunity to uncover and address students’ assumptions (e.g., that data speak for themselves).
As nature of science scholars have expressed, students and teachers with better understand-
ing of the nature of science will argue with more evidence (McDonald, 2010). However,
teacher guidance is necessary to help students apply their understanding of the nature of
science and to appreciate its relevance to effective argumentation (McDonald, 2010). Fur-
ther, instructing students to disassemble their own argument in their thesis could help them
identify their own assumptions and reasoning fallacies.

To summarize, the learning goals focus on the importance of congruency and com-
pleteness and using reasoning for reporting of scientific research. This implies the philo-
sophical skill of argumentation. To help students achieve these learning goals, we propose
to help students develop the following view on scientific research: scientific research is
constructing an argument to demonstrate fo what extent some evidence supports a conclu-
sion. Focusing on the argumentative aspects of reporting scientific research and training in
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taking apart and constructing arguments could help students to report results appropriately
by using reasoning and avoiding reasoning fallacies.

A summary of all our proposed training in philosophy of science for learning to conduct
scientific research through higher dimensions of learning can be found in Table 2.

5 Other Benefits of Integration of Philosophy of Science in Biomedical
Data Science Education

Thus far, we have focused on the benefits of integration of philosophy of science in bio-
medical data science education for learning biomedical data science. Another benefit of
this integration, which we discussed between the lines, is its value for learning philosophy
of science. As is also discussed by Boniolo and Campaner (2020), philosophers of sci-
ence should teach biomedical students what they need to better understand the foundations
of their theoretical knowledge and practice. Griine-Yanoff (2014) describes a multidisci-
plinary course to introduce students from different disciplines to philosophy of science.
As is acknowledged, it is a constraint that students come from highly diverse backgrounds
(Griine-Yanoff, 2014). Since the educational content needs to be tailored to all students,
many examples will not be (directly) relevant to most students. In our experience, the phil-
osophical concepts that help to understand the foundations of scientific theory and practice
can lose their practical value for students when they are taught separate from particular bio-
medical content and research techniques. However, when the concepts that are applicable
to some disciplinary content are taught when that content is also covered from a discipli-
nary perspective, the chances of them taking root are significantly increased. In addition, it
can increase student interest for theoretical concepts. As we have argued above, biomedical
data science is a fitting subject for integration of philosophy of science training. The core
competencies as defined by Wilson Sayres et al. (2018) provide an excellent overview of
important datatypes and research and analysis methods in biomedical data science. These
can be used to integrate the educational approaches discussed here into existing curricula.
When the philosophical concepts and skills are taught together with disciplinary content
it also facilitates their actual application in research practice. On a more practical note, it
often proves difficult to create space that is explicitly dedicated to philosophy of science
in a packed curriculum. An integration with disciplinary content could, therefore, also be
a pragmatic solution. So, integration could be practical, increase comprehension of and
motivation for learning philosophical concepts, and facilitate application of these concepts
in research practice.

An additional benefit of the discussed educational strategies is their value for interdis-
ciplinary research efforts. Integration of interdisciplinarity is also one of the skills that is
described by Tractenberg et al. (2019). However, as becomes apparent in their explication
of the learning goals they use a narrow view on interdisciplinarity. The domains that are
mentioned are biomedicine, statistics, and engineering. As has been argued by others, the
complex problems of our time require broader interdisciplinary efforts (e.g., Mazzocchi,
2019). Biomedical scientists should, for example, also collaborate with sociologists, psy-
chologists, jurists, and communication experts. The differences between biomedicine and
these domains concerning methodology and the underlying principles and values are even
starker. Therefore, collaborations between these domains require greater interdisciplinary
skills.
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Table 3 Four initial design principles

Design principle

Reasons

1. Integrate training in philosophy of science with
biomedical data science training

2. Attend simultaneously to all four dimensions
of learning to conduct scientific research. While
attending to decisions in research design and
implementation, also explicitly reflect with stu-
dents on their views of the nature of science

