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ABSTRACT  

Educational reform priorities such as emphasis on quantitative 
modelling (QM) have positioned undergraduate biology 
instructors as designers of QM experiences to engage students in 
authentic science practices that support the development of data- 
driven and evidence-based reasoning. Yet, little is known about 
how biology instructors adapt to the pedagogical movement 
towards incorporating QM opportunities for students in the 
courses they teach. This study presents the development of the 
Quantitative Modelling Observation Protocol (QMOP), a classroom 
observation instrument designed to support the need to 
characterise various approaches that instructors use to implement 
QM instruction in undergraduate biology. QMOP provides 
information about the breadth and depth of QM implementation 
across three dimensions – authentic instruction, teaching for 
understanding, and quantitative approach to teaching biology. We 
present an interpretive argument, the chain of assumptions we 
made in relation to the intended use of the instrument, and 
evidence to assess the validity of our assumptions and inferences 
about observation scores generated using the instrument. 
Strengths and weaknesses of evidence pertaining to assumptions 
about scoring, generalisability, extrapolation, and implications will 
be discussed to build a validity argument for observations and 
demonstrate how the instrument can be used for investigating 
QM instruction in undergraduate biology courses.
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Introduction

Education reform e�orts in science, technology, engineering, and mathematics (STEM) 

have frequently advocated for a greater emphasis on modelling and quantitative 
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reasoning (AAAS, 2011; AAMC & HHMI, 2009; Garfunkel & Montgomery, 2016; NGSS 

Lead States, 2013; OECD, 2019). In the field of biology, there is a marked growth of both 

experimental data relating to complex global and molecular level problems, and relatively 

inexpensive technologies or software that support data analysis, simulation, and model-

ling (Campbell et al., 2015; Chen et al., 2018).

Because quantitative models have taken on a key role in biology, national reports and 

undergraduate biology education research recommend and call for examples of integrat-

ing modelling practices to enable students to mathematically relate model components 

and depict biological system dynamics (AAAS, 2011; Eaton et al., 2020; Mayes et al.,  

2014). A recent study found international experts in STEM disciplines similarly describe 

modelling and authentic assessment as cornerstones for interdisciplinary research and 

teaching (Hallstrom et al., 2023). Data-driven modelling and learning in biology has 

spurred a growing body of research focusing on engaging biology students in authentic 

science practices, such as the modelling process, with the goal of supporting students to 

generate scientific explanations about natural phenomena (Hester et al., 2018; Louca & 

Zacharia, 2019; Schuchardt & Schunn, 2016). Biology instruction therefore necessitates 

educators to intentionally design teaching approaches to include crucial quantitative fea-

tures that support learning of biological concepts and complex biological systems.

We define Quantitative Modelling (QM) as the creation of representations to explain 

phenomena and the revision of models to fit reality (Mayes et al., 2014). Modelling is at 

the heart of biology research (Cvijovic et al., 2016; Ingalls, 2013; Schuchardt & Schunn,  

2016; Schwarz et al., 2009; Svoboda & Passmore, 2013) and QM requires quantitative 

reasoning. The Vision and Change report (AAAS, 2011) considers quantitative reasoning 

and modelling as two separate core competences. While modelling can take on both 

qualitative and quantitative forms, our focus is on quantitative reasoning based on a 

framework developed by Mayes et al. (2014) and expanded to describe quantitative mod-

elling by Dauer et al. (2021). In quantitative modelling, modelling is supported by quan-

tifying variables and quantitative interpretation of the model to make predictions (Mayes 

et al., 2019), and includes the construction, revision, and use of quantitative models to 

understand biological phenomena.

While the relevance of QM is widely accepted in the STEM community, a systematic 

way of documenting the fidelity by which instructors implement quantitative biology 

instruction is lacking and needed (Aikens & Dolan, 2014; Donovan et al., 2015; Eaton 

et al., 2020; Follette et al., 2017; Hester et al., 2018; Hurney et al., 2011; Mayes et al.,  

2019). Undergraduate biology instructors’ practices that incorporate QM into their 

courses may vary in a spectrum that ranges from infrequent to frequent integration of 

mathematics in biology. Targeting the population of faculty who use QM in teaching 

biology can address the paucity of research describing QM practices and examples of 

instructional activities. Moreover, research instruments that measure the degree of 

implementation of QM in biology need to be developed to set the groundwork for study-

ing how QM is integrated in biology courses (Goldey et al., 2012; Ho�man et al., 2016).

Observations of teaching practice are directly measured with the use of classroom 

observation protocols designed for gathering and classifying observational data regarding 

what instructors are doing. To examine teaching methods, many classrooms observation 

protocols have been developed for evolving educational contexts, including the Reformed 

Teaching Observation Protocol (RTOP, Piburn et al., 2000; Sawada et al., 2002), 
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Teaching Dimensions Observation Protocol (Hora et al., 2013), Classroom Observation 

Protocol in Undergraduate STEM (Smith et al., 2013), and the Measurement Instrument 

for Scientific Teaching (Durham et al., 2017), that are widely used in higher education 

research. However, these instruments lack the specificity needed to describe how 

biology instructors are implementing QM in their courses, particularly the interdisciplin-

ary strategies that di�erentiate instructors who emphasise quantitative reasoning in 

learning biological concepts (Neitzel et al., 2022).

To address the need to characterise QM instruction in undergraduate biology, we 

developed a classroom observation protocol to capture a range of QM practices in con-

junction with pedagogical strategies prioritised in educational reform e�orts. Our e�ort 

di�ers from two recent e�orts to develop and validate modelling observation protocols 

(Baumfalk et al., 2019; Shi et al., 2021). In both cases, the singular focus was modelling 

while our protocol targets quantitative modelling that promotes quantitative reasoning in 

biology. Shi et al. (2021) focused on high school chemistry modelling-based teaching and 

the model discussion was centred on qualitative models, not quantitative models. Our 

Quantitative Modelling Observation Protocol (QMOP) instrument focuses on quantitat-

ive modelling, but the instrument includes the necessary pre-modelling quantitative tasks 

of quantitative acts and quantitative interpretation, as well as meta-modelling. In this 

study, we describe the steps and decisions that occurred during the development 

phase and present evidence for the reliability and validity of the data collected with 

the QMOP instrument. Across the development process, this study was guided by two 

research questions: 

(1) What evidence supports the validity of the data collected with the QMOP?

