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Abstract
Justifications play a central role in argumentation, which is a core topic in school science
education. This paper contributes to this field of research by presenting two studies in which
we assess students’ justifications for supporting or rejecting hypotheses in the physics lab
based on self-collected, anomalous experimental data, which are defined as data that contradict
a prior belief, hypothesis, or concept. Study 1 analyzes the spectrum of possible justifications
students give in semi-structured interviews and categorizes these into ten types: appeal to an
authority, data as evidence, experimental competence (technical/skills), experimental compe-
tence (self-concept), ignorance, intuition, measurement uncertainties (explicit), measurement
uncertainties (implicit), suitability of the experimental setup, and use of theoretical concepts.
Study 2 presents a questionnaire suitable for medium- and large-scale assessments that probes
students’ use of four of these types of justifications: appeal to an authority, data as evidence,
intuition, and measurement uncertainties (explicit). The questionnaire can be administered in
5–10 minutes and is designed for students in the eighth and ninth grades. We outline the
development and quality of the assessment tools of both studies, reporting on the content
validity, factorial validity, discriminant validity, convergent validity, and reliability of the
questionnaire. The two studies shed light on the various justifications students use when
evaluating anomalous data at a fine-grained level.
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In science education, analyzing and producing scientific arguments are important processes in
“doing science” because they draw on conceptual understanding rather than on rote memorization
of facts (Driver et al. 2000). In the production of an argument, one key factor is the justification of
why given information or data support a certain claim. Thus, competences in argumentation, and
in justification in particular, are implemented in different science standards (US: NGSS Lead
States 2013, Appendix F; UK:Department for Education 2015, e.g., Upper key stage 2; Germany:
KMK 2004, p. 9). However, learning to argue is a complex and demanding task that is not easily
achieved (Katchevich et al. 2013; Osborne et al. 2013; Sandoval and Millwood 2005). Sampson
and Clark (2008) reported that “when students do include a justification in an argument, they tend
to rely on inferences, personal experiences, and authority figures” (p. 468). Thus, it is necessary to
identify the types of justifications that learners use when they are engaged in scientific argumen-
tation. However, assessing students’ use of arguments is a demanding task and a future challenge
for science education research (Henderson et al. 2018). This paper contributes to this research by
analyzing students’ situation-specific justifications in the context of laboratory work. In contrast to
other work done in this field, we focus on high school students conducting a quantitative physics
experiment that produces anomalous measurement data, which are defined here as data that
contradict a prior belief, hypothesis, or concept. Here, we elicit, examine, and categorize the
justifications students use when choosing to support or reject a scientific hypothesis regardless of
whether they undergo conceptual change with respect to the physics topic. Furthermore, we
present a questionnaire that is suitable not only for small sample sizes but also for medium- and
large-scale assessments that probe, in a valid and reliable manner, students’ use of justifications in
a lab setting. Such a paper-and-pencil tool for assessing justifications in a short time (5–
10 minutes) has not previously been developed. This work contributes to the existing body of
research describing the nature of justification, that is, “how ideas or claims are supported or
validated within an argument” (Sampson and Clark 2008, p. 449), by analyzing students’ use of
justification in the context of learning physics. Furthermore, an assessment tool for justifications
suitable for use with larger sample sizes can help in investigations of the personal and situational
factors that influence the use of certain types of justifications and of which types of justifications
support students’ understanding of scientific concepts.

Theoretical Framework

When investigating justifications in arguments based on empirical experimental data to support
or reject a hypothesis in physics, we must review the existing research on students’ use of
justifications in general. This allows us to locate our work in the context of learning situations
where certain claims are given, and typical data sets are collected by students. Because our
focus is on quantitative experiments, we further review the research on argumentation in lab
work settings. That informs us about how to trigger and analyze argumentation in these learning
environments. Finally, we outline research on students’ reasoning when supporting or rejecting
a scientific hypothesis in the light of anomalous data, which we used to initiate argumentation.
These references are central to showing how our work differs from other work conducted in the
field; for example, we examine students’ justifications regardless of whether they change their
belief or concept about a certain topic in physics. Before describing this theoretical background,
however, we will briefly define some basic terms to prevent misunderstandings.

We use the term “argument” to denote “artifacts that a student or a group of students create
when asked to articulate and justify claims or explanations” (Sampson and Clark 2008, p. 447).
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These artifacts are developed from elements such as claims, data, and warrants, as described by
Toulmin (2003). By referring to (a combination of) these elements, an argument can be
described more precisely: “We mean the putting forward of reasons where claims are justified
by relating them to the data on which they are based” (Osborne et al. 2001, p. 63). In the process
of scientific inquiry, a claim can be a hypothesis about a relation between physical quantities.
We use the term “hypothesis” to denote students’ assumptions about a relation between
quantities in physics, for example, the influence of the mass of a bob on the oscillation time
of a simple pendulum (Kanari and Millar 2004). More precisely, we focus on hypotheses
regarding (physics) concepts and follow the interpretation of Scott et al. (2007) who character-
ize a concept as a “knowledge unit” (p. 36). Using this interpretation, a claim or hypothesis for a
given context in physics can be considered a concept. In our studies, data are considered both
observations of scientific experiments (e.g., observing a mass swinging on a string and counting
time intervals) and quantitative measurements (e.g., sets of numbers for oscillation times).

The Nature of Justification in Argument

There are different analytical frameworks to investigate argument and argumentation in
science education. Sampson and Clark (2008, p. 447) differentiate these approaches by means
of three different “focal issues: structure, justification and content.” While analyzing the
structure and content of arguments is obviously an important matter in science education,
analyzing the nature of justifications is particularly enlightening in the context of lab work
because it allows research to gain insight into how students generate knowledge from scientific
inquiry. We want to further advance this argument in the following paragraph.

In science, and especially in science education, knowledge construction is linked to the justifi-
cation of knowledge by relating scientific claims to data (Jiménez-Aleixandre and Erduran 2007, p.
13). Consequently, justifications can be seen as information components of an argument that shows
why data counts as evidence to support a claim (McNeill and Krajcik 2007; Ryu and Sandoval
2012). Analyzing the nature of justifications allows us to focus on the “epistemic dimension” in
argument (Weinberger and Fischer 2006, p. 74) and, consequently, learn about how students
construct knowledge in argumentation and why they support or reject a certain claim. This stance
contrasts with research based on Toulmin’s work, which instead analyzes the structural components
of an argument. The nature of justification in argument has previously been addressed in research
(Kelly et al. 1998; Sandoval 2003; Sandoval and Millwood 2005; Zohar and Nemet 2002). Chinn
et al. (2011, p. 154) summarized that the focus of research is on epistemic beliefs about types of
justifications, such as referring to authority, experience, personal views, rationality, and rules of
inquiry. These types of justifications in prior research informed our work about the reasons students
give for supporting a claim. We draw on these results in our data analysis. However, our work is
accomplished in the context of lab work, where experiments can influence students’ justifications.
Hence, we expect justification types that are specific to this learning environment. Before we outline
research about argumentation in lab work settings, we note some constraints in investigating
students’ justifications, which consequently influenced our work.

First, we restrict our view on argument and especially on justifications to educational
purposes because a good argument or justification in science is not necessarily a good
argument or justification in the general school context (Sandoval 2003): Decisions regarding
whether there is enough evidence for a claim or what counts as good evidence can be different
in school inquiry tasks than in scientific research. Our work focuses on school learning and
hence does not make inferences about scientists’ justifications.
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Further, justifications depend on the field (Toulmin 2003) and on the cultural context (Ryu
and Sandoval 2012) or situation (Chinn et al. 2011; Sandoval 2012) in which they are made.
This means that the justifications students give in a physics class may differ from justifications
they would give in a chemistry class, even if the nature of the data (e.g., anomalous) is the
same and the experiments in both disciplines are comparable. Moreover, a student may give
different justifications for the same topic in different situations (Chinn et al. 2011), for
example, when the personal relevance of the topic has changed. This limits the generalizability
of many studies, including our own, because we used only two physics contexts. However, the
debate about the domain-specificity of argumentation and reasoning is ongoing: Kind (2013, p.
534) indicates that while reasoning is knowledge-dependent—and thus related to domains—
domain-general strategies also exist.