3. Focus on aspects of the process of scientific
decision-making and explicitly address students’
possible tendency to focus on the outcomes of
scientific decision-making

4. Teach students to ask questions about epistemic
and non-epistemic considerations in scientific

Making philosophy of science meaningful
Fostering a habit of attending to philosophical
aspects while conducting research

Understanding rationales instead of learning discipli-
nary conventions

-Learning about aspects of the nature of science in a
meaningful context

Learning that multiple decisions can be right instead
of seeking for “correct” decisions

Learning that justification of decisions and considera-
tion of their consequences is important

Learning that scientific research practice is defined
by many choices between reasonable alternatives

research Developing awareness of these choices instead of

learning predefined epistemic and ethical rules

Philosophy of science can strengthen these skills. For example, being able to abstract
the considerations for decisions in one’s own domain and understanding the principles of
argumentation are valuable skills for interdisciplinary projects. They can help students to
justify their proposed research methodology for collaborative projects in a manner that
is understandable for practitioners of other domains (Griine-Yanoff, 2014; Laplane et al.,
2019). Furthermore, with these skills students are also better equipped to understand the
underlying principles of research and analysis methods of these other domains. Thus, phi-
losophy of science provides a common language for interdisciplinary conversations, which
is important given the complex problems of our time.

In addition, other disciplines can provide tools for biomedical scientists to improve their
own practice in a comparable manner as we argued for philosophy of science tools here.
Above, we already touched upon the fields of ethics, science communication, and cognitive
science. Philosophical tools can provide insight into ethical decision-making, communi-
cation of scientific research, and the ways in which we convey and perceive information
through language (e.g., statistical terms). Naturally, the fields of ethics, science commu-
nication, and cognitive science have also developed their own tools and insights on these
topics. Integration of these tools and insights into biomedical data science education could
provide similar usefulness as we have argued for integration of philosophy of science.

6 Educational Design Principles

Throughout our article we have provided recommendations for how to help students
achieve a way of thinking and acting that can improve their scientific practice, especially
when working with increasingly large and complex datasets. We summarize these recom-
mendations in four educational design principles (Table 3). The first design principle is an
overarching one that has been the core of our argument: Integrate training in philosophy of
science with biomedical data science training. Philosophical exercises are most meaning-
ful when they are done at times when the content they address is also addressed from a
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disciplinary perspective. In addition, it fosters a habit of attending to philosophical aspects
while conducting research because philosophical thinking is already presented as integral
to conducting research during formal education.

The second design principle derives from our identification of four dimensions of learn-
ing to conduct scientific research. When teaching data science to undergraduates, we tend
to focus on introducing students to a wide range of biomedical data science tools and work-
flows. Like with other disciplinary content, students are taught disciplinary conventions
(Griine-Yanoff, 2014). Even during internships, undergraduates are often used as “extra
hands” and gain little experience in making well-considered choices themselves (Li & Luo,
2020). Furthermore, little attention is paid to reflection on the nature of science. However,
through an understanding of the nature of science, researchers can understand rationales
behind choices in research design and implementation, make justified choices, and apply
techniques in a meaningful manner. Vice versa, aspects of the nature of science only make
sense when applied to specific choices and applications. Therefore, our second design
principle is: Attend simultaneously to all four dimensions of learning to conduct scientific
research. While attending to decisions in research design and implementation, we should
explicitly reflect with students on their views of the nature of science.

Another point of attention for biomedical data science education is that students might
have the wrong impression that teachers seek “correct” decisions or the “right” answers
to their questions when teaching about scientific research. Students need to realize that
multiple decisions can be right, and that justification of decisions and consideration of
their consequences is more important. This requires explicit consideration. Therefore, our
third design principle is: Focus on aspects of the process of scientific decision-making
and explicitly address students’ possible tendency to focus on the outcomes of scientific
decision-making.