(2) How can the QMOP be used to characterize QM instruction in undergraduate biology?

Quantitative modelling in biology and its hypothesised dimensions

The theoretical framework for the development of the QMOP draws from the literature 

on authentic instruction, teaching for understanding, and quantitative reasoning applied 

to undergraduate biology instruction. Because QM instruction attends to educational 

reform priorities, it can be characterised in terms of pedagogical approaches that are 

aligned with how students learn science. We hypothesise that QM instruction involves 

engagement in authentic instruction and application of instructional strategies that 

prioritise student understanding and measurable learning outcomes. Moreover, QM 

instruction emphasises the integration of mathematics in teaching biology for the 

purpose of developing quantitative reasoning skills necessary for problem-solving. In 

this section, we provide a brief discussion of the foundational literature on the dimen-

sions of QM instruction in biology and a more detailed discussion of relevant literature 

in connection to the components and items in the instrument.

Authentic instruction

Authentic instruction is observed in classrooms where students create knowledge by con-

structing meaning (Newmann et al., 2007). To construct meaning, students employ dis-

ciplined inquiry and strive to create conversations, products, and performances that are 

valuable or meaningful outside of the classroom (Hester et al., 2018; Yarden & Carvalho,  
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2011). When students see how abstract concepts relate to their own lives, their attention 

and motivation to learn are sustained (Watters & Ginns, 2000). Instructors who prioritise 

authentic instruction design lessons that engage students in learning experiences that 

have value beyond the classroom through examples or use of real-world data (Stein 

et al., 2004). For instance, when biology is taught in connection with the work of scien-

tists, relevant organisations, or external agencies, students may be provided with research 

experiences such as opportunities to observe, gather data, or collaborate with individuals 

or groups outside of the classroom (Auchincloss et al., 2017). Authentic instruction is 

associated with meaningful learning because students engage in practices that can be 

observed in the work of scientists, which supports them to think like a member of 

their discipline (Meyers & Nulty, 2009; Power, 2010). Students develop scientific literacy 

skills that enable them to seek, locate, or determine answers to questions arising from 

ordinary encounters. In classrooms where authentic instruction is practiced, students 

communicate verbally or in written form using science vocabulary when they engage 

in discussions with their instructor or peers to learn to communicate with the general 

public (AAAS, 2011; Brownell et al., 2013).

Learning becomes meaningful for students when biology is presented using holistic 

problems that are relatable to their daily lives (Mayo, 2010). The phenomena addressed 

by holistic problems serve to anchor QM activities to practical applications. Holistic pro-

blems also characterise systems biology and put an emphasis on the fundamental inter-

connectedness of all things. Students are provided with opportunities to examine how 

systems operate and impact each other when instructors adopt a systems perspective 

and guide students in understanding phenomena occurring within di�erent levels of bio-

logical organisation (Gilissen et al., 2020). In contrast to reductionist biology, a systems 

perspective approach prioritises understanding the larger picture by putting pieces 

together which fosters authenticity in relation to methods that scientists engage in to 

address real-world issues associated with complex science topics such as pandemics, 

climate change, genetically modified organisms, contraception, and reproductive 

health (Assaraf & Knippels, 2022). We hypothesise authentic instruction as a dimension 

of QM instruction in biology because QM activities are crucial to investigating real-world 

phenomena (Mayes et al., 2014).

Teaching for understanding

Teaching for understanding pertains to the implementation of learning activities that 

push students to think, analyse, solve problems, and apply what they have learned 

(Blythe, 1998; Wiske et al., 2005). It is characterised by the design of lessons that are 

made accessible to students by connecting to their prior knowledge, making learning 

objectives, and engaging students in activities that develop their thinking and demon-

strate their current understanding. Instructors who prioritise teaching for understanding 

design lessons built upon overarching concepts that students should learn from the 

lesson. These overarching concepts are called enduring understandings, which are 

insights or summaries of key ideas and processes that are important to a field and 

have significance beyond the classroom (Wiggins & McTighe, 2005). For instance, an 

instructor who wants students to learn that photosynthesis and cellular respiration 

cycle matter and energy through living systems would embed learning objectives to 

focus the direction of the lesson and select activities and assessments that determine 
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what students are learning. To target the development of enduring understandings, 

essential questions that force the learner to apply, analyse, evaluate, and create using 

information or data are used to guide the lesson (Wiggins & McTighe, 2005). Iterative 

assessments are embedded in lessons to make student learning and changes in under-

standing visible to the instructor and the students. Overall, learning environments 

created with teaching for understanding in mind position students as active participants 

in their own discovery process rather than passive recipients of information. This pro-

motes a paradigm shift towards biology education that combines understanding key bio-

logical concepts, modelling skills, and societal awareness (Robeva et al., 2020 ).

Quantitative reasoning

Modelling-based learning is a theoretical framework that situates learning in modelling 

environments, that is, students are provided with opportunities to construct models and 

understand their nature and purpose (Louca & Zacharia, 2019; Nicolaou & Constanti-

nou, 2014). QM instruction involves students in using quantitative data to create, test, 

and revise solutions to ill-structured, real-world problems (Campbell et al., 2015; 

Mayes et al., 2014; Mayes et al., 2022; Schuchardt & Schunn, 2016). A quantitative 

approach to teaching biology requires learners to develop a quantitative account of the 

phenomena (Quantitative Acts), understand mathematical and conceptual interactions 

among the model components (Quantitative Interpretation), and use known QM pro-

cesses of creating and testing models (Modelling Practices) to explain biological phenom-

ena (Mayes et al., 2014). Quantitative acts involve covariation, quantification, 

quantitative literacy (Feser et al., 2013; Flanagan & Einarson, 2017; Goldstein & Flynn,  

2011; Ho�man et al., 2016; Speth et al., 2010), while quantitative interpretation activities 

include analysing trends, model translations, making predictions and quantitative com-

parisons (Thompson et al., 2013; White et al., 2013). Modelling processes activities refer 

to creating, testing, revising and refining models. In this framework, QM activities and 

the reasoning required of students vary in diJculty to support learning as a progression 

from the basic acts of quantification to the sophisticated steps of model-building (Mayes 

et al., 2013). Modern QM techniques such as computational modelling and simulation 

modelling support deeper comprehension of underlying mechanisms and the capacity 

to examine complex biological processes (Bergan-Roller et al., 2017; Coller et al., 2022; 

Crowther et al., 2021; Mayes et al., 2019; Robeva, 2015).

