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ABSTRACT 

 

 There has been a call to reform science education to integrate scientific thinking 

practices, such as data interpretation and modeling, with learning content in science classrooms. 

This call to reform has taken place in both K-12 science education through Next Generation 

Science Standards and undergraduate education through AAAS initiative Vision and Change in 

Undergraduate Biology Education. This dissertation work examines undergraduate students’ 

learning of multiple scientific thinking skills in a curricular format called Teaching Real data 

Interpretation with Models (TRIM) applied to a large-enrollment course in Cellular and 

Developmental Biology. In TRIM, students are provided worksheets in groups and tasked to 

interpret authentic biological data. Importantly, groups are tasked to relate their data 

interpretations to a 2D visual model representation of the relevant biological process. This 

dissertation work consists of two studies with the overarching question: How do students use 

model representations to interpret data interpretations? In the first study, we primarily describe 

how students learn to navigate and interpret discipline-based data representations. We found the 

majority of groups could construct quality written data interpretations. Qualitative coding 

analysis on group discourse found students relied on strategies such as decoding the data 

representation and noticing data patterns together to construct claims. Claims were refined 

through spontaneous collaborative argumentation. We also found groups used the provided 

model to connect their data inferences to a biological context. In the second study, we primarily 

target our analysis on how individual students relate their data interpretations to different 

modeling tasks, including student-generation of their own model drawing. I interviewed students 

one-on-one as they worked through TRIM-style worksheets. From iterative qualitative analysis 

of transcripts and collected video on hand movements, I characterize the forms of reasoning at 



8 

 

play at the interface of data and model representations. I propose a model at the end of Study 2 

describing three modes of reasoning in data abstraction into models. I found when relating 

between data and models, students needed to link signs in both representations to a common 

referent in the real-world phenomenon. Establishing this sign-referent relationship seemed to 

depend on bringing in outside mechanistic information about the phenomenon. Once a 

mechanism was established, students could fluidly move between data and model representations 

through mechanistic reasoning. Thus data abstraction seems to rely on mechanistic reasoning 

with models. The findings from this dissertation work support the feasibility of student 

development of multiple scientific thinking skills within a large lecture course, and provide 

targets for curriculum and assignment designs centered on teaching higher order reasoning skills. 
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CHAPTER ONE: INTRODUCTION TO THE STUDY 

 Only months ago I was at a wedding reception in St. Petersburg, Florida and at my table 

was a seventh grader reading the popular S. E. Hinton novel, The Outsiders. I asked her about 

her school and how she likes her science class. She replied that science seems interesting but it’s 

just memorizing facts. This was not the first time I had heard people describe science classes in 

this way. 

 Science is so much more than content and “facts” that as a practitioner of science I am 

even hesitant to use the word “facts” to describe science (hence the quotations)! Indeed, 

scientists learn established scientific concepts, but the core of scientific practice is building new 

knowledge through scientific processes. Science is both concept and process; thus, science 

classrooms should teach both. 

 Initiatives fueled by the science and science education communities encourage just that. 

Reforms such as the Next Generation Science Standards (NGSS) for K-12 education and Vision 

and Change in Undergraduate Biology Education (American Association for the Advancement 

of Science, 2011) lay out educational goals to teach scientific content alongside scientific 

thinking and reasoning skills. Theory-driven and evidence-based science education research is 

currently investigating how to integrate content and disciplinary skills in various learning 

environments. Studies explore all angles including research on teaching practices, professional 

development, curriculum and assessment designs, understanding student learning, and finding 

ways to overcome social and cultural barriers across all of the aforementioned areas. This 

dissertation focuses on student learning in the domain of molecular and cellular biology (MCB) 

at the undergraduate level and works to characterize the process by which students develop 
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expert-like scientific thinking skills to provide fruitful prospective targets for curriculum and 

assessment design efforts. 

 By virtue of being on a college campus, undergraduates have persistent access to 

scientists, with some students seeking out independent research opportunities on their own to 

develop scientific thinking skills. Yet not every science student has the opportunity to engage in 

independent research. Thus, there are ongoing efforts to increase undergraduate students’ access 

to authentic research experiences. In particular, course-based undergraduate research experiences 

(CUREs) have received much attention. Students participating in a CURE-style laboratory 

course collect and analyze data addressing an authentic research question being investigated at 

their institution, with the gold standard being that their efforts contribute to publishable work 

(Brownell et al., 2015). Implementing CUREs, however, requires a large time investment by 

research faculty and is typically resource-intensive, making them ill-suited to some institutions 

(e.g., large public universities and community colleges). Other approaches involve engaging 

students in authentic scientific thinking skills by tailoring the way that they engage with 

scientific content in lecture-style courses. Such undergraduate curriculums tend to use scientific 

primary literature as the stage for bringing the “world” of scientific research into classrooms 

(Hoskins, Stevens, & Nehm, 2007; Kozeracki, Carey, Colicelli, Levis-Fitzgerald, & Grossel, 

2006; Stevens & Hoskins, 2014). For example, the CREATE method takes students through a 

step-by-step, in-depth examination of a chronological sequence of papers covering a related 

theme across the semester; students are assigned tasks such as concept mapping, drawing out 

specific experimental setups, and proposing future directions. Other methods take a data-figures-

centric approach (Round & Campbell, 2013) or train students to break down papers based on 

rhetorical moves (Van Lacum, Ossevoort, & Goedhart, 2014). Collectively, examining primary 
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literature gives students access to common experimental methodologies and practice with 

scientific thinking skills such as data interpretation and critical thinking. Many of these curricula, 

however, are designed for small classes or are offered as elective courses. It is important to scale 

up such curricula to larger, required courses to increase student access to authentic scientific 

practices while learning core content. A curricular format that integrates content and scientific 

thinking skills called Teaching Real Data Interpretation with Models (TRIM) was designed by 

Dr. Molly Bolger and implemented in a large enrollment MCB course taught by Dr. Bolger and 

Dr. Lisa Nagy at the University of Arizona (Zagallo, Meddleton, & Bolger, 2016). My 

dissertation work takes place in this TRIM setting. 

 Similar to the undergraduate curricula described above, in TRIM, weekly worksheets that 

contain isolated key data figures from scientific journals are provided to student groups. Yet 

unlike other curricula centered on scientific primary literature, TRIM worksheets include a 2D 

visual model of the relevant biological process and task the students to relate their data 

interpretations to the provided model (Zagallo et al., 2016). The TRIM worksheets are related to 

material within a unit, where the provided model refers to a particular topic within the unit. 

Through worksheets, students gain practice with data interpretation tasks. Student groups receive 

written feedback on their worksheets after submission to improve learning outcomes. The 

models provide more than a reinforcement of the content. Reasoning with models, or model-

based reasoning (MBR) is the primary way scientists process and make sense of the world 

(Dunbar, 1999; Nersessian, 2008). A scientific model represents a phenomenon of interest in any 

form such as 2D images, 3D simulations, diagrams, etc. Scientists rely on models to explore 

phenomena because models are relatively easy to manipulate to generate and test hypotheses. 

Models are also used in scientific practice to organize and communicate ideas. Thus, TRIM 
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provides a classroom opportunity for students to engage in discipline-based data-model 

reasoning. 

 The purpose of this dissertation work is to better understand how students learn scientific 

thinking skills and how they learn such skills in large lecture courses that are designed to 

integrate core content and practice. I studied TRIM students’ strategies and challenges when 

learning data interpretation skills, and outlined how models can be used to support these skills 

along with other disciplinary practices including mechanistic reasoning and various aspects of 

MBR. In study 1, I analyzed student group dialogue during class and focused on how data 

interpretation skills developed. In study 2, I analyzed individual student reasoning during clinical 

think-aloud interviews, and focused on the reasoning types that students employed to relate data 

and model representations.  

 In study 1 (published in CBE-LSE in the Summer 2016 edition), we found that groups 

could collaboratively construct quality data interpretations as measured by the presence of valid 

data inferences and connections to some biological context. Often times, students relied on their 

group as a resource to decode features--such as symbols, lines and labels--within the data 

representations. In addition, students collaboratively pointed out patterns in the data 

representations to make claims about instead of individually internalizing data patterns and 

claims. I found as a challenge, students focused on irrelevant features or patterns that would 

distract the group’s attention away from building productive claims, based on relevant data 

patterns. Fortunately, given the group context, we sometimes found group members could 

redirect attention back to an important pattern. Once groups established a consensus on which 

pattern to focus on, claim building from that pattern was also strikingly collaborative. We found 
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students co-constructed an argument for what the data figure was showing by engaging in 

spontaneous argumentation.  