Lastly, when discussing considerations in scientific research, we should shift our focus
from teaching predefined epistemic and ethical rules and guidelines to teaching students to
ask relevant questions during decision-making. By learning rules and guidelines, students
might get the wrong impression that appropriate conduct of research is unequivocal. Actual
scientific research practice, however, is defined by many choices between reasonable alter-
natives. This applies to both epistemic and non-epistemic aspects of scientific research.
Appropriate conduct of research is, among others, characterized by an awareness of these
choices and reflection on important considerations before making choices. Undergraduate
students might not be able to oversee all important considerations nor the implications of
different decisions. They can, however, be stimulated to take responsibility for scientific
decision-making when they know which questions to ask. Therefore, our fourth design
principle is: Teach students to ask questions about epistemic and non-epistemic considera-
tions in scientific research.

7 Conclusions and Discussion

We argued that integration of training in philosophy of science in biomedical data science
education can increase the achievability of biomedical data science learning goals. We
advocated for training in the explication of considerations for scientific decisions, in reflec-
tion on the principles of probability and statistics, and in the inclusion of non-epistemic
considerations for decisions. These skills could help students to make and justify decisions
and understand their implications. Then, we made a case for a focus on the argumentative
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aspects of reporting in science and training in taking apart and constructing arguments to
help students to report results in a congruent and complete manner. Together, this train-
ing on higher dimensions of learning to conduct scientific research contributes to achiev-
ing competency in the understanding and appropriate use of biomedical data and scientific
methods. With the discussed philosophical training it will be easier for students to gain
knowledge about biomedical data science methods and to appropriately use statistical and
computational tools. Furthermore, by tapping into higher dimensions of learning, students
learn transferable skills that can be used to evaluate unencountered types of inquiry as well.

When one studies the general principles, beliefs, and values that guide scientists in mak-
ing decisions, it will become apparent that there are inherent uncertainties and that scien-
tists do operate in a paradigm. Reflection on these principles, beliefs, and values by stu-
dents themselves can help to let these insights in the nature of science take root. Especially
when they are taught hand in hand with particular biomedical content and research tech-
niques. Consequently, the chances of students using these insights to guide their scientific
practice will increase.

The proposed focus of educational strategies on higher dimensions of understanding
of rigorous and reproducible research is particularly valuable for the field of biomedical
data science. The increasing size and complexity of biomedical data require an increas-
ing number of different data analysis methods and development of new methods. There-
fore, students should be equipped to learn to correctly use and develop new methods after
their studies. This requires being able to make (considerations for) decisions in scientific
research explicit and being able to break down different methods. This can be trained
through reflection on the nature of science, its purpose, scope, and methods, and on justi-
fications of the scientific ways of proceeding. Another aspect of data science that benefits
from a conceptual understanding of science and its argumentative nature is the increased
risk of confusing hypothesis testing and hypothesis generation efforts. It is important to
recognize the argumentative value of results of hypothesis generation efforts, to avoid com-
mon pitfalls in their use.

Our identified dimensions of learning increase from practical aspects to a more con-
ceptual understanding. In that sense, they resemble the dimensions of scientific literacy
proposed by Bybee (1997). The dimensions of scientific literacy he discerns are nominal,
functional, conceptual and procedural, and multidimensional. In short, nominal literates
can recognize scientific terms, functional literates can use simple scientific vocabulary,
conceptual and procedural literates understand scientific concepts and the scientific pro-
cedures for developing new explanations and inventions, and multidimensional literates
understand conceptual structures and the philosophical, historical, and social dimensions
of science (Bybee, 1997). However, scientific literacy as a concept and Bybee’s definition
of it are focused on general education. This means that designing for scientific literacy
should begin “by asking what it is a student ought to know, value, and do as a citizen”
(Bybee, 1997, p. 73). Therefore, the dimensions of scientific literacy are focused on con-
sumers of science rather than producers of science, which is what we focus on in this arti-
cle. Nonetheless, it could be further explored how the parallel between the dimensions of
learning to conduct scientific research and the dimensions of scientific literacy can inform
educational approaches for university degree programs.