Instructors who integrate quantitative reasoning in teaching biology emphasise the 

use of mathematics to represent biological relationships and solve biology problems 

(Jungck, 2011). They may also take advantage of sources of quantitative data such as 

research studies and open data sources to promote evidence-based quantitative reasoning 

(Krajcik & Merritt, 2012; Lehrer & Schauble, 2006; Louca & Zacharia, 2012; Schwarz 

et al., 2009). The modelling framework of learning (Lehrer & Schauble, 2006; Louca & 

Zacharia, 2012; Metcalf et al., 2000; Nicolaou & Constantinou, 2014; Sins et al., 2005; 

Windschitl et al., 2008) provides a foundation for modelling-based learning, an approach 

for teaching and learning in science where students construct models as representations 

of physical phenomena. The models include representations of objects characteristics 

and processes to increase student understanding of the phenomena (Louca & Zacharia,  

2012). Research on metacognition of modelling promotes thinking about the process of 

modelling self-regulation through explicit identification, description of major steps in the 
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modelling process, and the nature and purpose of models (Oh & Oh, 2010; Papaevripi-

dou & Zacharia, 2015; Schwarz & White, 2005; Upmeier zu Belzen et al., 2019). As such, 

QM instruction also involves meta-modelling through learning experiences that require 

students to examine the utility of models, the purposes for which they can be used, and 

the limitations of evidence that can be derived from them.

Using the QM framework as a lens to examine the range of instructional practices 

focusing on acts, interpretation, practices, and meta-modelling, we developed the 

QMOP to describe the instructional practices of biology instructors as they implement 

quantitative reasoning, often through quantitative modelling in terms of authentic 

instruction, teaching for understanding, and quantitative reasoning. In particular, the 

breadth and depth of QM activities used by instructors may be related to pedagogical 

practices that prioritise student understanding and authentic experiences in biology.

Methods

The research team designed the present study to assess the appropriateness of the items 

in each of the specified QM dimensions and to describe how to interpret scores and uses. 

In this section, we describe the instrument design, development phases, and validity 

argumentation approach in relation to scores generated from the QMOP.

Instrument design and intended use

The QMOP is intended to be used as an observation instrument with guidelines for col-

lecting data on the instructional practices in undergraduate biology lessons that integrate 

QM. Student data and description of the classroom setting can be noted in the introduc-

tory portion of the instrument about the learning environment that should be completed 

prior to a class observation.

The instrument has two distinct parts (see Supplementary Material Appendix 3). The 

first part is an observation record used for collecting and organising qualitative data 

using 13 a priori codes that correspond to classroom activities categorised within quanti-

tative acts, quantitative interpretation, modelling processes, and meta-modelling (see  

Table 1). An additional four codes were specified to correspond to the lesson delivery 

mode based on the Classroom Observation Protocol for Undergraduate Science instru-

ment (Smith et al., 2013). The lesson delivery mode types are (1) Presenting – instructor 

led presentation to class; (2) Guiding – instructor actively engages students in learning; 

(3) Administration – instructor performs a non-instructional administrative task, such 

as taking role; and (4) Other (Smith et al., 2013). Raters indicate the presence of aspects 

of QM and the lesson delivery mode in 10-minute intervals during an observation. Data 

gathered from this section are designed to be used to determine the broad types of QM 

activities and frequency of implementation. The purpose of recording specific classroom 

activities is to provide raters with a source of evidence as grounding for scoring a lesson in 

the second part of the instrument. To further support decision-making in assigning scores, 

raters are prompted to write a summary of what they observed about the learning environ-

ment and the overall implementation of QM activities. Raters are instructed to write their 

qualitative assessment of the lesson after completing the observation record.
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The second part of the QMOP includes subscales of the instrument used for collecting 

quantitative data in which raters holistically assess a lesson observation based on indi-

cators of QM instruction (Supplementary Material Appendix 1). This section describes 

the domain that the instrument endeavours to measure, namely the degree of implemen-

tation of QM in teaching undergraduate biology. Class sessions are assessed and rated 

from the lens of three dimensions (subscales) of QM: Authentic Instruction (7 items), 

Teaching for Understanding (6 items), and Quantitative Reasoning (8 items). Raters 

use a scoring rubric to assign a score for the entire class session.

Each statement in the QMOP is scored using a scale of 0–4 with a scoring rubric. A 

QMOP overall raw score is the sum of raw scores in all 21 items. The minimum and 

maximum raw scores are zero and 84, respectively. Raw scores can be transformed to per-

centage scores. Subscale raw scores and corresponding percentage scores are calculated 

in a similar manner. Analyses in this study used percentage scores. For all QM dimen-

sions, we hypothesise that higher scores indicate more extensive QM instruction.

Phases of QMOP development

The QMOP was developed over several iterations to ensure that it was properly articu-

lated, adequately defined, and included themes relevant to QM instruction in biology. 

The development of the instrument was divided into three phases: pilot study, revision, 

and rater calibration. Thirteen (n = 13) biology lessons were observed and used for pro-

tocol refinement during the development stage, which consisted of pilot phase and a revi-

sion phase (Figure 1).

Pilot phase

The pilot study phase involved two raters from the team who tested the instrument in ten 

classroom observations of local undergraduate biology faculty (eight recorded videos and 

two live classroom observations) teaching lessons similar to the target population of the 

Table 1. QMOP observation record summary of codes.

QM Activities Code and Definition

Quantitative Acts (QA) 1. Covariation (CV). Students relate two or more variables within context.
2. Quantification (QU). Students identify variables and attributes
3. Quantitative literacy (QL). Students perform basic mathematical reasoning (e.g. using 

proportions, algebraic equations)

Quantitative Interpretation 
(QI)

1. Trends (TR). Students determine and provide quantitative explanations of trends.
2. Translate models (TL). Students cross between model types (e.g. tabular, graphical, 

symbolic).
3. Predict (PR). Students use covariation to interpolate and extrapolate.
4. Compare models (CO). Students evaluate competing models.