Argumentation is the dialogical process of developing an argument, defined as claim and 

evidence connected by a rationale (Driver, Newton, & Osborne, 2000). Argumentation in science 

classrooms is largely studied at the K-12 level, where it is commonly thought to be difficult to 

elicit and requires some level of instructional support (Duschl & Osborne, 2002; Osborne, 

Erduran, & Simon, 2004). In light of this, we were surprised to find argumentation emerge in our 

TRIM setting because we did not explicitly elicit it in the worksheets nor did instructors discuss 

how to make an argument. This could suggest that a data-model context elicits argumentation, 

which has been theorized previously by Passmore and Svoboda in their Practice Framework 

(Passmore & Svoboda, 2012). Alternately, our findings could suggest that undergraduates’ 

dialogue in science courses more generally contain evidence-based claims. Analysis of 

undergraduates’ in-class dialog is vastly lacking in the literature, though Knight and colleagues 

also found evidence of argumentation by their undergraduates when discussing clicker questions 

in groups (Knight, Wise, & Southard, 2013). Thus, as more studies in undergraduate biology 

education implement this method of analysis, perhaps we will find that undergraduate dialogue 

contains evidence-based reasoning in a variety of contexts.  

 A closer look at how groups used the provided model on TRIM worksheets revealed that 

it was used primarily to add a biological context to the data claims. This manifested in one of 

two ways in the group classroom discourse. Student groups related biology from the model either 

during their claim building dialogue for what the data shows or at the end after arriving at a final 

claim about the data. In Study 2, we further explored how students use models to think about 

authentic biological data. We recruited 30 TRIM students to participate in one-on-one think 
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aloud interviews. Audio, video, and written artifacts were collected. The interviews consisted of 

students working on two problem sets similar in design to the TRIM worksheets except a model 

drawing component was added and the topics were novel to students (in the area of microbiology 

and immunology, which  draw on various cell biology themes). From case studies and coding of 

student model drawings, I proposed a model that explains how mechanistic reasoning is utilized 

to support students’ abstraction of data into models. 

 For Study 2, instead of integrating multiple scientific reasoning strategies into a single 

conceptual framework, I used a multiple external representations (MERs) approach to frame my 

analysis of how students coordinate model and data representations. The vast majority of MER 

literature focuses on the processing limits of the human mind (e.g., cognitive load theory) for 

learning in multimedia representational settings (Mayer, 1997). However, I drew on the 

organizational framework by Ainsworth that outlines the functions of MERs for learning, 

particularly how MERs function to promote abstraction. I also drew from Latour’s theory for 

how MERs function in science practice. Together, Ainsworth’s and Latour’s theories inform 

Study 2’s analysis. I propose a model in which I describe three reasoning modes for how 

students abstract data into models. In the first, students linked features in the data to features in 

the model representation (either provided or self-generated). In this case, the representational 

features or “signs” did not signal to or have referents to the real-world phenomenon. Instead, the 

model signs were linked to the data signs, as if the data was the referent and not the real-world 

phenomenon. We called this reasoning mode “Data Representation as the Referent.” The next 

reasoning mode consisted of students bringing in mechanistic information about the phenomenon 

which helped the begin to establish a referent in the real-world to connect the data signs to. We 

call this mode, “Phenomenon as the Referent” and it was dynamic with students spontaneously 
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cueing and bringing in outside mechanistic information of the phenomenon. Once students 

established a mechanism that spanned the data and model representations, that is, when 

something in the data could be causally and mechanistically linked to something in the model or 

vice versa, then fluid bidirectional transfer of ideas between data and model representations 

occurred. We see students then utilize mechanistic reasoning to simulate the model to generate 

new states or novel mechanistic hypotheses related to the data given in the problem set. 

 There are many studies on science curricula involving data and model cycles (Brewe, 

Sawtelle, & Durden; Lehrer & Schauble, 2002; Mendonça & Justi, 2013; Schwarz et al., 2009; 

Svoboda & Passmore, 2013). The importance and contribution of Study 2 of this dissertation is 

seen in the depth that the qualitative analysis goes into characterizing complex coordination of 

discipline-based reasoning at the interface of data and model representations. If we aim to bring 

students into the culture of scientific thinking practices in classrooms, it is important to begin to 

analyze various domain-specific reasoning skills as they occur together to best explain how they 

can support each other in student thinking. Further, reliable assessment items that assess 

students’ higher order thinking skills during complex problem solving tasks are relatively hard to 

come by and difficult to design, especially for large-enrollment courses that ubiquitously use 

multiple choice formats to lessen grading loads. In-depth studies such as Study 2 of this 

dissertation work, which examines students’ learning of complex reasoning, may provide 

educators and curriculum designers tools to fine-tune instruction and provide groundwork and 

theory for further assessment design. 

 My dissertation work supports a primary role for using models in science classrooms to 

support development of scientific thinking skills. Models are well established thinking tools for 

students (Clement, 2000; Gobert & Buckley, 2000; Lehrer & Schauble, 2006; Schwarz et al., 
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2009; Stewart, Cartier, & Passmore, 2005; Svoboda & Passmore, 2010; Windschitl, Thompson, 

& Braaten, 2008). Yet, as multipurpose tools, it is important to distinguish among their many 

uses to unlock their potential for designing model-based instruction for specific reasoning skills. 

From the studies herein we found that models can be used as tools for students to connect their 

data interpretations to biological concepts. We found that models can be used in conjunction 

with data representations to promote students’ abstraction of data into abstract mechanistic 

schemas in MCB. Finally, my dissertation work strongly supports the purposed use of models to 

help students develop and practice coordinating multiple scientific thinking skills, including 

mechanistic reasoning, generative reasoning, and components of MBR such as visual modeling, 

analogical modeling, and simulative modeling. These findings can be used to inform future 

curriculum designs and help develop much-needed assessment items that target higher-order 

thinking skills. 

 

 This dissertation is formatted as a paper collection. Both studies are summarized in more 

depth in Chapter 2 with full manuscripts provided as appendices. In Chapter 3, I discuss common 

themes between the two studies, their implications, and overall future directions. 
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CHAPTER 2: SUMMARY OF STUDY FINDINGS 

 For Chapter 2, I briefly summarize the key findings from Study 1 and Study 2. The 

complete works are provided as appended papers within this dissertation. 

 

Appendix A: Teaching Real Data Interpretation with Models (TRIM): Analysis of Student 

Dialogue in a Large-Enrollment Cell and Developmental Biology Course 

Zagallo, P., Meddleton, S., & Bolger, M. S. (2016). Teaching Real Data Interpretation 

with Models (TRIM): Analysis of Student Dialogue in a Large-Enrollment Cell and 

Developmental Biology Course. CBE-Life Sciences Education, 15(2), ar17.  

  

 Study 1’s data was collected over 2 academic years as audio recordings of groups 

completing the in-class worksheets. In the last year of data collection, scanned worksheets were 

included for analysis. Since individual students tend to think out loud or elaborate thoughts in 

order to communicate with their group members, the audio recordings captured natural behaviors 

as students learned data interpretation skills. For analysis, we transcribed the audio into text and 

searched for common patterns for how groups approached the data figures. We categorized these 

patterns and themes to develop a systematic coding scheme of the strategies and challenges 

groups encountered. We applied the scheme to the transcripts to allow us to find quantitative 

trends. We found students collaboratively decoded the labels, lines, symbols, etc. of the data 

representations in 89% of the transcripts (n=55) and collaboratively found patterns in the data 

representations in 98% of the transcripts. Though decoding and noticing patterns were common 

outcomes, the degree of group effort required to reach those outcomes demonstrates the various 
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layers that go into data interpretation tasks that experts perform relatively instantaneously. We 

found that a challenge for student groups interpreting data figures was determining which pattern 

to focus on, with groups focusing on irrelevant or distracting patterns in 20% of transcripts. 

However, in 5% of transcripts, a group member diverted attention away from the distraction, 

again demonstrating the groups’ capacity to be a resource for learning data interpretation skills. 

Interestingly, we found that students spontaneously engaged in argumentation. Argumentation is 

the process of developing an argument (a claim with evidence as backing) through dialogue. This 

was surprising to us because existing literature on student argumentation in K-12 science 

classrooms suggests it needs instructional support to occur (Duschl & Osborne, 2002; Osborne, 

Erduran, & Simon, 2004). Yet here, argumentation was elicited even without prompting on the 

worksheet or by the instructor, and was common (82% of transcripts). This suggests that data-

model settings can be used to support the practice of argumentation, an important disciplinary 

skill. Once again, the degree of group collaboration was striking. Arguments were often co-

constructed, with one student stating the claim and another providing the evidence for that claim. 

It was less common for a student to provide a claim with evidence that was countered by another 

student with a different claim with evidence. Thus, argumentation here was primarily a 

“sensemaking” tool rather than a “persuasive” tool to interpret data (Berland & Reiser, 2009). 

Finally, we measured the quality of groups’ written data interpretations on the worksheets where 

quality was scored both for the presence of valid data inferences and for their connection to a 

biological context. We found that the majority of groups constructed quality data interpretations 

(n=133 total group responses). This suggests that students may be using the provided biological 

model in a productive way. Indeed, qualitative and quantitative analysis on group dialogue 

indicated productive model use in 59% of data figure discussions (n=104). We characterized 
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productive model use as using the model to 1) expand the biological significance of the data 

inference either during or after the claim building process, 2) understand the experimental setup, 

or 3) answer questions about the biological process represented in the model. In conclusion, 

study 1 provides evidence for the feasibility of integrating authentic scientific process skills (i.e., 

data interpretation, argumentation, and modeling) alongside core content in large lecture courses. 