Finally, justifications are subject to biases, such as confirmation bias or the fear of rejection
(Ganser and Hammann 2009; Klayman and Ha 1987; Njoo and de Jong 1993; van Joolingen
and de Jong 1997). An inadequate analysis of experimental data, in this case, is not caused by a
lack of logical thinking, but rather, by attempts to confirm prior existing concepts (Hammann
et al. 2006; Schulz et al. 2008). In our studies, the categorizations of students’ justifications
were developed so that these prior concepts can be identified and included.

The Use of Justifications in Laboratory Work

We frame our work in the context of a school laboratory. A number of studies relevant to lab work
have focused on argumentation based on experimental data (Jeong et al. 2007; Kanari and Millar
2004; Kind et al. 2011; Lubben et al. 2010) and dealing with hypotheses (Klayman and Ha 1987;
Njoo and de Jong 1993; van Joolingen and de Jong 1997). Discussion is ongoing regarding
whether lab work in general is suitable to trigger argumentation (Katchevich et al. 2013, p. 338).
However, research indicates that while the quality of arguments derived from typical experiments
is low (Kind et al. 2011, p. 2530), inquiry-type experiments (guided or open) seem to have the
potential to serve as platforms on which to construct arguments (Duschl and Osborne 2002;
Katchevich et al. 2013; Wilson et al. 2010). Two important conditions of argument-rich learning
environments were found: (a) students should be at the center of the process (Jiménez-Aleixandre
2007) and (b) students should familiarize themselves with the experiment and generate their own
data (Kind et al. 2011, p. 2528). We draw from these results by developing a lab work task that
poses an open question (Does the mass of the bob of a simple pendulum have an influence on the
time of oscillation?) and letting students investigate their own hypothesis by running experiments
by themselves and collecting their own measurement data. Our pendulum example is created to
generate data that is “astonishing” (e.g., not expected) for most of the students. This can cause a
debate or cognitive conflict (Kind et al. 2011, p. 2531). Kind and colleagues looked at how
different forms of data and tasks stimulate debate. Their focus was on identifying elements of
argumentation (Toulmin 2003) in debates about the results of experiments (e.g., bodies changing
temperature, dissolving salt in water). In contrast, our studies focus on justifications rather than the
structure of arguments and on students working by themselves rather than in groups. It is true that
argumentation is often socially embedded (Kolstø and Ratcliffe 2007). We, as scientists, argue
with someone with the aim of persuasion (Ryu and Sandoval 2012). However, argumentation is
not necessarily dialogical; it can also be considered from an individual perspective (Driver et al.
2000; Jiménez-Aleixandre and Erduran 2007). This is, for example, the case when arguments are
presented in written texts or oral statements, as in our work. Here, the statements reflect intra-
mental sense making, which is part of the individual processes that contribute to constructing
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arguments (Ford 2012). How this intra-mental form of debate influences students’ justifications in
lab work settings is as yet unknown. On one hand, students whowork by themselves cannot make
use of their peers’ ideas and arguments. This may limit their justifications. On the other hand,
these students cannot be dominated by peers who guide the lab work investigation and may
overlook others’ justifications. This is especially important when the results of an experiment
contradict students’ expectations. In contrast to the work cited, which analyzed group discussions,
we looked at students’ justifications when they work independently.

Justifications When Supporting or Rejecting a Hypothesis

Justifying claims or hypotheses about scientific concepts is related to conceptual understanding
(McDonald and Kelly 2012) and—when scientific concepts do not match students’ every-day life
experiences—conceptual change (Asterhan and Schwarz 2009). Students hold views about scien-
tific concepts that may contradict scientific interpretations. These preconceptions are field- and
context-dependent andmay even be logically incoherent (Hammer andElby 2002). The literature on
conceptual change further indicates that students’ understanding—even though it may not be
scientifically correct—can be a valuable source for acquiring extended scientific understanding
(Brown andHammer 2008). Posner et al. (1982) provided a well-known list of factors that influence
conceptual change. One particularly important finding is that a concept may be changed based on
non-rational arguments, which is described by Sinatra (2005) as “hot conceptual change.” For
example, a person’s affect (Gregoire 2003) andmotivation and the social context of amessage (Dole
and Sinatra 1998) determine whether an existing concept will be discarded. This is important for our
work, as we analyze students’ justifications that may also be non-rationally driven and may address
empirical results that are not in line with their expectations. The need to build an argument could be
triggered by controversial information such as surprising effects, observations that contradict
expectations, and data that are seen as “astonishing.” Thus, we follow Chinn and Brewer (1998)
and others (Chan et al. 1997; Katchevich et al. 2013, p. 319; Kind et al. 2011; Shepardson 1999) by
using anomalous data as a source to provoke cognitive dissonance and generate argumentation in
order to fulfill the condition of “dissatisfaction with the current concept” described by Posner et al.
(1982). In a broader sense, anomalous data can be any kind of information; for example, texts
explaining studies and theories that challenge or contradict students’ views on certain topics, such as
the extinction of dinosaurs (Chinn and Brewer 1998) or the construction of the great pyramids in
Giza, Egypt (Mason 2001).We focus here onmore specific empirical observation andmeasurement
data from students’ own laboratory experiments. Research shows that there are multiple ways in
which students respond to or—within our context—argue with anomalous data: Kanari and Millar
(2004) demonstrate that learners do not initially consider unclear data and will adhere to familiar
concepts that are based on previous knowledge or guesses. Only after a certain degree of
unambiguity are learners ready to contemplate data and potentially change their conception.
Accordingly, Chinn and Malhotra (2002) report that “[…] less ambiguous data promoted some
change in beliefs, whereas more ambiguous anomalous data did not” (p. 333). Learners show great
skill in rejecting conflicting evidence in order to retain their own hypotheses (Robinson 2000).

However, which justifications do students give in light of “astonishing” data? Abi-El-Mona
and Abd-El-Khalick (2011) investigated students’ justifications in debates and interviews about
qualitative experiments in chemistry. They observed that “warrants were loosely based on prior
experience or course content knowledge, but did explicitly and clearly link claims to the target
observations and/or justifications” (p. 354). In their analysis, Abi-El-Mona and Abd-El-Khalick
(2011, p. 355) refer to Walton’s (1996) reasoning scheme, which discriminates among argument
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from sign, argument from example, argument from verbal classification, argument from expert
opinion, argument from evidence to hypothesis, and argument from analogy. With the possible
exception of referring to experts, all justifications are rational and focus on either theory or
observation. Kelly et al. (2001, p. 167) found that in addition to trusting an author, students ignore
information. This research indicated to us that we should capture both rational and non-rational
justifications. Chinn and Brewer (1998) identified eight possible responses to anomalous data in
science containing justifications: (a) ignoring the data, (b) rejecting the data, (c) professing
uncertainty about the validity of the data, (d) excluding the data from the domain of the current
theory, (e) holding the data in abeyance, (f) reinterpreting the data, (g) accepting the data and
making peripheral changes to the current theory, and (h) accepting the data and changing theories.