Throughout our discussion of educational approaches, we have expressed our concern
that undergraduate students (and other biomedical scientists) are under the impression that
science is about truth and good science leads to unambiguous results. That students and
science teachers hold these positivistic, idealistic views of science is also supported by oth-
ers (Abd-El-Khalick & Lederman, 2000; Howitt & Wilson, 2018). However, these studies
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of views of the nature of science have mainly been conducted among primary and high
school students, and their science teachers (Deng et al., 2011). In addition, many of these
studies characterized students’ professed views, when the nature of science was explicitly
addressed in the classroom or in an educational research setting (Deng et al., 2011). How-
ever, the views students say they hold when asked directly might not be the same as the
views they enact in their own scientific practice or in interpreting the products and proce-
dures of science in everyday practice. Therefore, to enable educators to support conceptual
change in students, we first need to better characterize how university students think about
the nature of science and what views they enact in their scientific practice.

Another point of attention with our proposed educational approach is that we rely on
biomedical teachers without a philosophy of science background to integrate these ways
of thinking and acting in their learning activities. We believe this integration in courses
focused on biomedical (data) science content is essential. However, it requires training of
biomedical teachers as well. Another solution to this problem might be found in direct col-
laborations between biomedical and philosophy of science teachers. In such a co-teaching
approach, biomedical scientists and philosophers of science can combine their expertise
in front of the classroom. This could create a lesson which attends to the higher dimen-
sions of learning with direct application to biomedical content. In addition, it provides an
opportunity for biomedical scientists and philosophers of science to learn from each other.
It could meet the need of biomedical scientists to gain deeper understanding of the nature
of their scientific practice and the need of philosophers of science to learn what scientists
really need from philosophy of science. Whether and how co-teaching can accommodate
integration of philosophy of science in biomedical data science education should be further
explored.

Similarly, we rely on biomedical scientists in the labs where students gain research
experience. Students might be trained like we propose in their formal curriculum, but it
might be difficult to let these habits take root in their scientific practice. Due to (perceived)
hierarchy, students might conform to the practices in the lab they are working in. They
might not feel confident enough, for example, to address the epistemic, ethical, and societal
responsibilities they perceive as conflicting in their (supervisor’s) research approach. These
research experiences might be more influential than what they learn in their formal curricu-
lum. Again, training in philosophy of science could also prove to be useful in continued
professional education of scientists, for example, during seminars or conferences. These
researchers play a crucial role in how students form their identity as scientists.

Lastly, it is good to note that with our focus on the second to fifth aspect of conducting
research, we do not mean to imply that we should not train students in the use of biomedi-
cal data science methods and tools. Rather, what we propose is a shift of focus. We need to
choose what to spend our time in formal education of biomedical scientists on and should
focus on the aspects that make for good scientists. We believe that a focus on understand-
ing of the rationale for choices in research design and implementation and understanding
the nature of science contributes more to that goal than emphasis on expanding a student’s
biomedical data science toolkit. Even so, training in philosophy of science cannot prevent
questionable research practices on its own. Rather, it is one of the paths to reform scientific
practice. Other reforms are necessary. For example, a reform of the reward culture of sci-
ence, revision of the statistical inferential framework, promoting replications, publishing
negative findings, and Open Science initiatives. Here, we presented one way to reform sci-
entific practice through formal education.

In conclusion, we proposed to bring the objectives of biomedical data scientists and
those of philosophers of science for life science education together. We have shown that
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these objectives are aligned and could be mutually reinforcing when taught together. The
integrated knowledge, skills, and abilities can better prepare students for understanding and
researching increasingly complex biomedical data with the purpose of creating knowledge
about human life, health, and disease.
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