Modelling Practices (MP) 1. Create models (CR). Students provide a quantitative account of the context.
2. Test models (TS). Students examine a model for internal consistency.
3. Revise models (RV). Students adjust the model to make it system-specific or system- 

general.
4. Refine models (RF). Students extend a model to new situations.

Meta-Modelling (MM) 1. Nature and purpose of models (PN). Students describe the role of modelling in science.
2. Steps of modelling (SM). Students describe the iterative nature of modelling practice.
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validation study. One rater (L.L.) was a postdoctoral researcher with B.S. and M.S. in 

physics and Ph.D. in science education and the other rater (A.K.) was a Ph.D. student 

with an M.S. in biology. The first three observations were used for training, where 

raters reviewed the QM framework and engaged in think aloud sessions with the research 

team (co-authors) to explain their scores and decide on a consensus. The remaining 

seven lessons were independently coded by the raters. After coding each video, raters 

generated a set of consensus scores. During consensus meetings with the research 

team, raters identified items with discordant scores and noted proposals for item 

revision.

To inform future revisions of the instrument, the data was analysed to determine an 

early estimate of interrater reliability and internal consistency of the subscales. Specifi-

cally, the bivariate correlation of item scores between two raters (prior to consensus) 

ranged from r = 0.40 to r = 0.76 for a given lesson and showed improvement as the 

raters developed a shared understanding of the items in the instrument with each 

additional lesson. Cronbach’s alpha coeJcients with the consensus ratings for each sub-

scale were acceptable (AI, 0.81; TU, 0.80; QR, 0.81). The pilot study resulted in a new 

draft instrument that included additional description and coding rubric for each item 

to minimise interpretive di�erences between raters.

Revision phase

In the revision phase, members of the research team watched three recorded videos and 

used the new version of the QMOP with a coding guide and rubric. All members had 

prior experience in using the old version of the instrument, thus, only one video was 

used for training to ensure that all members were prepared to code the other two 

videos independently and justify their QMOP scores to their peers. As a form of cognitive 

Figure 1. QMOP development and validation study. Participants for the validation study were 
recruited while the instrument was still under development.
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interviewing (Ryan et al., 2012), research team members were tasked to write their 

thought process and reasoning for their assigned scores prior to conducting consensus 

meetings. This method was used to see how research team members perceived the 

meaning of items and the scoring rubric. Specifically, cognitive probing determined 

whether team members understood the items, whether they understood items as they 

were described in the coding guide, and whether they interpreted the rubric response 

options in similar ways. Disagreements among the research team members resulted in 

revisions and consensus after reviewing items and segments of observed video lessons. 

For example, in the following excerpt, Team Member A identified an issue with the 

coding rubric which was revised accordingly in the final version of the instrument. 

Team Member A: I thought that various graphs shown represented data from the natural 
environment. I assume that [Team Member B] and [Team Member C] did not code as 
rubric level 2 because they do not view this as raw data. If this is the criteria that we 
want, then [it is] probably good to clarify rubric level 2 with ‘ … use of raw data from … ’ 
If we want to let graphs count, then we could clarify level 2 with ‘use of data (raw values, 
graphs, tables) from … ’

The team identified issues that led to response di�erences and made final changes on 

the items, coding rubric, and overall format of the instrument. Appendix 2 (Supplemen-

tary Material) shows an example of a modification from the original version to the final 

version of the QMOP. In this example, the intent of the original item was to capture the 

use of field experiences as an indicator of authentic instruction. The research team ident-

ified that the item would be problematic to score on a scale and di�erent interpretations 

about what counts as out-of-classroom activity may arise. The item was revised to 

emphasise the value of a lesson beyond the classroom which may be established 

through other activities aside from physically bringing students outside the classroom. 

The final version of the QMOP (Supplementary Material Appendix 3) was produced 

at the end of the revision phase. The final version includes a description of the item 

and a scoring rubric in which the inclusion of field experiences is scored higher compared 

to the use of examples and data. An example of the completed Part 1 of the QMOP is 

provided (Supplementary Material Appendix 4).

Rater calibration

Two raters from the team checked their use of the final instrument and prepared for the 

validation study by independently coding four recorded video lessons (n = 4) using the 

final version of the QMOP with the coding guide and rubric. These were the same two 

raters as for the pilot phase. Raters discussed and arrived at consensus scores. The bivariate 

correlation of item scores between raters ranged from r = 0.60 to r = 0.80. Cronbach’s alpha 

coeJcients for each subscale were acceptable (AI, 0.76; TU, 0.80; QR, 0.89). Raters also 

noted the improved criteria for scoring with the inclusion of the coding rubric.

Validation study

Participating courses

Instructors who teach undergraduate biology topics using quantitative approaches were 

recruited from various channels particularly the Quantitative Undergraduate Biology 
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Education and Synthesis community of instructors and members of professional organ-

isations, such as the Society for the Advancement of Biology Education Research and 

Association of College and University Biology Education in the United States. Fifteen 

(n = 15) instructors consented to participate in the study and completed the data collec-

tion requirements.

Data

Participating instructors identified and recorded a video of a biology lesson they planned 

to teach using a quantitative approach. They submitted a video recording of their target 

lesson to the research team including related instructional materials, such as worksheets 

and presentation slides. Each video lesson was coded by the two raters using the QMOP 

and the RTOP (Piburn et al., 2000; Sawada et al., 2002). Total scores and subscale scores 

were calculated and transformed to percentages. Participants also asked their students to 

complete outside of class time an online version of the QMBUGS student assessment, an 

instrument designed to measure students’ modelling and meta-modelling knowledge and 

abilities (Dauer et al., 2021; Mayes et al., 2019). Results of the QMBUGS assessment were 

aggregated using the mean percentage score to represent class performance.