In study 2, we further explore the nature of individual student reasoning between data and model 

representations. 

 

Appendix B: Coordinating multiple representations in molecular and cellular biology: 

students’ use of mechanistic reasoning to bridge data and model representations 

Manuscript Prepared for Submission to Science Education. 

 

 In Study 2, we explore in-depth how TRIM students use models to think about authentic 

data in molecular and cellular biology (MCB). Our specific research questions were: 

1) What characterizes the data interpretations in this data-model setting? 

2) How do students relate meaning between data and model representations? 

 We recruited 30 TRIM students to participate in one-on-one think aloud interviews. As 

an expert comparison, we also interviewed 10 senior graduate students and postdocs from 

various sub-disciplines of biology. Audio, video, and written artifacts were collected. The 

interviews consisted of students working on two problem sets similar in design to the TRIM 

worksheets except a model drawing component was added. Each problem set consisted of three 

data figures. All interview participants were tasked to interpret each data figure out loud and 

provide their final data interpretation verbally. After each data figure interpretation conclusion, 
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students were given a modeling task to either relate their data interpretation to a provided model 

or to draw a model from the data. Students were randomly assigned to either task. The topics 

were in the area of microbiology and immunology, which were novel to the TRIM students but 

draw on cell biology themes. To answer RQ1, we developed a coding scheme to characterize the 

features of data interpretations using experts’ responses. The scheme contained a list of key 

points that experts mentioned while interpreting each data figure (total of 21 points for both 

problem sets). We post-hoc organized the points into three categories. The first category referred 

to key points that described literal patterns in the data, labeled “Literal pattern.” The second 

category referred to the basic causal inferences that can be deduced by the experimental setup, 

labeled “Basic inference.” The third category referred to points about the biology of the data 

patterns and inference, labeled “Biological connections.” We applied the scheme first to 

students’ verbal data interpretations and then to all dialog during the model task. Applying the 

scheme separately allowed us to compare which key points were newly mentioned in the model 

task for prospective analysis. Coding results revealed more of the “Literal pattern” and “Basic 

inference” points occurred in students’ data interpretations (both categories M=63% of coded 

points) than during their modeling task (M=40% and M=43% respectively). This suggests 

students’ data interpretations stay closely tied to ideas immediately present in the data 

representation. The “Biology” points were comparable in the data interpretation (M=23% of 

coded points) and model task (M=26%), suggesting that biology-specific points about the data 

representations are challenging to make, even during an explicit model task. To answer RQ2, we 

used the coding results to locate instances in which data-model reasoning might be likely to 

occur. We directed further qualitative analysis on these instances. Specifically, we focused on the 

model task discussions that contained newly coded data interpretation points not made by the 
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student prior to the model task. This included 40 data figure discussions, making up 32% of the 

total data figure discussions in the model task (n=156). Two researchers watched the video for all 

instances and noted themes, followed by one researcher transcribing instances and investigating 

cases further. Combining pre-existing theories of abstraction with multiple representations in 

classrooms (Ainsworth, 1999) and in science practice (Latour, 1999), we described three 

reasoning modes for how student abstract data into model representations. The first reasoning 

mode consists of students linking signs in the data to signs in the model representation. However 

these students did not link these representational signs to a real-world phenomenon. In science 

practice, scientists construct representations all the time, but must tie them back to some reality. 

That is, scientific representations refer to or have referents to the target real-world phenomenon. 

Instead, we found some students used model signs with referents to the data representation. We 

called this reasoning mode “Data Representation as the Referent.” We found students moved 

towards building the phenomenon as the referent when they began to add and build mechanistic 

information about the phenomenon. For example, adding prior knowledge about the properties of 

certain entities that allow for certain actions or behaviors to come about. We called this 

reasoning mode, “Phenomenon as the Referent.” In the last reasoning mode we describe, we 

found students could connect representations through mechanistic relations, allowing fluid back-

and-forth transfer of knowledge between model and data representations. We called this mode a 

“Mechanistic Bridge.” To continue to answer RQ2, we examined students’ data-based model 

drawings. We first scored the range of drawing types by their format from verbal to visual and by 

their level of abstraction. A chi-square test was performed and no relationship was found 

between abstraction and format scores (X2 (4, N=59) = 8.090, p = 0.088). This suggests that 

data-based student drawings can have high abstraction independent of format. We also compared 
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students’ average drawing scores to their data interpretation quality scores. We found a positive 

correlation between drawing Abstraction scores and the “Biological connections” category 

scores (R2=0.466, p=0.010), but no correlation between drawing Abstraction scores and the 

combined “Literal pattern” and “Basic inference” scores, (R2=0.010). This suggests biology-

specific points are connected to abstract drawings. Taken together, we found individual students 

can engage with and coordinate multiple scientific reasoning skills, including mechanistic 

reasoning and model-based reasoning. This fine-grain analysis provides targets for curriculum 

and assessment designs supporting complex scientific reasoning skills in undergraduate students. 
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CHAPTER 3: DISCUSSION, IMPLICATIONS AND FUTURE DIRECTIONS 

 

DISCUSSION 

 Constructing, understanding, and communicating ideas occur through exchanges of 

external representations in any format (linguistic, formulaic, etc.). Science is no exception: 

coordinating scientific representations is quite a necessary skill for scientific practice. This 

dissertation work explored how undergraduate students in MCB develop various scientific 

thinking skills through instructional practice with interpreting and understanding representations 

in cell biology under the curricular format called TRIM. Three major themes seemed to emerge 

from the two studies; these themes are discussed below. 

 The first theme is that base level data-model reasoning involves students using models 

not as a representation of reality, but as an extension or re-representation of the data. 

Progressively, students move away from the back and forth transfer of information limited by the 

representations and consider a third realm, that of an outside reality where a phenomenon exists. 

As such students begin to establish links from the representational signs to a referent in the real 

world. Moreover, perhaps because the studies were conducted in MCB where biological models 

are tightly bound to spatiotemporal, multilevel mechanistic relationships (Machamer, Darden, & 

Craver, 2000; van Mil, Boerwinkel, & Waarlo, 2013), establishing sign-referent relationships 

between representations and reality meant building mechanism. In Study 1, we found that when 

student groups related data interpretations to the provided model on the TRIM worksheets, it 

meant adding biological significance or context to the data inference during or at the end of 

claim building. This same phenomenon occurred in Study 2 with individual students even when 

students were asked to draw a model instead of being provided one. In Study 2, we found this 

biological information students were adding were for the purpose of building a mechanism. That 
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is, students brought in relevant entities and discussed their properties and activities that could 

give way to behaviors and outcomes in the data representation. Thus, curricula engaging students 

in data-model representations should expand the task to not necessarily be for students to 

construct or have an accurate model, but for students to construct and have a thread or bridge 

along which to reversibly transfer knowledge between data and model representations. We 

propose that this type of connection will help students make sense of the biology they are 

studying and learn to reason with data. 

 The second theme that emerged from the studies is that tasking students to relate data 

interpretations to models in the TRIM setting was essentially tasking students to develop varying 

levels of abstraction of the data representations. In Study 1, we saw this phenomenon when 

developing our emergent coding scheme for measuring the quality of groups’ written data 

interpretations on the TRIM worksheets. We found that the best way to capture the range of data 

interpretation quality was through two scales: “validity” and “generative” which we developed as 

3-point scales. The “validity” scale scored groups’ responses on the presence of valid key points 

that we identified per data figure, where 1 indicates no key points found and 3 indicates all key 

points found in the response. The “generative” scale scored groups’ responses for the ability to 

move beyond the immediate features of the data representations, where 1 referred to responses 

with only literal patterns and 3 referred to responses with biology or ideas not present in the data 

representations. We found we needed to add a level four to our “generative” scale, because some 

group responses went so far beyond the data representations that they included hypotheses that 

would require further experimentation. The “generative” scale was essentially an abstraction 

scale, from literal to abstract. In Study 2, we also developed a coding scheme to characterize the 

features of individuals’ data interpretations of the novel interview problem sets. However the 
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process of developing the coding schemes differed in the two studies. For Study 2, we made a 

list of key points that experts said while interpreting the data figures. We did not have a 

“generative” 3 point scale but post-hoc analysis of the list of key points demonstrated that they 

could be categorized along an abstraction scale as well, from “Literal pattern” points to 

“Biological connection points.” Therefore, in both studies, emergent coding schemes 

characterizing TRIM students’ data interpretation revealed a literal to abstract dimension. From 

Study 2, we suggest students abstract data representations into model representations through 

mechanistic reasoning. Perhaps this explains why, in Study 1, in order to fully capture the 

breadth of groups’ TRIM worksheet responses, we needed to extend our “generative” 3 point 

scale to include a level 4 describing responses that expanded the mechanistic chain beyond the 

data representations to propose testable hypotheses. 