Lin (2007) allowed participants to respond to anomalous data in more than one category at the
same time and added the category “uncertainty about interpretation” to the Chinn and Brewer’s
(1998) categories.We support this view, as studentsmay havemultiple justificationswhen accepting
or declining a claim or hypothesis. Further, we challenge the general validity of the Chinn and
Brewer’s (1998) categories for science education for the following reasons. (a) The use of one’s own
experimental data is missing; Chinn and Brewer (1998) provide participants with theories followed
by anomalous data. The source and trustworthiness of the data remain unclear. Hence, responses to
anomalous data may be different if students collect the data themselves. There is empirical evidence
for this claim, although previous studies do not lead to unambiguous results: While Delen and
Krajcik (2015) showed that students using first-hand data might generate stronger explanations,
Kanari and Millar (2004) report that there is no difference in reasoning between students who
recorded video experiments and students who carried out the experiment themselves. In addition,
knowledge construction is facilitated by one’s own experimental work versus being provided with
information (Anderson 2007). Thus, we can conclude that the resulting cognitive activities will be
different between settings with first- or second-hand data (Hug and McNeill 2008). (b) Relations to
every-day life experiences are missing; in Chinn and Brewer’s (1998), Mason’s (2001), and Lin’s
(2007) studies, the contexts do not overlap with participants’ own experiences. However, responses
to anomalous data in terms of accepting or declining a hypothesis may be influenced by students’
preconceptions (Posner et al. 1982). Espinoza and Quarless (2010) report that students can arrive at
correct and incorrect solutions after having made incorrect predictions, in which case the learning
outcome was influenced only by students’ abilities to judge the uncertainties in the data at hand. (c)
There is no classification for students’ responses to anomalous data categorized independently from
the students’ decision to maintain or change their hypothesis; Chinn and Brewer (1998) categorize
these responses in light of maintaining or changing an initial concept. However, students may ignore
or reject or reinterpret data in both cases—keeping or changing their initial hypothesis or concept.
These three reasons suggest that responses to anomalous data are influenced by factors that were not
examined byChinn andBrewer (1998). Having said that, we do not argue that the categorizations of
Chinn and Brewer (1998) and Mason (2001) do not hold; we simply argue that they may have
limited applicability regarding learning in school labs.

Research Questions

In this paper, we want to bridge the research on argumentation in lab work settings and the research
on students’ responses to self-generated anomalous data. As outlined above, this intersection is
currently only rarely covered by previous research: So far, very little is known on how students
justify a hypothesis based on their own anomalous data from science experiments that consider these
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three aspects listed above.We want to contribute to filling this research gap in two ways: First, there
is an overall need to categorize students’ justifications in light of self-generated anomalous data. This
will allow researchers and practitioners to better understand students’ epistemic processes in the lab.
Here, we aim to capture a wide spectrum of possible justifications in a first step. Second, we follow
Chinn et al. (2011) who expressed the need for a more fine-grained analysis of justifications.
Accordingly, this work furthermore aims to develop an instrument that can—at least for some types
of justifications—assess students’ situation-specific justifications in a paper-and-pencil format. Even
though work does exist that assesses students’ progressions in scientific process skills by means of
rubrics (Espinoza and Quarless 2010), that work has a broader emphasis than mere justifications.
Currently, an assessment instrument that is suitable even for large sample sizes and that allows
automated coding does not exist, although assessing student justifications in lab work is a future
challenge for science education research (Henderson et al. 2018). This questionnaire can be a
valuable tool for quantitative investigations about argumentation, for example, when analyzing how
personal and situational factors influence justifications and how these influence learning.

Accordingly, we are interested in (a) which justifications are used by students to support or reject
their own hypothesis on the basis of self-collected anomalous experimental data in lab work
situations and how these justifications can be categorized, and (b) how students’ use of different
types of justifications can be empirically assessed in a qualified quantitative manner. The research
questions are inextricably related: Of course, we can only assess students’ justifications for and
against a scientific hypothesis if we knowwhich justifications students generate in a labwork setting.

Methods

The two research questions stated above call for different methodological approaches. Conse-
quently, this paper reports on two sequentially conducted studies. First, we investigated
research question (a) in Study 1 by means of interviews to obtain qualitative insights into
the spectrum of possible justifications (as suggested by Chinn et al. 2011). Second, on the basis
of the results of Study 1, we developed a quantitative instrument to assess selected justifica-
tions in order to answer research question (b) in Study 2. There is a strong justification for
including both studies, despite the different methods used, in one paper: The studies have the
same general aim of assessing justifications and reflecting on a consecutive and interdependent
development process. Study 2 uses the results of Study 1 because original answers from
students in the interviews were used to develop the questionnaire items. The questionnaire is,
however, not simply an optimization of the interviews. The questionnaire focuses on only four
of ten types of justifications identified in Study 1; the questionnaire aims to assess justifications
in a time-efficient way by using multiple-choice items on a Likert-type scale. Importantly, we
use the term “assessment” here in a value-free and unbiased way. We are not applying
judgment regarding what counts as lesser or greater proficiency in justification. We are
assessing the nature of and not the quality or value of students’ justifications. For the sake
of readability, we present these two studies in a logical rather than a chronological manner. In
the following section, we first outline the general methods and design of both studies.

General Methods Used in both Studies

The Physical Contexts To answer the research questions, students had to engage in laboratory
tasks. The goal of Study 1 was to elicit the broadest possible spectrum of justifications. It is
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conceivable that the type of learning environment (hand-on vs. computer simulations), as well as the
physics domain, might influence students’ use of justifications. Accordingly, we chose to take into
account both factors in the design of Study 1: First, we varied the type of the learning environment
by the use of hands-on and computer-simulated experiments for one context. This was done because
we wanted to consider the possible impact of the mode of collecting data (real vs. virtual) on
justifications. Second, we varied the topic by using problems in mechanics and thermodynamics for
the hands-on material. We did this to consider the possible impact of the topic on justifications.

Both topics met the following two conditions: (1) the context evoked a scientifically
incorrect initial hypothesis for a large number of participants prior to the experiment, and
(2) the hypothesis is easily testable for eighth- and ninth-grade students via quantitative
experiments that produce anomalous data. Next, we outline both contexts and show that these
requirements are fulfilled.

The Simple Pendulum Context Most students remember using a swing on a playground and
hence have their own experiences with it. However, students usually have not conducted
systematic observations with a swing. Hence, a large number of students believe that the time
of oscillation of a simple pendulum depends on the mass of the pendulum. In Kanari and
Millar’s study (2004), this hypothesis was stated by 90% of the participants. Within the
simplifications of the school curriculum, this is incorrect. A deeper and more general discus-
sion shows that the mass of the pendulum does have a small influence on the period, but the
effect is negligible in appropriate experimental settings (Nelson and Olsson 1986).

Hand-on materials and the computer simulation both allowed almost the same operations in
the experimental space (Klahr 2000). In the hands-on experiment, students were given three
masses, each weighing 50 g, that could be combined to create various weights. Adding mass
did not affect the effective length of the pendulum. Hand-operated analog stopwatches were
provided for measuring the pendulum’s period (time). The angular displacement was measured
on an angle meter and parallax errors had to be taken into account. The simulation experiment
was based on the pendulum lab software of the PhET project of the University of Colorado,
Boulder (PhET Interactive Simulations 2011). Various features of that experiment were altered
or removed, including those features that allowed variation of string length and gravity. The
version used for this study only allowed manipulation of mass and angular displacement.
Measuring the period in the simulation experiment was accomplished with a digital stopwatch.
The only difference between the hands-on and the computer-simulated experiments was the
measurement uncertainty. The simulation calculates periods up to a tenth of a millisecond,
whereas the stopwatch in the hands-on experiment has an uncertainty of 0.5 seconds due to
reaction time. The demands on students’ experimental competencies were low in both settings.