Validity argumentation approach

We adopted an argument-based approach to validity, a framework for interpreting scores 

from assessments characterised by a process of articulating claims and assumptions associ-

ated with the proposed use of an instrument, testing these assumptions, and organising the 

results as evidence to support a validity argument (Kane, 2006, 2013). Our approach to 

developing a validity argument is aligned with the American Educational Research Associ-

ation’s contemporary definition which is the degree to which evidence and theory support 

the interpretation of test scores for proposed uses of tests (AERA, 2014). This definition 

promotes a view of validity that is based on contemporary validity theory, which forms 

the foundation of developing a validity argument for the interpretation and use of scores 

generated from an instrument. While the classical approach often treats di�erent types 

of validity (e.g. construct, content, criterion, etc.) as separate concepts, contemporary val-

idity theory views them as interconnected and contributing to an overall validity argument.

The four inferences in a validity argument include assumptions about translating an 

observation to scores (scoring), generalising sample observations to a population (gener-

alisation), relating scores to external indicators that measure shared constructs (extrapol-

ation), and applying scores to inform a decision or action (implication; Kane, 2006,  

2013). First, we describe an interpretative argument (Table 2), which is a series of inter-

connected presumptions that, if true, would support the suggested score interpretation 

and application of the QMOP. We next discuss our interpretation of scores and the 

types of evidence we gathered to assess our interpretive argument in relation to the 

intended use of the instrument. In the results section, we describe a validity argument 

in which we evaluate our assumptions and inferences using data and arguments.

Scoring. The final version of the QMOP includes a scoring rubric to ensure appropri-

ate descriptions for the scale points. This means that scores were designed to correspond 

to di�erent classroom events for each item. To support this assumption, distributions of 

item-level scores were examined across QM dimensions. Accuracy in scoring was exam-

ined by determining the degree of agreement between individual rater scores and the 
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consensus scores, while consistency referred to raters’ agreement with one another. The 

intraclass correlation coeJcient across QMOP subscales were calculated as a measure of 

interrater reliability. The intraclass correlation coeJcient was based on a single-rating, 

absolute-agreement, two-way random e�ects model with two raters across 15 subjects. 

Scoring bias was mitigated through double coding by the same pair of raters. Cronbach’s 

alpha was used to determine internal consistency of the subscales.

Generalisation. A sampling frame was created to represent the population of under-

graduate biology instructors targeted in the study. The sampling frame used in this 

study is a list of biology instructors with appropriate contact information. Specifically, 

instructors who were recruited in the study have experience with QM instruction as 

shown by their participation and membership in professional development communities 

such as Quantitative Undergraduate Biology Education and Synthesis. We also identified 

the sources of variation within the context in which the data were collected to determine 

what may limit the generalisability of application (Huebner & Lucht, 2019). A generali-

sability study approach (Brennan, 2001) was used to estimate sources of variance. For 

instance, raters and occasions of data collection are usually considered as sources of 

measurement error or facets of a generalisability study. We considered raters because 

all instructors were measured on a single occasion by the same pair of raters. In this 

one-facet crossed design (Huebner & Lucht, 2019), the measurement, Xpr, for person p 

by rater r is given by the equation:

X pr = m+ vp + vr + v pr (1) 

Here, m is the grand mean, vp, and vr are the main e�ects, and v pr is the interaction e�ects 

confounded with unmeasured variability (Brennan, 2001; Huebner & Lucht, 2019). After 

identifying the design, we estimated the variance of measurements decomposed into 

components. The package gtheory (Moore, 2016) in the statistical software R (R Core 

Team, 2019) was used to calculate the variance estimates in Equation (1) to identify 

the sources contributing the greatest variability to QMOP measurements.

Extrapolation. We calculated the correlation between the QMOP and the RTOP as a 

measure of concurrent validity. The RTOP has been widely used to assess reformed 

teaching in higher education (Piburn et al., 2000; Sawada et al., 2002), and the original 

Table 2. Interpretive argument (assumptions and inferences).

1. Scoring assumptions 
1.1. The QMOP scoring rule is appropriate in that the raters apply the full range of score points to observations.
1.2. Raters can apply the scoring rule accurately and consistently.
1.3. Raters’ scoring of observations is unbiased.
1.4. The data supports the hypothesised dimensions of quantitative modelling instruction.

2. Generalisability assumptions 
2.1. QMOP scores from the sampling frame can be generalised to the target population of undergraduate biology 

instructors.
2.2. Sufficient variance lies at the instructor level as opposed to the rater.

3. Extrapolation assumptions 
3.1. Higher QMOP scores are positively related to student performance in quantitative modelling.
3.2. Higher QMOP scores are positively related to the quality of reform-based instruction.
3.3. QMOP scores represent different types of QM instruction.

4. Implications 
4.1. QMOP scores are meaningful and can be used to characterise QM instruction and identify QM dimensions 

supported by the range of observed practices.
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version of the QMOP used the RTOP as a blueprint for developing and refining a class-

room observation protocol for QM instruction in biology. Thus, the QMOP is expected 

to have a high degree of correspondence with the RTOP. Similarly, we also calculated the 

correlation between the QMOP and QMBUGS assessment as a measure of predictive val-

idity. We expected a moderate correlation because the instruments are applied to 

di�erent groups, that is, instructors and students, although both were developed 

within related projects using the same QM framework (Mayes et al., 2013, 2014). To 

assess if QMOP scores can distinguish di�erent types of QM instruction as part of dis-

criminant validity, we calculated instructors’ frequency of use of specific QM activities 

and determined if they can be grouped based on what instructors choose to implement 

in their quantitative biology lessons. We also determined if the QMOP and subscale 

scores of these groups of instructors meaningfully reRect a di�erence in QM instruction.

Implication. To assess if QMOP scores are meaningful and can be used for decision- 

making, we describe the distribution of QMOP (and its subscales) scores for our sample 

and provide the normative data as context for QMOP users to compare results relative to 

the study cohort.

Results

In this section, evidence to examine inferences about scoring, generalisation, extrapol-

ation, and implementation are gathered and discussed in relation to the intended 

interpretations and uses of the QMOP. We present the results to evaluate the interpretive 

argument articulated in Table 2.

Scoring

We examined whether the descriptions for the scale points are appropriate (Assumption 

1.1) to determine if raters can apply a score based on a match between what they observed 

in a recorded video and the description of an event in the instrument. We found evidence 

that raters were able to apply the full range of the QMOP scale to observations (Figure 2). 