 The third theme I discuss is one I do not elaborate on in the studies of this dissertation but 

came up in the analysis from both studies. We report that students either in groups or 

individually could arrive at quality data interpretations that contained valid inferences and 

connections to a biological significance, but surprisingly these same students often seemed to 

understand little about the details of the experimental setup. TRIM students do not engage in 

complete data-model revision cycles in the sense that they do not develop hypotheses in their 

model representations, test those hypotheses, interpret and integrate their findings into the same 

working model to develop additional hypotheses, etc. Instead TRIM students engage only with 

the data interpretation portion of the modeling cycle and learn the skill of interpreting authentic 

data in meaningful ways. Therefore, perhaps knowing details of the experimental setup is not 

necessary for TRIM students if their only task is to engage with the data interpretation portion. In 

may be fruitful to explore targeted learning outcomes then for data-model curricula. For instance 
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the CREATE method, is extensive and provides students the embodied experience of the 

experimental process along with the data interpretation portion so students engage with the data-

model revision cycle more completely.  In contrast, the TRIM curricular format centers on 

interpreting and coordinating multiple data representations, thus format and operator information 

(Ainsworth, 2006), that is, decoding the format features such as symbols and lines and knowing 

what this kind of experimental result can be used for, may be sufficient for supporting 

interpretations of the representations. 

 

INSTRUCTIONAL IMPLICATIONS 

 The first theme above discussed how students use models as biological contexts for data 

in this data-model instructional setting. Perhaps instructors can make this finding more 

transparent for students. For instance, instructors can explain the difference between logically 

determining a causal inference from the data representation versus transporting that inference 

into a biological context. Perhaps instructors can even model the steps for how this occurs. For 

example, instructors can demonstrate the different reasoning modes we present in our model 

from Study 2. 

 The second theme above discussed data and model relation as varying levels of 

abstracting data representations. Perhaps, instructors can create and provide students grading 

rubrics along this abstraction continuum, similar to the coding schemes we developed to score 

data interpretation quality in both studies. In this way, students and instructors can communicate 

via the grading rubric about what goes into a high quality data interpretation. In addition, my 

dissertation work suggests the “nature” of data interpretation process is abstraction. This is 

helpful because generic assessment items can be developed asking students to evaluate a 
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provided set of data interpretations by choosing which abstraction level (1-4) best applies. This 

could be less time consuming to grade compared to tasking students to provide their own data 

interpretation in a short or long response assessment item. 

 The third theme above discussed the TRIM curricular format as targeting just the data 

interpretation portion of the data-model revision cycle as it is practiced in science. If so, perhaps 

instructors can direct instruction or develop scaffolds on 1) how to decode features of data 

representations (although Study 1 suggests students seem to be able to do this sufficiently at the 

group level) and 2) what this type of experiment that produced the data representation can be 

used for. However teaching format and operator knowledge is complex when working with a 

representation within a domain (Ainsworth, 2006). Even if a representation is domain-general 

such as a graph, how the graphical information is operationalized depends on the field 

(Ainsworth, 2006). For example, in a study by Leinhardt et al, students had the format and 

operator knowledge for interpreting graphs, however, when the students attempted to interpret 

the velocity from a distance-time graph, they focused on the height of the lines instead of the 

relative gradient of the lines (Leinhardt, Zaslavsky, & Stein, 1990). 

 Study 1 of this dissertation demonstrated one challenge of learning to interpret authentic 

data figures in groups is claim building on irrelevant patterns. Therefore caveats still exist even if 

instruction only targets format and operator information in the data representations. We found an 

example of this in Study 2 with an immunofluorescence (IF) image in the second interview 

problem set. Students reported they knew IF experiments are used to localize proteins, but they 

could not decode what “puncta” meant even when given the information in the data figure legend 

that puncta are “dots.” To students, any feature that resembled a dot in the IF image was 
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interpreted as puncta. Therefore, it is difficult to teach or predict what extent of format and 

operator knowledge is relevant to interpret data representations. 

 From Study 2, we could not detect any differences in students’ data interpretations 

between using provided models and drawing their own. However, instructional choice for 

providing models or tasking students to draw their own may serve different purposes. Perhaps 

tasking students to draw as formative assessments could provide useful information to the 

instructor on the level of students’ data abstraction process. For instance, scanning student 

drawings not for “accuracy” but for how much drawings appear to tell a mechanistic story. 

Alternatively, providing models to students may be useful because all the accurate information is 

offered at once. However our studies suggests students can still animate model features literally 

and make inaccurate connections to data representations. Thus instructors should not take for 

granted how accurately students will interpret information on instructionally provided models. 

 

FUTURE DIRECTIONS 

 Although our reported research questions in Study 2 did not compare between provided 

models and student-generated models, one future direction could be to better explore quantitative 

and qualitative differences. In addition, the reported studies here did not compare students’ data 

interpretations without a model task. Therefore another future study could compare students’ 

development of data interpretation skills with and without a model task to reveal advantages and 

disadvantages of both approaches. Another future study could explore the extent of experimental 

knowledge that is needed to interpret authentic biological data, testing the hypothesis that format 

and operator knowledge of the data representations that is, knowing how to decode the symbols, 
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lines, etc. and what the experimental result is used for  may be sufficient to construct quality data 

interpretations. 

 Conveying to students the ‘nature of science’ is still a challenge in model-based 

instruction, even in curricula that has data-model revision cycles (Schwarz et al., 2009; Smith & 

Wenk, 2006). For instance, as part of science practice, researchers may use the concepts in a 

well-established historical model of some phenomenon, but they do so with the underlying 

assumption and expectation it will someday change, even if that change happens well beyond the 

lifespan of the researcher. When moving into a classroom culture, instructors may use that same 

historical model and the concepts in it as the knowledge to be conveyed in that current ‘now’ of 

the classroom. In this way, a model representation is regarded more as a static, snap-shot view of 

the world than as a dynamic, ever-changing representation. When teaching with models, it is a 

challenge to overcome classroom cultures to promote scientific epistemological views. It would 

be interesting to explore TRIM students’ perspectives on the ‘nature of science’ to gain insight 

on how and why students develop their epistemological views about models. 

 Lastly, since Study 2 suggests an abstraction process when coordinating data and model 

representations, one hypothesis to test is that students construct deeper understanding from this 

abstraction, of the scientific concepts within the data and model representations (Ainsworth, 

1999; Ainsworth, 2006). Our results from Study 2 where students are given both data and model 

representations suggests this has occurred qualitatively. However, further investigation is needed 

to demonstrate that students’ “deeper understanding” has occurred. For instance, it would be 

interesting to measure learning gains in conceptual understanding under this TRIM curricular 

format that trains students to coordinate and abstract MERs in biology. In this way, one could 

also test the hypothesis that instruction targeting scientific reasoning skills (as I have 
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demonstrated through my dissertation work that TRIM curricula supports for students) could also 

support content development as well. We have found tracking learning gains in this TRIM 

setting to be quite difficult because of the noise created by the dynamic nature of students’ 

development of these reasoning skills. Therefore, a future study could be to qualitatively track a 

small group of students across a semester through mini case studies. Alternatively, to move away 

from small sample sizes, another study could be to develop and validate an inventory of 

assessment items that can be applied to large sample sizes to quantitatively track reasoning 

patterns over time or how reasoning patterns correlate with content development. Also 

Ainsworth discusses functions of MERs other than “constructing deeper understanding.” For 

example, another function of MERs is for learners to use a familiar representation in order to 

constrain their interpretation or understanding of an unfamiliar representation. It would be 

interesting to examine how the model representation may constrain the interpretation of the data 

representations. 
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ABSTRACT 

 We present our design for a cell biology course to integrate content with scientific 

practices, specifically data interpretation and model-based reasoning. A two-year research 

project within this course allowed us to understand how students interpret authentic biological 

data in this setting. Through analysis of written work, we measured the extent to which students’ 

data interpretations were valid and/or generative. By analyzing small group audio recordings 

during in-class activities we demonstrated how students used instructor-provided models to build 

and refine data interpretations. Often, students used models to broaden the scope of data 

interpretations, tying conclusions to a biological significance. Coding analysis revealed several 

strategies and challenges that were common among students in this collaborative setting. 