The Temperature in Solid Bodies Context For a vast majority of students, it is a common
preconception to think that materials are able to “actively” warm something else (Albert 1978);
“my winter jacket keeps me warm” is an example. The task was to explore the relationship
between the insulation of a thermometer and the temperature it shows when the experiment is
left in an environment with constant temperature. The experimental setup consisted of three
foam cubes of different sizes and a digital thermometer. The foam cubes could be used to
systematically vary the thickness of the sheathing, and thus the amount of insulation provided.
Each foam cube had a hole drilled halfway into the cube, allowing the participants to place the
thermometer in the center of the foam cubes. Like the simple pendulum experiment, this
experiment is very easy to conduct.
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Laboratory Task Procedures Both studies employed the same laboratory procedures. After a
brief introduction to the contexts, participants were asked to state an initial hypothesis. To
avoid irrelevant hypotheses (i.e., those that did not relate two variables, Hammann et al. 2006),
the hypothesis space was artificially limited (Kanari and Millar 2004; Klahr 2000). Students
had the choice of three hypotheses in the simple pendulum task: increasing the pendulum mass
causes (a) an increase in the oscillation time, (b) no influence in the oscillation time, or (c) a
decrease in the oscillation time. The temperature task also provided three hypotheses: increas-
ing the thickness of the sheathing surrounding a thermometer causes (a) an increase in the
temperature, (b) no influence in the temperature, or (c) a decrease in the temperature.
Presenting three hypotheses in multiple-choice answer form can lead to “lucky guesses.” To
circumvent this issue, students were asked to briefly explain their choice in an open text format
immediately after choosing an initial hypothesis. Next, students tested their hypothesis
experimentally with the available setup by collecting their own data. The experimental setting
was constructed in such a way that the quality of the data allowed clear inferences. Although
they had as much time available as needed, the experimental phase lasted 5 to 10 minutes.

Data Collection The process of data collection in both studies occurred right after the participants
conducted the experiment. For Study 1, we immediately recorded semi-structured interviews with
all the participants. Students were first asked whether they maintained or rejected their initial
hypothesis. This was followed by a series of questions aimed at revealing the students’ justifica-
tions for their decisions: (1) “Do you keep your initial hypothesis?” (If initial hypothesis is kept go
to question 3), (2) “Why do you reject your initial hypothesis?”, (3) “Why are you supporting/
rejecting your hypothesis?”, (4) “How do you justify your decision?”, and (5) “How confident are
you with your decision?” The goal of Study 1 was to generate the broadest possible spectrum of
justifications. Hence, interviewers were free to ask more or different questions to elicit further
justifications. This approach surely produces variance. This is the primary reason, among others,
that we did not count frequencies across justifications.Wewill discuss this issue further later in the
paper. The interviews lasted between 2 and 6 minutes (M = 2 minutes 57 seconds, SD = 45 sec-
onds). All the participants were interviewed. Research question (b) aims to develop an instrument
to assess students’ use of justification in a quantitative, valid, and reliable manner. Consequently,
in Study 2, the interviewwas replaced by a questionnaire to assess students’ use of justifications in
the process of data evaluation. Again, all the participants completed the questionnaire. The
methodological approach and a detailed description of the development of the questionnaire are
presented in the next sections.

Methodological Considerations Regarding the Quantitative Assessment
of Justifications in Study 2

Students’ justifications of a hypothesis during lab work are embedded in an unobservable
cognitive process. Therefore, it is necessary to induce a manifest behavior to quantitatively
operationalize the different types of justifications. Much work in the field of argumentation
consequently utilizes spoken language, such as studying group conversations (e.g., Riemeier
et al. 2012), to look for evidence of implicit processes. This approach is justifiable considering
the dialogical aspect of argumentation, yet it is also problematic in the context of our work, as
it is possible that social desirability may create biased justifications during an interview
(Nederhof 1985). For instance, a 13-year-old eighth grader interviewed face-to-face by an
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unknown adult researcher regarding their justifications for or against an initial hypothesis
might be afraid to say something he or she assumes might be seen as inappropriate in physics
classes, for example, justifying a claim by referring to gut feelings. Utilizing written justifica-
tions (e.g., Kelly et al. 2007; Sandoval and Millwood 2005) might solve this problem, but it
raises another issue: students may not be aware of certain justifications they use—such as
intuition—and thus may not mention the justification explicitly in words.

Design of the Questionnaire

For the reasons outlined above, the most appropriate assessment method may be to anonymously
ask students to rate their agreement with a list of justifications. This approach may both alleviate
the social desirability bias of an interview structure (Nederhof 1985; Richman et al. 1999) and
elicit implicit justifications. In addition, interviews and text analyses are time-demanding methods
that are not suitable when studying structural relations between latent constructs because they
usually demand a high sample size. Accordingly, research in this field must be studied in a
quantitative as well as qualitative manner, which requires highly efficient and economical
methods, such as self-administered questionnaires. Consequently, we chose to assess the justifi-
cations quantitatively by presenting students with a series of statements in a paper-and-pencil
format and asking them to indicate to what extent these assertions applied to them in their own
justification for supporting or rejecting their hypothesis. Nevertheless, we acknowledge here that
“self-report assessment methods have been criticized as inauthentic, requiring respondents to
construct or make explicit aspects of their epistemic cognition that many scholars believe to be
largely tacit, complex, and contextual” (Sandoval et al. 2016, p. 21). We argue that this critique,
though, is not justified here. In contrast to many of the studies this critique addresses, our
instrument can only be employed within a certain situation, specifically, while conducting a
scientific experiment. It would not be appropriate to use this instrument to assess epistemic
cognition without any accompanying lab work. After conducting the experiment, the participants
were asked to indicate the extent to which each statement applied to their justification. These
statements, which we will subsequently call “items”, each correspond to one category of
justification. For example, the item “When making this decision to keep or reject my assumption,
I strongly considered the measurement data” refers to a category we name data as evidence.
Consequently, we argue that students’manifest rating of this item psychometrically measures the
extent to which this category is used in their argument. Each item refers to only a single category.

Students rated the extent to which the items applied in their decision on a five-point Likert-type
scale ranging from0 (does not apply) to 4 (fully applies). The number of steps in Likert-type scales is
extensively discussed in research (Cox III 1980). We decided to use a five-step Likert-type scale
because we planned to analyze the data within the statistical framework of confirmatory factor
analysis (CFA) using a maximum likelihood (ML) algorithm to estimate parameters (Brown 2006).
There is sufficient evidence that a five-point scale fulfills the requirements regarding data quality
using ML estimation (e.g., Beauducel and Herzberg 2006; Rhemtulla et al. 2012).

Development of the Questionnaire

The questionnaire was developed in three steps: (1) development of an item battery covering
selected categories identified in Study 1, (2) evaluation of content validity, and (3) evaluation
of psychometric quality. For the item battery, we used the coded interviews from Study 1 to
establish a sufficient number of items. The fact that we developed items based on interview
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data from Study 1 is already indicative of content validity because students’ answers can be
seen as verbalized forms of their justification, hence providing manifest elements of the latent
construct “use of different types of justifications”. However, because some of the passages
taken from the interviews had to be rephrased during item development, the matching of items
to the different justification types was ensured via expert rating, which we describe in the
Results section. Finally, the content-validated set of items was analyzed to assess psychometric
quality in terms of item difficulty, item variance, and discrimination. Furthermore, evidence is
given below regarding the construct validity and the theoretical underlying factorial structure.

Data Analysis Procedures

Study 1 All the interviews from Study 1 were transcribed verbatim. We used an iterative
grounded theory approach to derive categories from the transcripts. We began with the
interviews from all the participants who worked on the simple pendulum task (both hands-
on and simulation). Students’ responses were broken into single artifacts whenever we
observed that these artifacts contained justifications. Note that a student’s complete answer
may contain more than one artifact. These artifacts were then grouped by similarities into
categories of justifications. Each category comprised a specific type of justification that could
be used regardless of whether a student changed his or her initial hypothesis. Next, we
analyzed the interviews from the students who worked with the temperature in solid bodies
task in the same way to look for evidence of completeness, validity, and transferability of our
categorization. To ensure the reliability of the coding process, two raters, who were trained on
a small subset of transcripts using a coding manual, analyzed all the interviews. The raters
decided for every justification identified in the transcripts whether a category does not apply
(coded as 0), partly applies (1), or fully applies (2). Spearman’s rank-order correlation
coefficient was calculated to confirm inter-rater reliability, which is appropriate for ordered
categorical judgments (Gwet 2010). The average correlations are ρ = .80 (simple pendulum)
and ρ = .61 (temperature in solid bodies). In addition, the percentage agreement was analyzed,
resulting in averages of 91.4% (simple pendulum) and 85.4% (temperature in solid bodies).
Detailed results for inter-rater reliabilities for each category are provided in Table 1.