The distribution of scores in the Teaching for Understanding scale indicated that the 

sample of instructors demonstrate a relatively high level of teaching for understanding 

practices such as student-directed activities and a variety of instructional strategies 

that sustain student engagement.

Accuracy and consistency in scoring (Assumption 1.2) were assessed by examining 

individual rater scores and consensus scores. A high degree of agreement between indi-

vidual rater scores and consensus scores indicated that individual raters used the scoring 

rubric as intended. Rater agreement with consensus scores was high, 78% to 87%, across 

QMOP dimensions (Table 3). The intraclass correlation coeJcient across QMOP dimen-

sions indicated moderate to good interrater reliability. To address potential scoring bias 

(Assumption 1.3), each lesson was double coded by the same pair of raters. The decision 

was made because the study sample was small, and double coding generated a higher 

total number of ratings that may allow for potential systematic error to be assessed in 

an interrater reliability estimate (Hallgren, 2012). The results indicated that raters inde-

pendently reached similar conclusions about the classroom events they observed using 

the QMOP (Table 3). Using rater consensus scores, Cronbach’s alpha was used to 
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determine internal consistency of the scales and examine whether the data support the 

hypothesised QM dimensions (Assumption 1.4). The Teaching for Understanding and 

Quantitative Reasoning scales exhibited good internal reliability (TU, 0.83; QR, 0.88) 

the internal reliability of the Authentic Instruction scale was below the generally accep-

table Cronbach’s alpha value of 0.7 (Nunnaly & Bernstein, 1994).

Generalisability

To assess how interpretations made from QMOP scores can be generalised to the popu-

lation of undergraduate biology instructors (Assumption 2.1), we describe the recruit-

ment process and the sampling frame generated from the target population (Table 4).

Over the course of two years, N = 251 undergraduate biology instructors were identified 

as potential participants for the study based on having QM experience. The recruitment of 

faculty participants was challenging during 2020–2021 as the national education community 

struggled to manage alternative teaching modalities and related personal challenges during 

the COVID-19 pandemic surge. Video data from instructors were collected after they 

Figure 2. Distribution of item-level scores per QMOP dimension. Each instructor is represented mul-
tiple times in each histogram. AI = Authentic Instruction, TU = Teaching for Understanding, QR =  
Quantitative Reasoning.

Table 3. Reliability statistics.

QMOP subscales
Agreement with  

consensus scores (%)
Interclass Correlation  

Coefficient
Cronbach’s  

alpha

Authentic Instruction 86.67 0.90 0.65
Teaching for Understanding 82.22 0.73 0.83
Quantitative Reasoning 78.33 0.73 0.88
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transitioned from online to face-to-face or blended instruction in 2021. Instructors identified 

a quantitative biology lesson to record and administered the QMBUGS student assessment 

to their class in the same semester. Fifteen instructors (n = 15) completed the required data 

(i.e. recorded video lesson, QMBUGS student assessment) for the study, which corre-

sponded to a 50% response rate from the sampling frame. To assess if QMOP scores can rep-

resent a range of indicators of QM instruction in the population of instructors who 

implemented QM in undergraduate biology education (Assumption 2.2), the context in 

which data were collected was used to identify sources of variation that may limit the gen-

eralisability of application. Variance decomposition indicates that suJcient variance lies 

at the instructor level as opposed to the rater and unmeasured variance across the three 

dimensions of the QMOP (AI, 85.8%; TU, 87.0%; QR, 84.7%).

Extrapolation

The correlation of the QMOP with the RTOP and QMBUGS assessment was examined to 

evaluate Assumptions 3.1 and 3.2. The RTOP has been widely used to assess reformed 

teaching in higher education. There was a high degree of correspondence between the 

overall QMOP and RTOP (r = 0.96, Table 5). QMOP was moderately correlated with 

the QMBUGS assessment (r = 0.58). However, only the Authentic Instruction scale 

was significantly correlated with students’ overall performance on the QMBUGS assess-

ment (r = 0.69).

To evaluate Assumption 3.3, we examined whether QMOP scores corresponded to 

di�erent types of QM instruction. Instructors in our sample appeared, under visual 

inspection, to form two groups in terms of the QM activities that they implement 

across their lessons. Instructors roughly di�erentiated into two groups (Figure 3), one 

that focuses on quantitative acts and quantitative interpretation activities (Group 1, n  

= 6) and another that includes modelling practices and meta-modelling in addition to 

quantitative acts and quantitative interpretation activities (Group 2, n = 9).

Group 2 instructors have higher QMOP scores compared to Group 1 with the addition 

of modelling practices and meta-modelling activities in their quantitative biology lessons. 

Group 2 instructors also had higher Teaching for Understanding and Authentic Instruc-

tion scores (Figure 4). The di�erence in QMOP performance was consistent across all 

subscales.

Table 4. Target population and sampling frame.

Recruitment Channels (Year)

Population of 
Recruited Biology 

Instructors, N

Sampling Frame 
(Instructors who 

consented to 
participate), n (%)

Response Rate (Instructors 
who completed data 
requirements), n (%)

University/College Biology 
Departments and QUBES 
community of instructors (2020– 
2021)

200 15 5

University/College Biology 
Departments, QUBES, Listserv and 
conferences hosted by SABER and 
ACUBE (2021–2022)

51 15 10

Total 251 30 (12) 15 (50)
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Table 5. Means, standard deviations, and correlations with confidence intervals.

Variable M SD 1 2 3 4 5

1. Authentic Instruction 53.10 11.60
2. Teaching for Understanding 70.56 18.66 .84**

[.57, .94]
3. Quantitative Reasoning 57.50 21.74 .81** .68**

[.50, .93] [.26, .89]
4. QMOP 59.76 16.08 .93** .89** .94**

[.81, .98] [.68, .96] [.81, .98]
5. RTOP 63.67 17.24 .93** .93** .83** .96**

[.81, .98] [.80, .98] [.56, .94] [.89, .99]
6. QMBUGS Assessment 37.83 10.97 .69** .47 .51 .58* .58*

[.28, .89] [–.06, .79] [–.00, .82] [.10, .84] [.09, .84]

Notes: M and SD are used to represent mean and standard deviation, respectively. Values in square brackets indicate the 
95% confidence interval for each correlation. QMOP = Quantitative Modelling Observation Protocol, RTOP = Reformed 
Teaching Observation Protocol, QMBUGS = Quantitative Modelling Biology Undergraduate Students Assessment. 