Spontaneous argumentation was present in 82% of transcripts, suggesting that data interpretation 

using models may be a way to elicit this important disciplinary practice. Argumentation dialog 

included frequent co-construction of claims backed by evidence from data. Other common 

strategies included collaborative decoding of data representations and noticing data patterns prior 

to making interpretive claims. Focusing on irrelevant data patterns was the most common 

challenge. Our findings provide evidence to support the feasibility of supporting students’ data 

interpretation skills within a large lecture course.  
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INTRODUCTION 

Current undergraduate STEM education reform efforts include a significant focus on 

teaching students to engage in scientific thinking, not merely learning the facts that result from 

science. Reform documents at the undergraduate level, such as Vision and Change in 

Undergraduate Biology Education (AAAS, 2011), call for students to be able to “apply the 

process of science” and “use modeling and simulation”. Likewise, the medical community is 

promoting similar ideas with the recent release of a reformatted MCAT exam that will test 

students on “reasoning about scientific principles, theories and models”, “using, analyzing, and 

interpreting data in figures, graphs, and tables”, and “identifying conclusions that are 

supported by research results” (MCAT 2015, online materials). A similar trend is also occurring 

in pre-college science classrooms. Backed by numerous empirical accounts of classroom designs 

that engage students in more authentic science (summarized in Duschl, Schweingruber, & 

Shouse, 2007), the K-12 community has now rallied around the Next Generation Science 

Standards (NGSS), which lay out a plan for integration of specific scientific practices with key 

ideas in science. Though most agree that such shifts in the teaching and learning of science are 

necessary, many questions remain about the most practical and effective ways to implement such 

change and about how the resultant process of learning may be affected by re-design of 

classrooms, particularly at the undergraduate level. 

As a response to calls for change, an increasing number of biology instructors have 

designed courses and teaching approaches that aim to bring undergraduate students in closer 

contact with authentic science, often through examination of primary literature. For example, the 

CREATE method, which includes a step-by-step cycle in which students examine portions of a 

set of related papers, has been shown to positively impact students’ critical thinking skills and 
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their confidence in their own data interpretation skills (Hoskins, Stevens, & Nehm, 2007; 

Hoskins, Lopatto, & Stevens, 2011; Stevens & Hoskins, 2014). Other instructional interventions 

have suggested approaches such as focusing on data figures (Round & Campbell, 2013), 

teaching students to identify rhetorical moves within articles (Lacum, 2014), and pairing of a 

literature-based seminar with laboratory research (Kozeracki et al., 2006). In addition to 

examination of primary literature, a small number of undergraduate instructional interventions 

have directly targeted inclusion of “disciplinary practices”, such as argumentation and use of 

models (Brewe, 2008; Svoboda & Passmore, 2010; Walker et al., 2012).  

In almost all cases, the courses described enrolled a relatively small number of students 

and were focused primarily on teaching students scientific skills. Another approach is to 

integrate learning of data interpretation skills within content courses throughout the biology 

major. At most institutions this would necessitate the addition of disciplinary practices to 

existing large enrollment courses, which poses potential practical challenges. However, the 

potential benefits of integrating scientific skills and content in a larger number of courses include 

fostering deeper understanding of biology concepts and exposing a greater number of students to 

the nature of how scientific knowledge is created. This paper describes research within a large 

enrollment cell and developmental biology course, which utilizes a novel instructional approach 

to integrate core biological ideas with interpretation of authentic biological data through the use 

of biological models. Thus the course is designed to help students develop skills for two 

scientific practices: use of models and data analysis. 

Background 

Interpreting Data with Models:  Models are an important way scientists mentally process 

and make sense of their work (Dunbar, 1999; Nersessian, 2008). For biologists, the term “model” 
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can refer to physical models (for example a mouse model of cancer), computational models (for 

example a mathematical model of a gene regulatory network), or mental models (the working set 

of causal interactions for any system that is the focus of a scientist’s research). Mental models 

are often made explicit in external representations such as pictures, diagrams, videos, equations, 

etc. These external representations of mental models are the focus of our current work, 

specifically how students use instructor-provided biological models from textbooks and primary 

literature to interpret data. Passmore et al. have proposed the “Practice Framework” which 

describes how scientists explain natural phenomenon through data collection and/or 

experimentation, in order to identify data patterns used to construct models (Passmore, Stewart, 

& Cartier, 2009). Scientific understanding of natural phenomena are hence embedded within, 

and inseparable from models. In addition to providing insight into the scientific process, the 

“Practice Framework” has been applied to methods of learning in science classrooms 

(Campbell, Oh, & Neilson, 2012; Neilson, Campbell, & Allred, 2010; Passmore & Svoboda, 

2012). Several studies have suggested that employing modeling practices in science classrooms 

engages students in the scientific thinking regularly practiced by scientists and offers students the 

opportunity to understand the nature of knowledge (Lehrer & Schauble, 2006; Stewart, Cartier, 

& Passmore, 2005; M. Windschitl, Thompson, & Braaten, 2008).  

Models are useful for scientists and students because they represent real-world 

phenomena in easily manipulative, comprehensible ways. They allow for mental simulations of 

the causes and effects in a system, much like running a “movie in the head” with the privilege of 

‘pausing’ or ‘rewinding’ (Nersessian, 2008). Model practices include constructing, evaluating, 

revising, and using models to ultimately make-sense of natural phenomena and to make 

predictions about those phenomena. To utilize modeling practices, one must form or recognize 
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ways in which the model relates to the natural phenomena. This link between model and 

phenomena often contains multiple levels of abstraction in the form of successive 

representations. For example, Bruno Latour described how a botanist constructed an explanation 

of the vegetation dynamics in the Amazon Rainforest (Latour, 1999). When collecting soil 

samples, the botanist recorded its location and matched its color using a standardized color scale. 

In this process, the “lump of earth” became represented as x, y-coordinates and a discrete color 

code. This information then became represented as a specific data point in a diagram with other 

data points, where patterns could more easily emerge. The diagram then became represented as a 

figure in a scientific paper. In order for the botanist to construct an explanation of the Amazon’s 

soil, the actual soil had to transcend a series of representations, each displaced further away from 

the original/natural source.  

Scientific explanations are not constructed directly from the real-world event, but instead 

instantiated through meaningful symbols, codes, and other representational forms. Importantly, 

for any representation to have meaning, one must interpret its meaning (Greeno & Hall, 1997); 

some meanings though, in the perspective of a community, are conventional and shared. The 

data interpretations scientists make feed directly into their model of the natural phenomenon. The 

integrity of the model is upheld because the model must be consistent with the data collected 

about the phenomenon. However an important feature of models is that they do not perfectly 

match real-world phenomena. In many ways this absence of realism can serve as an advantage 

for fostering reasoning within a simplified system and for highlighting potential gaps that are a 

driving force in scientific inquiry (Svoboda & Passmore, 2013; Wilensky & Stroup, 2002).  

Models are useful in science as a generative tool, meaning they provide a space from 

which one may generate ideas (Nersessian, 2008; Odenbaugh, 2005; Schwarz et al., 2009). For 
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instance, hypotheses and predictions can be generated from the mechanistic gaps that models can 

specifically reveal; additionally, hypothetical scenarios can be explored through models. 

Generative reasoning, which is particularly important for solving problems in complex 

disciplines, can be defined as exploring plausible and appropriate explanations to describe a 

phenomenon (Duncan, 2007). That is, the generative explanations albeit novel, must be 

somewhat rooted in the realm of what is scientifically normative and not violate its assumptions 

therein. Importantly, generative reasoning is not about accuracy, in the sense of a learner being 

able to recall the exact mechanism for a phenomenon (Duncan, 2007). Instead generative 

reasoning allows a learner to be creative and willing to enter the border of what is known and 

unknown to generate novel explanations for a phenomenon. This type of reasoning, entering a 

zone of “what if”, is regularly employed by scientists as they produce new knowledge to 

ultimately propel scientific discoveries. Thus, generative reasoning should be an aim in science 

instruction (Duncan, 2007) and has been demonstrated in a number of studies that engaged pre-

college students in work with models (Schwarz et al., 2009; M. Windschitl, Thompson, & 

Braaten, 2008b).  

Argumentation in Classrooms Using Models:  Another important scientific practice 

which has been described in classrooms is argumentation, which is defined as the social process 

of developing an argument. There are many components to an argument which vary in levels of 

sophistication, but minimally an argument must contain a claim, evidence and some reasoning 

that connects the evidence to the claim (Driver, Newton, & Osborne, 2000; McNeill & Krajcik, 

2007). There are two types of arguments: didactic and dialogic. A didactic argument is told to 

convince an audience that an idea is reasonable, such as a professor lecturing to students on 

scientific claims or a prosecutor convincing the jury of a case (Boulter & Gilbert, 1995). In 
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contrast, a dialogical argument involves discussion from multiple perspectives on the idea until 

an agreement is reached (Driver et al., 2000). Practicing the latter form of argumentation in a 

classroom empowers students to think critically about scientific claims instead of viewing them 

as “irrevocable truths” and encourages students to articulate their own understanding to others in 

a coherent and convincible way (Driver et al., 2000). In classrooms, argumentation dialog is 

typically promoted by the instructor, often by framing classroom tasks using an oppositional 

structure (i.e. debating socio-scientific issues or posing two sides in discussion groups). 

Argumentation in the classroom has been shown to increase student understanding of scientific 

concepts (Von Aufschnaiter et al., 2008; Zohar & Nemet, 2002). 