Study 2 All the data from Study 2 were extracted into a tabular format. Responses from the
Likert-scaled items were coded from 0 (does not apply) to 4 (fully applies). Mardia’s test (1970)
indicated that the data violates the assumption ofmultivariate normal distribution (skew S = 233.3,
pS < .001, kurtosis K = 3.96, pK < .001; criterion: S < 2, K < 7; see West et al. 1996). Accordingly,
we used robust ML estimators in the CFA, which are seen as unbiased when using ordinal
indicators with five or more steps (Pui-Wa and Qiong 2012; Rhemtulla et al. 2012) and which can
further handle missing values by employing full-information ML methods (Enders and Bandalos
2001). All the models were calculated within the statistical framework R (R Core Team 2014)
using the software package lavaan (Rosseel 2012). The metric of the latent variable was scaled by
fixing the variances of the latent factors to 1 (Brown 2006).

Samples

In line with research question (a), we aimed to generate a broad spectrum of possible
justifications in Study 1. Following a “sampling for variation” approach (Morse and
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Niehaus 2009, p. 65), we recruited n = 129 students from grades 8 through 10 from four
different high schools in an urban area of Germany. The students’ ages ranged from 12 to
18 years (M = 14.6 years, SD = 1.1 years). The participants were randomly assigned to the
experimental tasks (n = 38 to the simple pendulum hands-on task, n = 41 to the simple
pendulum simulation task, and n = 48 to the temperature in solid bodies task). Study 2 included
154 students from grades 8 through 10 (ageM = 14.4, SD = 1.1; 45.2% girls) attending a single
high school in an urban area of Germany. They were randomly assigned to either the hands-on
or computer-simulated simple pendulum context. All the students had sufficient experience in
experimentation (e.g., could read a stopwatch). To avoid the influence of prior content
knowledge, we asked the participants’ teachers not to address the relevant content during their
regular science classes in the weeks before the study (e.g., regarding the relationship between
the mass of the bob and the time of swing). As expected, the vast majority of students stated an
incorrect initial hypothesis (88% in the pendulum context and 82% in the temperature context).
Students who did not choose an incorrect initial hypothesis were not included in the analysis in
either study, as it could be assumed that those students did not conceive the data as anomalous.
In contrast, we assume that those students with incorrect initial hypotheses saw a discrepancy
between their hypotheses and their own collected experimental data.

Results

Study 1: Which Justifications Are Used and How Can These Be Categorized?

The analysis of all the interviews from both contexts led to ten categories of justifications:
appeal to an authority, data as evidence, experimental competence (technical/ skills), exper-
imental competence (self-concept), ignorance, intuition, measurement uncertainties (explicit),
measurement uncertainties (implicit), suitability of the experimental setup, and use of theoret-
ical concepts. Table 2 describes these categories in general and provides example statements
from the simple pendulum task. In the following, we give two examples from the interviews to
demonstrate how the participants’ answers were assigned to categories.

Table 1 Inter-rater reliabilities determined by Spearman’s rank-order correlation coefficient and percentage
agreement

Category Pendulum Temperature

Percentage agreement ρ Percentage agreement ρ

Appeal to an authority 96.6% 1 95.8% .59
Data as evidence 82.8% .54 47.9% .34
Experimental competence (technical/skills) 96.6% 1 97.9% .84
Experimental competence (self-concept) 100.0% 1 97.9% a
Ignorance 96.6% .85 95.8% .75
Intuition 93.1% .71 91.7% .46
Measurement uncertainties (explicit) 93.1% .85 93.8% .88
Measurement uncertainties (implicit) 82.8% .70 62.5% .58
Suitability of experimental setup 96.6% .83 95.8% .82
Use of theoretical concepts 75.9% .60 75.0% .81

All correlations are significant (p < .05)
a No correlation could be computed because one rater did not observe this category
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Table 2 Types of justifications for supporting or rejecting an initial hypothesis after confrontation with self-
collected, quantitative, anomalous experimental data

Category Description Example

Appeal to an
authority

Statements that explicitly refer to experts or to
the need for verification from experts;
participants may change their initial
hypotheses but express skepticism due to
lack of assurance from an expert (e.g.,
teacher)

“The time of swinging always stayed
equal. […] I think that you tried these
experiments before, so I can expect
that it works. The computer uses
formulas to calculate the time.”

“Somebody else should tell me that it [the
new hypothesis] is correct.”

Data as evidence Statements referring explicitly or implicitly to
experimentally derived data (including
observations) as evidence

Explicit: “During my observations, it
stayed the same, no matter the weight.
I tried once with 0.1 and once with
2 kg and it was always the same.
Always 2.958 or something like that.”

Implicit: “It has been proven by the
experiment that the time always stayed
the same.”

Experimental
competence
(technical/-
skills)

Statements that address one’s own competency
in doing experimental work with respect to
technical issues

“It could be that I have somehow
measured wrong, so once too early,
once too late.”

Experimental
competence
(self-concept)

Statements that address one’s own competency
in doing experimental work with respect to
self-efficacy and self-concept

“I do not know exactly. There is still
something in the back of my mind. It
might be that I did something wrong. I
was always bad in physics and
experimentation.”

Ignorance Statements that mention the measurement
results but include a hypothesis that is
contradictory to these results

“I did not measure any differences [in the
time of swinging] when I put the pieces
of mass on the pendulum.” But
afterwards the participant insisted on a
contradictory hypothesis: “The bigger
the pendulum mass, the smaller the
time of swinging.”

Intuition Statements that can be attributed to an
emotionally driven, intuitive view of the
anomalous data

“I seem to remember that the time [of
swinging] stayed equal. But my gut
feeling says that if the pendulum’s mass
is bigger, it swings longer!”

Measurement
uncertainties
(explicit)

Statements that directly refer to measurement
uncertainties and show awareness of
uncertainty in data

“There may somehow be measurement
errors.”

Measurement
uncertainties
(implicit)

Statements that, through misleading
interpretations of the data, show naïve
conceptions about measurement
uncertainties; in contrast to the category
above, these justifications do not explicitly
refer to uncertainty

“I changed the weight [of the pendulum]
and the stopwatch said 2.94 and then
2.96 seconds. So, the time of swinging
becomes longer.”

Suitability of
experimental
setup

Statements questioning the overall suitability of
the setup, e.g., concerning control of
variables or constraints or questioning the
assumed precision/accuracy of the experi-
mental setup or simulation

“I was quite sure of my initial hypothesis,
but then I got something totally
different. The computer told me that it
is always the same time—it does not
make sense to me. […] I should trust
the computer, actually. But I’m quite
unsure, because other influences like
wind or friction are not considered in
here.”

Use of theoretical
concepts

Statements that try to explain the results with a
(typically wrong) scientific theory or ad hoc
explanation in order to avoid confrontation
with the anomalous data

“The more weight I have on the pendulum
the shorter the time of swinging. This is
because the weight tightens the thread
and the pendulum is much faster then.”
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Interview 1 (with an 8th-grade student, 14 years old, simple pendulum task, hands-on
experiment, wrong initial hypothesis):

Interviewer: You just did the experiment. Do you keep your initial hypothesis?
Student 1: Well, yeah!
Interviewer: Why?
Student 1: I found out that the heavier the pendulum, the longer it takes [the time of
oscillation]. The difference wasn’t much, just a few hundredths of a second. Once I had
2.97 s when I had 200 g on the pendulum. Then I had way less [mass] but only had like
2.96 s. The difference is just minimal.

We identified two types of justifications in this interview. (1) The student referred to measure-
ment data as evidence to justify the decision (third and fourth sentence). (2) The student
expresses that the differences between two measurements are small (second and last sentence)
and concludes that there is a main effect (even though the effect is small). This hypothesis
justification indicates a lack of knowledge of measurement uncertainties. Because the student
did not explicitly refer to measurement uncertainties, we name this category measurement
uncertainties (implicit).