*p < .05. 
**p < .01.

Figure 3. Profile of instructors’ use of QM activities. Time refers to frequency of integration in terms of 
the proportion of 10-minute intervals (relative to the whole lesson) in which a specific activity was 
observed. Group 1 (n = 6) instructors focused on quantitative acts and quantitative interpretation 
activities while Group 2 (n = 9) instructors added modelling practices and meta-modelling activities 
into their lesson. The boxes cover the interquartile interval, and the whiskers correspond to the 
lower and upper quartiles. The dots correspond to raw data. Instructors may overlap in a single 
dot. QA = Quantitative Acts, QI = Quantitative Interpretation, MP = Modelling Processes, and MM =  
Metamodelling.
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Implications

To assess if QMOP scores are meaningful and can be used for interpreting QM instruc-

tion based on classroom observations (Assumption 4.1) to characterise QM instruction, 

we examined the distribution of QMOP and subscale scores for the sample of under-

graduate biology instructors. Table 5 presents normative data to provide context for 

QMOP users to compare results relative to the study cohort. Instructors in this study 

were recruited from professional biology organisations and have self-identified as 

users of QM strategies in teaching biology. Their scores ranged from 35% to 86% with 

a median score of 56% (Figure 5). Their score as a group varied across the subscales. 

They had the highest median score in the Teaching for Understanding scale (70%) 

and lowest in Authentic Instruction scale (50%). The Quantitative Reasoning scale had 

the widest range of scores from 19% to 94%.

Normative data for the two groups of instructors described in the previous section 

were also generated. We note the presence of outliers and consider this analysis explora-

tory. However, the interquartile range can be used as a trimmed estimator to drop the 

outlying points. Interquartile range limits for Group 1 are 40% to 50% while Group 2 

scores are within 67% to 76%. The same trend can be observed across the subscales. 

There were no overlaps between the two groups’ interquartile ranges with Group 2 con-

sistently having a higher median compared to Group 1.

Figure 4. Distribution of instructors’ QMOP and subscale per cent scores by group. Group 1 
includes instructors who implement quantitative acts and quantitative interpretation activities in 
their teaching of biology. Group 2 instructors include modelling practices and meta-modelling 
in addition to quantitative acts and quantitative interpretation activities. The boxes cover the inter-
quartile interval, and the whiskers correspond to the lower and upper quartiles. Dots represent 
outliers in the data set. AI = Authentic Instruction, TU = Teaching for Understanding, QR = Quanti-
tative Reasoning.
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Discussion

In research question one, we asked what evidence supports the validity of the data col-

lected with the QMOP. First, we examined the scoring assumptions. The strongest evi-

dence supports the appropriateness of scores (Assumption 1.1) and the accuracy and 

consistency of raters (Assumption 1.2). Specifically, the distribution of scores across 

the QMOP dimensions shows that raters were able to apply the full range of the 

QMOP scale to observations. During the development phase, the team iteratively 

reviewed and revised the scoring rubric per item to capture a range of potential classroom 

events. The skewed distribution of Teaching for Understanding scores can be explained 

by the sample of biology instructors who were recruited from professional learning com-

munities that underscore reform-based instruction. Higher QMOP scores in terms of 

instructional practices that promote teaching for understanding accurately depict these 

instructors (Figure 5). The reliability statistics support the claim that raters used the 

QMOP accurately and consistently. To maintain acceptable interrater reliability, raters 

conducted calibration and consensus meetings to discuss disagreements in scoring 

because coding behaviour may change between and within individuals over time.

The bias aspect of the scoring inference (Assumption 1.3) was an area in which we 

identified supporting, but limited, evidence. The reliability statistics derived from inde-

pendent raters were satisfactory and the same two raters coded all lessons in the sample. 

Our use of consensus scoring from two raters ultimately mitigated the bias that could 

Figure 5. Distribution of cumulative QMOP and subscale percent scores for the sample of undergradu-
ate biology instructors (n = 15). The median score of the sample was 56%. The Teaching for Under-
standing subscale had the highest median score (75%). The Quantitative Reasoning subscale had 
the widest spread of scores from 19% to 94%. The boxes cover the interquartile interval, and the whis-
kers correspond to the lower and upper quartiles. The dots correspond to raw data. Instructors may 
overlap in a single dot. AI = Authentic Instruction, TU = Teaching for Understanding, QR = Quantitative 
Reasoning.
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arise from having one rater be the only person scoring a given instructor. However, other 

research projects may adopt the QMOP and use a pool of raters, potentially having indi-

vidual videos being scored by an individual rater. Potential scoring biases by individual 

raters remain unevaluated with the present data.

We found mixed evidence supporting Assumption 1.4. QMOP dimensions were 

theoretically derived, and we hypothesised that empirical evidence may also support 

the proposed dimensions. The dimensions were strongly correlated with each other 

(Table 5), which strengthens the assumption that they represent the domain of QM 

instruction but indicates a degree of overlap between the dimensions. Similarly, the 

internal consistency of the Teaching for Understanding and Quantitative Reasoning 

scales was satisfactory and suggests that scores derived from these scales signified the cor-

responding hypothesised dimensions of QM. The lower internal consistency of the Auth-

entic Instruction scale indicates that the associated items do not fully align with the 

underlying dimension. One of the items in the Authentic Instruction scale would be con-

sidered as a candidate for removal if additional data does not improve the internal con-

sistency of the scale. This item pertains to providing opportunities for students to observe 

or collaborate with experts such as researchers or organisations outside of the classroom. 

The item was intended to capture the instructional use of fieldwork or projects that are 

critical authentic learning experiences to the biological sciences (Fleischner et al., 2017). 

This instructional practice was rarely observed, although we have also indicated in the 

scoring rubric that virtual observations such as watching a video of research scientists 

at work would count as a nonzero score in this scale.