 A few studies have suggested that argumentation may naturally emerge in the classroom 

when experimentation is coupled with model practice (Mendonça & Justi, 2013; Mendonça & 

Justi, 2014; Passmore & Svoboda, 2012). Passmore and Svoboda (2012) provided examples of 

students engaged in argumentation in a classroom that utilized the “Practice Framework”. For 

example, students constructed arguments to justify why a model they had developed was 

consistent with experimental data. Mendonca and Justi (2013, 2014) described how secondary 

students were asked to make a concrete 3D model of the intermolecular interactions between 

iodine and between graphite after performing an experiment comparing the behaviors of the two 

molecules before and after being heated. The students made sense of their empirical observations 

by making claims they incorporated into their 3D models. The concrete model was an important 

resource in the argument process for both visualizing and constructing explanations. Thus, this 

classroom context of coupling models with experimentation/data interpretation evoked 

argumentation and led students to build meaningful, evidence-based explanations about scientific 

phenomenon. 
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In the scientific world, the reliability, validity, and integrity of proposed models are 

upheld by the argumentative process. Driver et al. called argument “the mechanism of quality 

control in the scientific community” (Driver et al., 2000, page 301). Therefore, when scientists 

construct and evaluate their models, they must make arguments for whether the most current data 

fits their model or judge between competing models to pick which explains their data best. 

Importantly, scientists are not constructing these arguments solely to persuade the scientific 

community of their findings but construct arguments for themselves to help make-sense of the 

phenomenon being studied (Berland & Reiser, 2009). Berland and Reiser (2009) have proposed 

three goals for using argumentation in science classrooms: to make-sense of an idea, to articulate 

an idea, and to persuade others of an idea. These three goals of argumentation build off, support, 

and influence each other to ultimately support the practice of argumentation in classrooms. 

 

Instructional Context 

 We designed Cell and Developmental Biology (CDB) to bring authentic research to a 

required content course within our Molecular and Cellular Biology (MCB) major. The aim of the 

curriculum design for this course was to encourage an appreciation for research, but more 

importantly to begin the development of skills needed for students to critically analyze and draw 

conclusions from experimental data. Though many of our students have the opportunity to 

conduct research in authentic laboratory settings, we wanted the research approach to 

additionally influence the ways in which the students understood science content presented in 

their required courses. Given the large enrollment of our course, typically about 170 students at 

the junior or senior level, we aimed to create a new approach that would make integration of 

content and practice possible without one-on-one or small group mentoring by a professor. Thus, 
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the course was built primarily with “active learning” in mind – including extensive small group 

work, trained graduate and undergraduate preceptors to increase individual mentoring during 

class, and formative assessment feedback through use of clicker questions, quizzes, and in-class 

work.  

 Utilizing the “Practice Framework” (Passmore, Stewart, & Cartier, 2009) as a guide for 

instructional design, we explicitly focused the course design around biological models that we 

provided to students in class. These models will be referred to as “target models” as the 

instructional purpose was to guide students in using and evaluating established biological models 

rather than developing their own models. Target models were the topic of whole group 

instruction, followed by small group activities in which the students had the opportunity to 

interact with those models. Student groups worked together during class on problem sets which 

included a brief description of one of the target models from lecture, followed by data figures 

from published scientific articles that supported (or sometimes contradicted) the target model. 

For each data figure, groups were asked to describe the data, interpret the data, and relate the 

data to the given target model. Thus, in keeping with the “Practice Framework”, we aimed to 

situate students’ developing understanding of biological phenomenon at the interface between 

models and data, providing students with tasks in which they could see how data patterns were 

used to develop models and models could be used to explain data patterns. 

Problem sets were designed to simplify the data interpretation process by taking data 

figures from primary research articles, removing some of the potentially distracting and 

confusing details, and imbedding the task within the context of a biological model. Thus we refer 

to our approach for simplifying and scaffolding students’ examination of authentic data as 

“TRIM” (Teaching Real Data Interpretation with Models). Our decision to “trim” papers was 
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based on our experience that students within our population had difficulty navigating primary 

literature. Our observations are supported by previous research which suggests a myriad of 

difficulties that can be encountered by students when asked to read novel representations, 

including an overload of working memory when asked to simultaneously view pictorial 

representations and lengthy text (Brna, Cox, & Good, 2001; Mayer & Moreno, 1998). By using 

this “trim” method, we anticipated that students would more readily draw conclusions from the 

data and their attention would be focused on the biological relevance of that data through the 

target model. At the same time, problem sets preserved several aspects of the complexity of 

interpreting authentic data. The provided data were always taken directly from primary literature 

(rather than imagined by the instructor). The target models presented within the problem set were 

sometimes incomplete in comparison to current models (with current models from textbooks 

presented later), because we felt it was important for students to begin to understand the 

complexity of science.  

Finally, though several papers have reported instructional designs targeted at helping 

undergraduate students understand published biological data (Hoskins, Stevens, & Nehm, 2007; 

Round & Campbell, 2013; Lacum, 2014; Kozeracki et al., 2006), very few have closely 

examined how students learn to interpret data. Bowen, Roth and McGinn (1999) examined how 

undergraduate biology students and expert ecologists interpreted a particular data figure. They 

found that the biologists brought a wealth of knowledge and reasoning resources that the students 

lacked, which significantly impaired the students ability to make sense of the data figure, even 

though the students had seen a similar figure in class. These authors went on to suggest that, 

“more time is needed [in the biology curriculum] to allow students to develop their own 

interpretations in a social learning space which permits multiple interpretations of inscriptions”. 
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In keeping with this recommendation, our design for TRIM problem sets required students to 

create their own interpretations of data, rather than simply understand the interpretations 

proposed by the authors of the paper. Our hypotheses was that in a collaborative, supported 

learning environment it would be possible for students to develop interpretation skills. The focus 

of our research was to investigate the extent to which students were able to make quality data 

interpretations in this setting, and to understand the mechanisms through which they did so 

through small-group collaboration.  

Research Questions 

Our research approach did not aim to quantitatively compare students in TRIM classrooms 

with students in traditional classrooms. Instead we performed systematic, qualitative analysis on 

recorded in-class discussions from consenting individuals in Cell and Developmental Biology 

(CDB), as well as analysis of these students’ written work. This approach gave us the flexibility 

to delve more deeply into how students were using scientific practices such as model use and 

data interpretation throughout our course and to describe the reasoning patterns that could 

underlie their learning process.  Three questions guided our analysis of students’ ability to 

critically examine authentic data in the CDB course: 

1)  To what extent do students build quality interpretations of authentic biological data in 

this instructional setting? 

2) How do students use the target models to complete the data interpretation tasks? 

3) What are the most common strategies students use to interpret data in this setting?  What 

were common challenges? 

Overall, our goal is to present information about a new instructional approach aimed at 

integrating model use and data interpretation with biological content in a large-enrollment 
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course. Prior approaches on fostering student work with biological data have been reported in 

small-course settings and have not focused on explicit model-use to support student learning. 

Secondly, our research approach, which focused on investigating student understanding through 

recorded conversations between students during class and artifacts of their in-class work, has the 

potential to illuminate undergraduate reasoning in this domain. Dialog between students is a key 

aspect of science classrooms (Lemke, 1990). Analysis of classroom dialog can provide unique 

insights on learning and has been extensively used in research on K-12 education (Talbot-Smith 

et al., 2013).  However, this approach has remained mostly unexplored in undergraduate science 

education, with some notable exceptions in biology (Knight, Wise, & Southard, 2013), and the 

physical sciences (Brewe, 2008; James & Willoughby, 2011; Walker, Sampson, & Zimmerman, 

2011; Walker & Sampson, 2013).   

 

METHODS 

Instructional Design 

CDB is co-taught by two instructors, typically enrolls 150-170 students, and utilizes 3 

graduate teaching assistants and 3-6 undergraduate preceptors. Students are juniors and seniors, 

most majoring in Molecular and Cellular Biology (MCB) with many pursuing careers in 

medicine. CDB is a four unit class that meets for two 75 and one 50 minute sessions per week. 

Students are required to form self-selected groups of 3-5. Groups are stabilized during the second 

week of class, with each group creating an individual team name. Groups are stable throughout 

the semester, unless a student does not work well with his/her group and seeks instructor 

permission to change. Feedback and points for in-class work are awarded at the group level (for 

all members in attendance) and instructors randomly call on groups to provide answers to 
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questions during class. Lectures are interactive, with frequent clicker questions and opportunities 

for small group discussion. One or two times per week students work in small groups for 30-50 

minutes on problem sets that are submitted to the instructor. During this time, instructors, TAs 

and preceptors assist students. 

Problem sets are given as a worksheet handout per group and consist of a short 

description of a biological model that is the target of instruction, and 2-4 data figures which 

students are asked to describe, interpret and relate to the model. Examples of the problem sets 

that were the focus of analysis in this study are provided in Supplement 1. Iterative refinement of 

problem sets took place over three years, taking into account feedback from students and 

preceptors about details such as clarification of figure legends and labels, removal of redundant 

or confusing figure panels, or sequencing of figures to ensure flow of argument. Also, length and 

number of problem sets were adjusted to ensure achievement of learning goals within the 

developing curriculum. 