Interview 2 (with an 8th-grade student, 13 years old, simple pendulum task, simulation
experiment, wrong initial hypothesis):

Interviewer: You just did the experiment. Do you keep your initial hypothesis?
Student 2: No.
Interviewer: Why?
Student 2: Because I thought the mass isn’t that important. I assumed that the greater the
mass, the longer the time of swing. Because the air drag is bigger then. But that doesn’t
have anything to do with it, right? In my observations, it was the same [the time of
oscillation] no matter which weight I used. I measured once with 0.1 kg and once with
2 kg and it always stayed the same. Always 2.958 or something.
Interviewer: How confident are you with your decision?
Student 2: I’m dead certain!
Interviewer: Why?
Student 2: Because I observed something totally different when I conducted the
experiment. The computer has its reasons for that.
Interviewer: Can you explain why?
Student 2: Yeah, that simulation was programmed at the university. It has to be correct.
Interviewer: What is your new hypothesis then?
Student 2: The time of swing stays the same if you change the mass. I think it’s more
about the displacement than about the mass.

This student’s interview displays three types of justifications. (1) The student refers explicitly
to measurement data as evidence. (2) The student justifies the decision by appealing to an
authority by mentioning that the software was programmed at a university and thus must be
correct. (3) In the final sentence, the student uses a new theoretical concept (introducing
angular displacement as a possible factor that has an effect on the time of oscillation) to justify
a “new” hypothesis.
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Study 2: How Can the Use of Different Types of Justifications Be Empirically
Assessed?

Selection of Categories for Test Development Research question (b) aims to develop an
instrument to empirically assess the use of different justifications in lab work learning situations.
Because Study 1 led to ten different categories of justifications—which is quite a great deal in
terms of test development—we selected four categories for operationalization in Study 2:
intuition, appeal to an authority,measurement uncertainties (explicit), and data as evidence. This
selection, which we will elaborate on below, was based on the general relevance of the justifica-
tion types for learning science with respect to the literature. Intuition was included because
students gave non-rational justifications in the interviews as a matter of course. The use of this
type of justification is particularly relevant for science education research, as it relates to both hot
vs. cold conceptual changes (see above) and the “wish” of educators to teach students to justify
claims on a rational basis such as data obtained from experiments. Further, intuition is known to
be an important factor for learning science, but it has received little attention in science education
research (Fensham andMarton 1992). Investigating the use of intuition in lab work is particularly
relevant, as it is well known from other disciplines that people tend to rely on intuition in statistical
decision-making (Kahneman and Tversky 1973). Appeal to an authority was chosen because
students’ interviews indicated that this type of justification was used to signify a wide range of
authorities, including teachers, information sources, and experiments. Additionally, it is highly
relevant to know the extent to which expertise, which is already integrated into the experiment
because an expert put it together for the students, influences cognition during processes of data
evaluation and experimental observations (Hug and McNeill 2008). Finally, given today’s easy
access to information using digital technology, it is important to know the extent to which students
trust their sources when justifying claims.Measurement uncertainties (explicit)was used because
students’ answers revealed an awareness of, albeit little knowledge of, measurement uncertainties
(Priemer and Hellwig 2018). Little work in the context of argumentation examines the influence
of measurement uncertainty in data to justify a claim, despite the fact that evaluating quantitative
data in order to draw conclusions is not possible without estimating the uncertainty (e.g., Lee et al.
2014). For obvious reasons, the category data as evidence was operationalized because the
justification of claims on the basis of measurement data used as evidence is at the core of science
and is addressed in science standards (e.g., NGSS Lead States 2013).

Item Authoring and Content Validity The developed items were all based on the interview
answers coded in Study 1.Where possible, we used students’ original statements—sometimes even
citing complete sentences—to develop the items. Additionally, for the categories intuition and data
as evidence, we were able to draw on established instruments, such as the Rational-Experiential
Inventory (Epstein et al. 1996; Keller et al. 2000) and a corresponding German inventory (PID,
Betsch 2004). This approach allowed us to develop an item battery of 88 items: 25 items in the
category intuition (example item: “I relied heavily on my gut feelings when I made conclusions
about the experiment,” #int03, see Online Resource 1), 16 items in the category appeal to an
authority (“When making my decision, I took into account that experts put the experiment together
and it should function properly,” #aut05), 21 items in the category measurement uncertainties
(explicit) (“My conclusions took into account that the experiment contains measurement inaccura-
cies,” #mu04), and 26 items in the category data as evidence (“I chose to keep or reject my
assumption based on the measurement data,” #evi05). To further ensure content validity, eight
graduate students (26–34 years old) from different domains (three in physics, two in chemistry, one
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in biology, one in English, and one in arts) were asked to judge item texts regarding the category of
justification they address. The broad academic backgrounds ensured that the content validity could
be extended beyond the domain of physics. All the participants were either close to completing or
already attained a master’s degree in their respective fields and were pursuing a doctoral degree in
science education. The experts were first presented with a detailed description of the justification
types. On the basis of these descriptions, we asked the experts to assign each item to one of the four
categories with an additional option of “none of the above”. We established the following criterion
for content validity: If seven of eight experts assigned an item to the intended category, then we
accepted this item as valid (percentage agreement on item level of 75% (Gwet 2010)). Among the 88
items, 63 itemsmatched this criterion: 18 for the category intuition, 13 for the categorymeasurement
uncertainties (explicit), 12 for the category appeal to an authority, and 20 for the category data as
evidence. Wemust note that for six items in the category appeal to an authority, only six (instead of
seven) of the eight experts agreed on the classification; however, we chose to include these items in
the questionnaire. In this case, two experts claimed that the text in these six items did not explicitly
refer to “expert knowledge” and so could not unequivocally be assigned to appeal to an authority.
To correct this, we rephrased those six items and put stronger emphasis on expert knowledge. The
coding reliability corrected for chance agreement for all 57 items (rephrased items were excluded)
and had a Fleiss’ kappa value of .90, which can be interpreted as excellent (Gwet 2010). Six
inadequate phrasings of items were identified and revised. Although these six items were not re-
rated by the experts, we argue in favor of the content validity of these items because the deficiencies
were obvious upon comparison with valid items. A set of 63 content-valid items were subjected to
an evaluation of psychometric quality.

Analysis of Psychometric Quality To further reduce the 63-item battery to a reasonable
number of items, we initially used two criteria to select the items with the highest psychometric
quality: (1) Items with extreme item difficulty were excluded. We want to denote that item
difficulty is a technical term that does not imply that the instrument assesses an underlying
construct of ability or skill (Kline 2000). (2) The discrimination in terms of part-whole corrected
item-total correlation had to be sufficiently large (> .4, Weiner et al. 2012). Item selection based
solely on discrimination carries the risk of low variance, that is, the risk that the resulting scale
will not be able to differentiate sufficiently across a wide range of test scores, as variances in
item difficulty naturally reduce discrimination. Lienert’s selection index (Lienert and Raatz
1998) tries to overcome these issues by combining discrimination, variance, and item difficulty
into an integrated measure. Consequently, we added a third criterion to the item selection: (3)
The items with the largest selection indices were selected from the remaining set of items, not
exceeding eight items per category of justification. This procedure led to the establishment of a
set of 31 items. The item difficulty of the remaining items falls in the medium range, but the
items overlap at certain intervals (intuition: 25.8 < Pi < 46.5; appeal to an authority 48.3 < Pi <
58.5; measurement uncertainties (explicit) 43.3 < Pi < 51.3; data as evidence 60.5 < Pi < 73.8).
The discriminatory index is consistent with the criterion r > .4, while for three of the four scales,
most items reached higher values (intuition .52 ≤ ri ≤ .76; appeal to an authority .68 ≤ ri ≤ 78;
measurement uncertainties (explicit) .40 ≤ ri ≤ .53; data as evidence .53 ≤ ri ≤ .70).