Second, we turn to the generalisability assumption. Based on the sampling frame and 

target population (Table 4), the results presented in this study apply to undergraduate 

biology instructors who reported their use of QM (Assumption 2.1). The recruitment 

process specifically required potential participants to self-identify that they use QM in 

teaching biology and demonstrate an understanding of QM instruction by selecting a 

target lesson that they teach with QM activities. Within the population of instructors 

who use QM in teaching biology, a range of QMOP scores can be observed to represent 

di�erences in QM instruction. Specifically, the results of the generalisability study show 

that suJcient variance lies at the instructor level as opposed to the rater (Assumption 

2.2). Although the generalisability assumption is supported by evidence, limitations of 

the generalisability study should be noted. In particular, the study did not consider 

sources of variance other than the rater such as the type of biology lessons observed 

by the raters, whether the lessons were prepared for introductory or advanced courses, 

and the number of observations per instructor (Lund et al., 2015; Sbeglia et al., 2021). 

Unexpected error is not suJciently accounted for, and the sample of observed lessons 

may not adequately represent QM instruction in a broader sense. Therefore, there is 

limited evidence on the generalisability of QMOP scores to study designs that di�er 

from the present study and evaluation of the validity assumptions across multiple 

implementation contexts is needed.

Third, we evaluate the extrapolation assumptions. Statistically significant correlations 

between the QMOP and other external measures were observed. Because the QMOP was 

designed from a framework that positions QM as a reform-based instructional approach, 

the QMOP and RTOP measure shared constructs. The high degree of positive correspon-

dence between the two instruments supports Assumption 3.1. The RTOP was also used 

18 L. LUCAS ET AL.



as a model instrument during the development phase of the QMOP. Similarities may be 

observed in the format and scoring rule, and items pertaining to student-centredness of 

instruction can be found in both instruments. QMOP di�ers from the RTOP principally 

on its Quantitative Reasoning scale that captures instructional practices that develop and 

support quantitative reasoning in undergraduate biology courses. All QMOP dimensions 

were strongly correlated with the RTOP, which was expected for the Authentic Instruc-

tion and Teaching for Understanding scales since they were mainly focused on general 

pedagogical approaches that were also described in the RTOP. The evidence that quan-

titative reasoning is also correlated with the RTOP supports the theoretical underpinning 

that QM is a reform-based approach to teaching biology.

If instructors incorporate QM in their biology lessons, a reasonable expectation is that 

their students gain knowledge and skills related to QM. Research studies have consistently 

shown that the quality of instruction experienced by students is an important school-related 

factor for their achievement (Hattie, 2009). We examined the correlation between instruc-

tors’ aggregate QMOP scores with the mean performance of their class in the QMBUGS 

assessment. The positive correlation between the two instruments suggests alignment 

between the QM activities described in the QMOP and the QM knowledge and skills 

tested in the QMBUGS assessment (Assumption 3.2). Although all the QMOP dimensions 

were positively correlated with student performance, only the Authentic Instruction scale 

was significantly correlated. This may point to the lasting impact of authentic instruction 

strategies on student learning (Mayo, 2010; Power, 2010). We also presented evidence 

that QMOP scores can be used to di�erentiate QM instruction (Assumption 3.3). 

QMOP scores can be used to di�erentiate groups of instructors based on the dimensions 

of QM prioritised in their implementation of biology lessons. Specifically, instructors 

who implemented a range of QM activities that encompass quantitative acts, quantitative 

interpretation, modelling practices, and meta-modelling (Group 2) scored higher in the 

QMOP compared to instructors who only used quantitative acts and quantitative interpret-

ations strategies (Group 1; Figure 3). Because the di�erence might only be due to the items 

in the Quantitative Reasoning scale in which instructors would receive nonzero scores for 

the application of modelling practices, we further investigated di�erences in performance 

across QMOP scales. Group 2 instructors scored higher than Group 1 in all QMOP dimen-

sions which suggests that instructors who integrate more QM activities also tend to 

implement higher level authentic instruction and teaching for understanding practices.

Finally, we evaluate the evidence to assess the implication assumption. In research 

question two, we asked how QMOP can be used to characterise QM instruction in under-

graduate biology. We argue that QMOP scores can be appropriately used to characterise 

QM instruction and identify QM dimensions that instructors incorporate in their lessons 

through a range of observed practices (Assumption 4.1). Normative data generated from 

the study cohort represents instructors who reported their use of QM in teaching biology 

and showed awareness about QM instruction. These instructors were aJliated with pro-

fessional biology education organisations that were used in creating a recruitment pool 

for this study. Instructors who already implement QM were targeted although the general 

population of biology instructors may possibly teach introductory biology classes without 

using a mathematical approach (Shekhar et al., 2014). Because of our sampling approach, 

we were able to observe modelling practices and meta-modelling activities that we 

expected to be present in classroom environments that emphasise QM. When we 
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examined the types of QM activities instructors implemented in their lessons, we 

observed that 60% of the instructors in our sample used modelling practices and 

meta-modelling practices (Group 2). The inclusion of these practices in their lessons 

di�erentiated these instructors from those who also teach quantitative biology using a 

range of activities that primarily cover quantitative acts and quantitative interpretation. 

QMOP scores reRected the di�erence between these two groups consistently across its 

subscales thus providing a way to characterise QM instruction in support of Assumption 

4.1. The result also supports the assumption that the hypothesised dimensions of QM 

contribute to the theoretical integrity of the instrument.

In summary, we argue that scores generated from the QMOP are meaningful for char-

acterising QM instruction. Evidence supporting the scoring assumptions indicated that 

raters can be trained to reliably use the instrument. QMOP scores were associated 

with reform-based instruction and with student performance in a test of QM knowledge 

and skills, which suggests that it may be used to explore connections between QM 

instruction and QM learning. QMOP scores can also be used to determine how 

biology instructors compare with the normative data provided in this study. Evidence 

presented in this study shows that QMOP scores can also di�erentiate instructors.

Future users of the instrument should consider the limitations of this study, particu-

larly the sources of error in how the data were collected. Using the QMOP in di�erent 

contexts such as live classroom observations, conducting multiple observations of a 

single instructor, and research designs that would involve a pool of random raters 

would introduce sources of variance that were not accounted for in this study. Future 

work should consider empirical derivation of the hypothesised subscales (e.g. factor 

analysis) and using a larger and broader sample of biology instructors to investigate if 

the QMOP results presented in this study are replicable across instructors, including 

instructors who do report using QM during their instruction.
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