Several features of models and authentic data interpretation guided our design of problem 

sets. First, arguments and/or topics from primary literature papers were selected in order to 

enrich students understanding of the basic cell biology concepts that are covered in the course. 

Second, experimental data were selected from these papers for students to analyze only when 

directly related to a specific aspect of cartoon models that were chosen to illustrate a given 

concept. Sometimes models and data came from the same published paper, but sometimes they 

did not. Third, when choosing data figures to include we considered if the experimental 

technique used would be familiar to the student (a small set of techniques were covered during 

class and in assigned readings). Or experimental techniques that were conceptually simple to 

follow in basic terms through brief coverage in lecture or short explanation within the problem 
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set were also included. Often data figures came from a single article, but sometimes from a pair 

of related articles. Fourth, students needed to be able to interpret the data figure with relatively 

little guiding text and make basic conclusions about how that figure would relate to the overall 

argument or was consistent with some aspect of the model being tested. In a few cases, the data 

added new information or disconfirmed some aspect of the model, but these higher-order 

modeling practices were scaffolded by targeted questions in the problem set and instructor 

discussion. Finally, we made an effort to include some problem sets that exposed students to 

both the historical work behind important canonical models as well as cutting-edge research 

behind current problems. The former was often useful because the logic and techniques behind 

experiments was easy to follow and problem sets could be folded into complete stories of how 

models evolve over time. The latter was a useful way to talk about the uncertainty of science and 

how scientist are always pushing the boundary of what is known. 

An important aspect of the course that evolved over time was the development and 

implementation of explicit learning objectives aligned with formative and summative 

assessments. Similar to the Next Generation Science Standards, we took the approach that 

learning objectives would integrate practice and content when applicable, for example: “relate 

experimental data to the signal hypothesis model.” Objectives were shared with students, used to 

guide exam writing, and emphasized to students as a study tool. Examples of learning objectives 

and assessments from the course are provided in Supplement 2. 

 

Study Design 

Participants. The CDB course, from which we recruited students to participate in this 

study in the fall of 2012 and 2013, is taught at the University of Arizona. The University of 
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Arizona is a large, South-Western, public university with a typical enrollment size of 41,000 

students. In 2012, there were 34.9% minorities (excluding international students) enrolled at the 

University of Arizona and 36.3% minorities enrolled in 2013. Almost all students in the course 

were MCB majors or double-majors pursuing careers in science and/or medicine; about half 

were juniors and half seniors.  Students in the CDB course were recruited for participation, 

which could involve allowing us to have access to their exams, allowing us to make copies of 

their group written work, and audio recording their group during problem set activities. 

Participants received a small financial incentive for participation. All research activities were 

approved by our university internal review board.  

Ideally we would have collected data on all students in the course, however we were 

limited to the subset of students who consented to participation, through audio recording and/or 

allowing us to analyze their written work for our research. Since our research aim was to analyze 

student understanding, we wanted to know if this subset of student participants was 

representative of the course population as a whole. In order to determine this, we performed 

Student t-Tests on exam scores and final course grades. No statistical difference between the 

participating subset and the class as a whole is ideal because it would indicate a representative 

sample. In year 1, 58 from a class of 154 students participated; all were audio-recorded (14 

groups); no written work was collected that year. In year 2, 88 from a class of 138 students 

participated; all provided access to written work (21 groups), and 45 also agreed to be audio-

recorded (11 groups). Table 1 shows a comparison between the mean exam scores of students 

who did and did not consent to study participation in each year; Table 2 show similar data for 

final course grades. In Year 1 there were no significant differences between all students and 

those who consented to study participation, by either measure. In Year 2 there were no 



62 

 

significant differences between all students and those who provided access to written work, but 

there were significant differences between all students and those who agreed to be audio 

recorded, on both measures. Thus, for the majority of data collected for the current study we can 

assume results are representative of the class as a whole, but for the audio data collected in the 

second year, we cannot rule out the possibility that students were performing at a somewhat 

higher level than their peers.   

Data Collection. Data consisted of audio-recordings of groups discussing problem sets on 

worksheets during class, scanned copies of written responses on these worksheets, and copies of 

course exams and exam scores. Audio recordings provided an accurate picture of the process 

students used to solve problems during class. An additional benefit was that these recordings 

revealed many student thoughts, as individual students tended to think out loud or elaborate their 

thoughts in order to communicate with their group members. From the data set, we sampled four 

problem sets spanning the semester to transcribe and analyze. These problem sets were selected 

because they covered diverse topics in cell biology and represented a range of difficulty for 

students. This diversity of problem sets helps to ensure that findings could be generalized beyond 

the specific context of one worksheet and increased the overall number of instances examined. 

The selected problem set topics include ion channels and membrane potentials in Cystic Fibrosis, 

cell cycle control, Receptor-Tyrosine cell signaling in cancer cells, and development of 

therapeutic drugs to target BRCA2-deficient tumors. All problem sets are presented in the 

supplemental materials; subsequent references to these problem sets will include the titles: Cystic 

Fibrosis, Cell Cycle, RTK Signaling, and BRCA Tumors, respectively. Any audio files that were 

too poor quality to transcribe or transcripts that appeared incomplete were omitted from the data 
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set. Thus only transcripts containing a full discussion of at least one data figure were included in 

data analysis (n=55 transcripts from 4 problem sets over 2 years).  

Analysis of student dialog. Due to the exploratory nature of our study, we wanted to 

approach the audio transcripts with a relatively open mind. Thus, rather than selecting an existing 

theoretical framework or determining coding categories a priori, we decided to utilize a constant 

comparison method in which themes and eventually coding categories emerged from (and were 

grounded in) our data (Saldaña, 2015). Analysis began with open reading of transcripts from 

different groups on different problem sets in order to identify themes across the data set. All 

authors read and discussed what they noticed, with particular attention paid to ways that groups 

used the target model and any common strategies used or challenged faced as groups interpreted 

data figures. These observations were organized into three themes from which three coding 

schemes were developed: 1) Productive Model Use and 2) Common Strategies for Interpreting 

Data which respond to our primary research questions and the 3) Presence of Argumentation 

coding scheme which emerged from the data. When we discovered “argumentation” as an 

emergent theme in our data, we utilized several previous studies to frame further analysis and 

refine our coding scheme (Boulter & Gilbert, 1995; Driver et al., 2000; Berland & Reiser, 2009). 

All coding schemes for this study can be found in Supplement 3. Briefly, the Productive Model 

Use coding scheme was developed to describe the different ways groups used the target model; a 

preliminary scheme was refined through application to 20% (n=11) of transcripts. For the 

remaining transcripts (n=44), two coders independently coded every data figure discussion (n= 

104) for the incidence of at least one instance of Productive Model Use. If no Productive Model 

Use occurred, then the data figure discussion was coded as “vague, unproductive model use”, 

“missing a model link”, or “too difficult to tell.” The percent agreement between two coders was 
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75%. The Presence of Argumentation coding scheme determined whether transcripts (n=55) 

included at least one instance of argumentation. Argumentation was defined as dialog between at 

least two students engaged in building claims through evidence. Percent agreement was high 

(92%), for a random sample of 20% of the data (n=13 transcripts). Therefore, the remainder of 

the data was coded by one researcher. The third coding scheme focused on Common Strategies 

groups used to interpret authentic data in this classroom setting, as well as some common 

challenges. Two coders determined whether transcripts (n=55) included at least one instance of 

each code. Percent agreement was 86%. All results (with the exception of Presence of 

Argumentation) are reported as the consensus between coders. 

Lastly, to demonstrate the extensive nature of student-student conversations recorded 

(relatively uninterrupted by whole-class instruction), we counted the number of speaker turns for 

a random selection of 14 transcripts. There was an average of 35 speaker turns per data figure 

and an average of 3 data figures per in-class activity (therefore approximately 105 speaker turns 

per recorded conversation). 

Analysis of Written Work. Analysis for the scanned copies of groups’ written responses to 

in-class problem sets was performed to measure quality of final written data interpretations. We 

developed a coding scheme (provided in Supplement 3) dividing the quality of data 

interpretations into two components: validity (V) and generativeness (G). For validity 

(appropriate data claims supported by evidence in the data figure), we developed a list of 2-3 key 

points per data figure. Written responses were coded on a 3 point scale for no key points present 

(level 1), at least one present (level 2), or all present (level 3). Generativeness (the degree to 

which the interpretation moved beyond a literal description of the figure) was coded on a 4 point 

scale. Written responses were coded as level 1 if they were only descriptions of data that did not 
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include an inference, level 2 if they included an inference tied to the immediate context of the 

figure, level 3 if they moved beyond the literal details depicted in the figure to include 

connections to biology and/or or the target model, and level 4 if they were far ranging enough to 

necessitate additional experimentation. Only problem set prompts that asked students explicitly 

to interpret the data and relate to the target model were coded. These question prompts were: 

Cystic Fibrosis (Questions 4-6), Cell Cycle (Questions 1, 3), RTK Signaling (Questions 3-4), and 

BRCA Tumors (Questions 3, 5, 6). Agreement between two coders was 73% across the sample 

(133 responses, from 21 different groups, on 4 different problem sets). All results are reported as 

the consensus between coders. 