Because “prior theory regarding the structure of the data” (Henson and Roberts 2006, p. 409)
exists, we conducted a CFA to evaluate the underlying four-factor structure of our question-
naire. In addition, CFA estimates the discriminant and convergent validity and allows testing of
competing models (for a more in-depth review of the features of CFA, see Brown 2006). To
estimate the factorial validity, we defined four competing models. Models 1–3 include four
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factors that reflect the four categories of justification. Model 1 contains all 31 items, while
Models 2 and 3 use a reduced version of Model 1 with five items per category (items with the
highest CFA-based factor loadings).Models 2 and 3 differ in thatModel 2 allows for covariance
of the factors, whileModel 3 has an orthogonal factor structure. Model 4 represents the simplest
factor structure wherein all items load on one latent factor (which could be interpreted as
students’ general tendency towards agreement with all items in the same manner). All evalu-
ations of themodel fits were accomplished with regard to accepted standards of interpretation of
fit indices (Hu and Bentler 1999). The model fit analysis adhered to the following rules: For
models exceeding 100 degrees of freedom, the χ2 test was not interpreted because the
assumption of an “exact model fit” is untenable (MacCallum et al. 1996, p. 144). Instead of
the χ2 test, the comparative fit index (CFI), root mean square error of approximation
(RMSEA), and standardized root mean square residual (SRMR) were interpreted. A CFI of
> .90 is widely seen as the cutoff criterion (MacCallum et al. 1996; West et al. 2012), whereas
< .08 is the cutoff for the RMSEA, and < .08 is the cutoff for acceptable to good fits for the
SRMR (Brown 2006). The goodness-of-fit indices for all the models are reported in Table 3.

Model 1 shows a poor fit, as the CFI is too low. Model 2, which includes only a small subset
of items, indicates a reasonably good model fit, as all goodness-of-fit indices meet their criteria
(CFI > .90, RMSEA< .08, SRMR< .08). The competing Model 3 is noticeably worse than
Model 2 because all the fit indices are lower than in Model 1. Model 4, a one-factor model, is
discarded because not all the fit indices meet the cutoff criteria. Hence, Model 2 shows the best
fit to the data and was used for further analysis. The standardized factor loadings, which can be
interpreted as discrimination indices (Brown 2006), all show reasonably high values (λ  = .71,
SD = .10, λmin = .50, λmax = .84). The correlation among latent factor structures is only signif-
icant for three relations (with medium or low effect sizes): the correlation between the factors
intuition and data as evidence (rlat = − .50, p < .001), between appeal to an authority and
measurement uncertainties (explicit) (rlat = −.34, p = .01), and between appeal to an authority
and data as evidence (rlat = .23, p = .04). The reliability of the scales can be calculated directly
from the CFA model in terms of the proportion of true variance to total variance of the
measurement (Brown 2006). The CFA-based reliabilities are .86 for intuition, .90 for appeal
to an authority, .72 for measurement uncertainties (explicit), and .82 for data as evidence.

Discussion

The aim of Study 1 was to identify different types of justifications that students give for
hypotheses in physics, when faced with quantitative anomalous data obtained from their own

Table 3 Goodness-of-fit indices for Models 1 through 4

# Model χ2 df p
value

χ2/
df

CFI RMSEA
[90% CI]

pRMSEA< .05 SRMR

#1 4-factor model, all 31 items 599.5 428 .00 1.40 .88 .05 [.04; .06] .23 .08
#2 4-factor model, 5 items per category 216.4 164 .00 1.32 .94 .05 [.03; .06] .54 .07
#3 4-factor model, orthogonal, 5 items

per category
258.6 170 .00 1.52 .90 .06 [.05; .08] .09 .13

#4 1-factor model, 5 items per category 818.4 170 .00 4.81 .29 .17 [.16; .18] .00 .19
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experiments. We found ten different categories of justifications. The existence of some of the
categories is supported by the results of other studies, including the use of intuition (Fensham
and Marton 1992; Sandoval and Çam 2011), ignoring data (Chinn and Brewer 1998; Sandoval
and Çam 2011; Kelly et al. 2001), referring to theoretical concepts instead of analyzing own
data (Sandoval and Morrison 2003; Walton 1996), appealing to an authority (Hug andMcNeill
2008; Sandoval and Çam 2011; Walton 1996), and the use of evidence (Chinn and Brewer
2001; Jeong and Songer 2008; Khine 2012; McNeill and Berland 2015; Roberts and Gott
2010; Scheiner 2004; Walton 1996). Other categories are novel to the analysis of justifications,
such as those referring to experimental competences, measurement uncertainties, and the
suitability of the experimental setup. These findings show that our initial assumption—that
the existing classifications are not connected to learning environments with students’ own
experimental data—was correct. This points to an important difference between our study and
that of Chinn and Brewer (1998): While we investigated student-generated experimental data,
they used entire theories (with plausible predefined initial hypotheses) and predefined data
sources. We argue that using predetermined data eliminates aspects of students’ interaction
between the hypothesis and the experiment space (Klahr 2000). The fact that we found both
previously known and new categories shows that argumentation is influenced by the situation
in which it occurs and that it adheres to general strategies (Kind 2013).

The identified justification types indicate that there are rational (e.g., data as evidence) and
non-rational (e.g., intuition) justifications. Hence, we argue that non-rationality in argumenta-
tion in science instruction should not be overlooked (Sinatra 2005). It may, for example, be the
case that students make non-rational decisions when they do not have enough information at
hand to make informed choices. This is in line with Petty and Cacioppo (1986), who state in
their elaboration of likelihood model of persuasion (ELM), that an inability to process
information can lead to peripheral (non-rational) choices. In our study, inability to process
the information appears as students’ difficulties in manipulating and evaluating the data. These
problems may lead to the use of the justification types ignorance, measurement uncertainties
(implicit), and use of theoretical concepts. The latter of which may be based on conceptions
grounded in students’ every-day lives.

It may at first seem appropriate to simply use the categorization developed by Chinn and
Brewer (1998), as our aim—like theirs—is to systematically describe students’ responses to
anomalous data. However, in Chinn and Brewer’s (1998) taxonomy, the assignment of an
artifact to a certain response type is dependent upon whether the student supported or rejected
their initial hypothesis. We argue that this is a restriction. For instance, this is clearly the case
for our category appeal to an authority in which the assertion “Someone has to tell me that this
is true!” (see Table 2) can occur as a justification, either for or against an initial hypothesis.
Thus, in contrast to Chinn and Brewer’s (1998) taxonomy, our categories of justifications are
not segregated based on whether a student chooses to keep or reject their initial hypothesis.

It is worth noting that another study by Lin (2007), which also used laboratory experiments,
identified 17 categories of justifications. Although all 17 categories can be matched to our
categorization, the allocation is rather problematic, as it includes some overlap. For example,
one of Lin’s (2007) categories, accept anomalous data but do not know why, can be allocated
to two of our categories: data as evidence and intuition. Furthermore, Lin (2007) suggests that
this justification (accept anomalous data but do not know why) does not lead a participant to a
conceptual change, even though anomalous data are accepted. We doubt that this is sufficiently
proven. Accepting data, even without knowing why, can still involve a conceptual change.
Likewise, problems arise here again, as Lin (2007) used Chinn and Brewer’s categories (1998),
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and in so doing, distinguished between the justifications based on whether students supported or
rejected their initial hypothesis. Hence, it can be concluded that the classification systems in
both our study and Lin’s (2007)—and by extension, Chinn and Brewer’s (1998) study—were
created differently and serve different functions.

The results of this study are also particularly relevant for practitioners. Our proposed
categorization of justifications given by students allows science teachers to anticipate the
possible range of justifications students might generate in the context of lab work. Thus, our
work provides teachers with relevant input regarding what to expect from students’ answers so
that they can prepare themselves to respond to the students’ justifications in an appropriate
way. For example, if students refer to gut feelings or ignore data completely when justifying a
claim, teachers can provide help by supporting students with prepared worksheets that focus
on the evaluation of the evidence at hand. This might include a discussion of measurement
uncertainties when estimating the quality of the data. Thus, awareness of the fact that students
will not always use justifications that are favored by science educators (e.g., from the category
intuition) can help teachers to address this in the classroom. More detailed implications of the
results for practice are described elsewhere (Ludwig and Priemer 2017).

In summary, three new aspects characterize our Study 1 results: (a) The use of self-collected
experimental data are now included in the assessment of justifications. (b) Contexts with
relations to every-day life experiences are now considered. (c) The types of justifications do
not depend on a student’s decision to maintain or change an initial hypothesis or concept. The
latter is valuable because conceptual change is hard to reach and to assess (Posner et al. 1982).

Of course, our categorization has limitations. Given that the categories of justifications
found in the simple pendulum task could also be found in the temperature in solid bodies task,
we conclude that our categorization is discerning and comprehensive within the scope of the
methodology used. However, as noted above, justifications can be context-dependent (Chinn
et al. 2011; Sandoval 2012). By addressing two contexts in our study, we made sure that the
results do not depend on a single topic. Hence, we provide a good starting point for further
research. It is conceivable that most categories might appear in situations outside of physics as
well because they are relatively independent from the content: This might account for the
categories data as evidence, intuition, appeal to an authority, ignorance, suitability of the
experimental setup, experimental competence (technical/skills and self-concept), and use of
theoretical concepts. The categories measurement uncertainties (explicit and implicit) are
probably mostly encountered in lab work situations in which the uncertainty of measurement
plays a major role, which is more often the case in the domain of physics than in other classes.
Scholars and practitioners should be aware of this constraint.

Both physics contexts of our studies have further characteristics that limit their generaliz-
ability. These are related to students’ every-day life experiences and their proneness to non-
scientific preconceptions. Further, our participants had little prior knowledge in these contexts,
which may influence their use of justifications, for example, when they refer to known theories.
While conducting the experiments to generate their own quantitative data, the students collected
evidence of varying quality and quantity (for example, number of repetitions and precision of
measurements) and documented their results differently. This led to variation in the resources
students had at hand to recapitulate their experimental work when giving justifications. It
remains an open question whether our justification types are valid in settings in which students
are not required to interpret anomalous data. Furthermore, we do not know if younger or older
students would use the same justifications. We emphasize that we did not determine the
frequency of the use of the different justification types for the following reasons: First, the
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common practice of quantitative analysis of qualitative data is commonly criticized (Hammer
and Berland 2014). Second, to compare the frequencies across categories would have required
us to ensure that the interviews elicited all justifications a student might have in mind. This was
not the aim of the interview questions. Finally, the students’ answers might have been biased, as
described earlier, by social desirability. This is especially conceivable with categories such as
intuition, which students might see as inappropriate in science classrooms and therefore might
not mention, even if such categories did play a role in their decisions.

To eliminate some of these limitations and to enable further research into justifications of
hypotheses, Study 2 aimed to develop an instrument to assess students’ use of justifications in a
valid and quantitative manner. The four selected categories (data as evidence, measurement
uncertainties (explicit), intuition, and appeal to an authority) are of general interest in lab work
settings because they reflect known non-rational justifications that are also found in other studies
(such as using intuition and referring to experts) and because they focus on the evaluation of the
collected data (evidence and evaluating the quality of data with respect to measurement uncer-
tainties). The questionnaire can be administered in 5–10minutes and is thus especially suitable for
medium- to large-scale assessments. The target group is eighth- and ninth-grade students.We note
that the questionnaire does not assess students’ generally preferred justifications for hypotheses.
The results obtained from this questionnaire are also highly contextual and are directly related to
the specific laboratory task. However, this is a “feature” and not a disadvantage, as it is in line with
research that demands fine-grainedmeasures that meet the requirement of the contextual character
of learning processes (Chinn et al. 2011).

Defending the validity of the instrument is crucial in the development of this new tool to
assess students’ use of justifications. The results of the CFA confirm the claimed underlying
four-factor structure of the questionnaire. All the items yielded consistently high factor
loadings (> .6). This indicates good convergent validity of the questionnaire (Brown 2006).
The absence of a strong correlation between latent factors is essential for gaining evidence for
divergent validity. Brown (2006) sets .8 as a cutoff value. In our work, only three (of six
possible) structural correlations between factors yielded significance, but these were moderate
in size. This speaks to the fact that all four underlying categories of justification can be
measured independently. Model-based reliability estimators consistently return high results.
Accordingly, we argue that the questionnaire measures the use of justification in a reliable
manner. Thus, we gained evidence for the quality of the questionnaire in terms of content
validity (expert rating), factorial validity (CFA), discriminant validity (correlations between
factors), convergent validity (high factor loadings of indicators), and reliability (model-based
reliability estimators). Hence, we argue that the questionnaire is an appropriate method of
analyzing students’ use of justifications generated from data and experimental observations in
a given laboratory situation.

The final questionnaire is available as supplementary material accompanying the online
version of this article (Online Resource 1). Note that an English translation is provided here;
however, the questionnaire was developed and distributed in German. Thus, the authors
caution that the textual validity of the translated items has not been explicitly investigated.
Nevertheless, the questionnaire and the data we have collected concerning it, provide a good
basis for further research. Of course, the psychometric evaluation of the instrument also has
limitations. Due to the exclusion of items in the development of the test, the four justification
categories may be underrepresented in the questionnaire. Moreover, the questionnaire may not
be able to sufficiently differentiate between persons in the very extreme lower and upper ends
of the scale due to the lack of items in these ranges. While the chosen model, Model 2, shows a
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satisfactory fit to the empirical data, other items representing the four justification categories
might have led to another model and hence possibly a better model fit. Finally, we used only a
limited number of competing models, specifically only one- and four-factor models. We thus
do not know whether another factorial structure may have a better fit than Model 2. Again, we
want to stress that we decided against reporting the means of the newly developed scales due
to a possible research bias that might occur when scale analysis, item selection, and hypothesis
testing are carried out on the same sample (Kline 2000).

The questionnaire in its present form is a valuable tool for assessing justifications frequently
used by students. For example, researchers can now study highly relevant issues related to the
epistemic process of justifying a scientific claim: How do situational factors such as the use of
computer-simulated experiments versus hands-on material or the quality of data gained from
different setups influence students’ use of different types of justifications? How do personal
factors, such as the ability to evaluate data or domain-specific knowledge, influence how
students justify hypotheses? Will a highly motivated student automatically justify claims on
the basis of measurement data as evidence? Will the use of justifications vary with age? Is it
possible to foster students’ use of data as evidence by means of explicitly designed learning
environments? Knowing what influences the use of justifications, how this develops over time,
and how we can promote the use of rational justifications rather than non-rational justifications
is only one side of the same coin: Science educators also have to investigate how the use of
different types of justifications may affect learning outcomes in the science lab. Because it is
conceivable that, for example, the use of data as evidence or the evaluation of uncertainties
might lead to better learning outcomes. These hypotheses can now be empirically investigated.
Furthermore, justifications are components of arguments that are often built to persuade—
whether oneself, a classmate, or the scientific community-therefore, it seems especially
important to investigate the relationship between persuasion and the use of different justifica-
tions. Some of these questions are currently undergoing further research, in which we are
applying our questionnaire to two large-scale studies with more than 1500 high school students
participating in lab work courses. Employing methods of latent variable modeling, our first
analysis shows that, for example., students prefer to use data as evidence if they have a certain
ability to evaluate data. Again, if students use data as evidence in their justification, they are
more likely to state a correct hypothesis after experimentation, while relying on intuition leads
to a less permanent decision (Ludwig 2017). We could also demonstrate that the learning
environment—real vs. virtual—does not seem to influence students’ use of different justifica-
tions (Ludwig and Priemer 2013). These results point to the fact that it is now possible to
investigate the process of stating a scientific hypothesis based on experimentally derived data
at a fine-grained level.

Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0 International
License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and repro-
duction in any medium, provided you give appropriate credit to the original author(s) and the source, provide a
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