 

RESULTS 

Measuring Data Interpretation Quality 

 
We measured the quality of students’ written data interpretations in terms of validity and 

generativeness. Validity referred to whether or not students included ideas that could be 

reasonably concluded from the data provided. Generativeness referred to how well the 

interpretation expanded beyond what was immediately present in the data figure. We included 

generativeness because the ability to interpret data requires a level of inference beyond what can 

be literally seen and because scientists must use generative thinking when examining data to 

build new hypotheses and novel ideas. The two components, validity and generativeness, were 

treated independently since one can be generative about invalid ideas or one can make valid 

points but make interpretations within a limited scope.  

We scored 133 written responses, sampled from 21 different groups across 4 different in-

class activities. Validity and generativeness were each scored on a three point scale (as described 
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in the methods section). Scores are shown in Table 3. The majority of the responses contained 

one or more valid conclusions (score of 2 or above). Of the responses containing all key points 

(score of 3), only 5% revealed nominal mistakes, such as an improper word use. Because we 

asked students to describe and interpret each data figure and relate it to the target model, we 

anticipated that it was possible for each group to receive at least a level 3 score for 

generativeness on any data figure. Indeed scoring demonstrated that over half of student 

responses did include inferences about data which expanded beyond literal descriptions of 

figures to include ties to a biological context, typically that of the target model (level 3). In 

addition to the three primary levels, a very small number of responses included interpretations 

that expanded beyond the target model to include a hypothesis that would require additional 

experiments to test. Because we wanted to capture the full range of generative thinking that was 

possible in this task, we placed these responses in a separate, higher category, level 4.  

To illustrate how we defined the levels of generativeness, we provide examples from 

students’ written responses below. These examples are taken from our BRCA Tumors problem 

set whose topic is cancer-cell specific therapy (see target model and data panel in Figure 1).  

Level 1 Interpretation: 

“A & B shows defect in the BRCA2 would have less chances to survive. A & B w/ BRCA2 

added back show the same pattern as wild type BRCA2.” – Group 27 

Level 2 Interpretation: 

“The data shows that cells with deficient BRCA2 treated with PARP inhibitors have a 

significantly lower surviving fraction than cells with wildtype BRCA2 added back. Also, 

cancer cells behave similarly to cells with complemented BRCA2, with the surviving 

fraction decreasing as the PARP inhibitor concentration rises. From this, we can infer 
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that BRCA2 addition to BRCA2 deficient cells is sufficient to rescue the cell by increasing 

the surviving fraction in higher concentrations of PARP inhibitors.” – Group 29 

Level 3 Interpretation: 

“Survival of BRCA2 mutants is exceptionally lower than wild type cancer cells in the 

presence of small amounts of the PARP inhibitors. The cells cannot utilize the SSB [single 

stranded breaks] repair pathway, and ultimately apoptose when homologous repair fails. 

How it relates to the model: When PARP proteins are inhibited, the only available repair 

pathway is Homologous Recombination, which is absent in the BRCA2 mutants. When 

BRCA2 is added back, cells survive like wild type cancer cells.” – Group 16 

 

Group 27’s response essentially describes the behavior of the lines in the graph. They 

noticed that BRCA2-deficient cells “have less chances to survive” and that BRCA2 

complemented and wild-type cell lines have the “same pattern.” Therefore this group 

demonstrates their ability to read the graph, but does not expand their observations into an 

inference. In contrast, Group 29 made the same observations that BRCA2-deficient cells “have a 

significantly lower surviving fraction” and that BRCA2 complemented and wildtype cell lines 

“behave similarly”. However, they expand these observations into an inference, that BRCA2 is 

“sufficient to rescue” the cells indicating that BRCA2 is important for cell survival when PARP 

is inhibited. Lastly, Group 16 observed the same pattern that BRCA2-deficient cells (which they 

call “BRCA mutants”) have “exceptionally lower” survival and that BRCA2 complemented cells 

“survive like wild type.” However their inference is tied into the biology from the target model. 

Group 16 conceptualizes that PARP inhibitors are causing SSBs in the cells and mention the 

biological consequence that when BRCA2 is absent, homologous repair of the DNA fails. This 
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group uses words directly from the target model (“SSB repair”, “homologous repair”) that are 

not immediately present in the data figure to expand the scope of their data interpretation; 

thereby providing a biological mechanism that is not present in the data figure. 

 

How Student Groups Used the Target Model 

Our second research question focused on understanding if and how the target models we 

provided may have served as an instructional tool for students. We first examined transcripts 

from different groups working on diverse in-class activities using the open question - how are 

students using the target model? Through this analysis, we identified three primary ways in 

which the students used the target model (Figure 2).   

In the first form (Figure 2, Panel A), students focused on data to make and refine claims 

until a consensus was reached and then they related that claim to the target model sometimes 

explicitly reacting to the activity prompt, “relate to the model”. Relating to the claim meant 

expanding the data inference with biology directly from the target model; this included adding 

more mechanism or defining a biological role such as this is why cancer cells survive or this is 

why cancer cells die with this drug treatment. To illustrate, the group quoted below was working 

on the RTK signaling problem set, exploring BRAF as an oncogene (Figure 3). The group 

discussed the bar graph shown and the target model (Figure 3). The excerpt begins at a point 

where a claim has been made about the graph showing how various BRAF mutants have higher 

levels of MEK activation compared to wildtype BRAF. Prior to this excerpt, the group discussed 

the experiment. 



69 

 

S1: In here, it says MEK activation is what it is, so I would say that um, basically it’s 

showing that the mutant versions of BRAF have higher, are um, able to increase MEK 

activation, or have like a higher MEK activation than um, just wild-type BRAF. 

S2: What is the MEK activation leading to? Oh, it increases proliferation. 

S1: What? 

S2: So then the MEK increases proliferation and can cause it to be cancerous. Right 

here, that's where I'm getting it from, the MEK proliferation and survival 

- Group 1, RTK Signaling 

S1 correctly infers from the bar graph that BRAF mutants tend to induce higher levels of 

MEK activation. Without additional information or knowledge about the biological mechanism, 

this is as far as the interpretation may go. Instead, S2 refers to the target model to broaden the 

claim to include the biological role or significance of increased MEK activation, that is, the role 

of mutant BRAF in promoting cell proliferation and survival which are associated with cancer. 

In this case, S2’s question, “what is the MEK activation leading to?” prompted the group to use 

the target model to relate the group’s claim to a biological context. In other cases, students read 

aloud the activity prompt “how does this data support the model?” which seemed to guide them 

to expand their claim.  

In the second form of model use, students used ideas from the target model while making 

sense of data figures (Figure 2, Panel B). In these cases, biological ideas often from the target 

model were weaved through the dialog in which students formed interpretations of data figures. 

Because using models and interpreting data are highly integrated cognitive processes for 

scientists, student groups using this form appeared to be working at a higher level. We illustrate 

with an example from a group on the BRCA Tumor problem set discussing the line graph, shown 
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in Figure 1. For ease, ideas that are exclusive to the line graph are in bold, while ideas exclusive 

to the target model are underlined. 

S3: What I can see is that if you increase the concentration, survival goes down more 

and more  

S1: Well BRCA2, when you have a deficient BRCA2 it stops the, no. When you don't have 

BRCA2, you don't have proper homologous recombination. So if BRCA2 is there then it 

doesn't inhibit that? So wildtype BRCA in this case will facilitate homologous repair 

S4: Not facilitate it, it just doesn't inhibit 

S1: No, well BRCA2 is an important part of the homologous recombination. Without it, it 

doesn't go. So basically wildtype will fix double stranded breaks. So that's the function of 

BRCA2 

[…] 

S1: So the black ones are the ones without BRCA2, and then the open circles are 

wildtype, so you see it has survivability, same here. Increasing PARP inhibitor, 

meaning the more single stranded breaks we create, the more it dies, right? 

S4: I'm sorry? 

S1: The more you increase the PARP inhibitors, the more single stranded breaks, the 

more you die. Survival goes down.  

- Group 21, BRCA Tumors  

The students in this group are noticing data patterns, such as how higher concentrations of the 

PARP inhibitor drug correspond to lower levels of cell survival. These data patterns are given 

biological significance using ideas from the target model. For example, since the PARP protein 

repairs single stranded breaks, S1 reasons that in the line graph, increasing a PARP inhibitor 
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drug means “the more single stranded breaks we create.” Additionally, in the line graph, the 

wildtype cells containing BRCA2 display “survivability” and S1 pairs this with the idea that 

BRCA2 “will fix double stranded breaks.” Therefore student groups conceptualize what BRCA2 

and PARP proteins are doing in the cells by working at the interface between model and data. 

 In addition, integrated model use was sometimes utilized by one group member to add 

support to a potential data interpretation being considered by the group. To illustrate, we provide 

a second example from Group 21 as they continue to work on the BRCA Tumors problem set. 

The quoted text begins during the students’ discussion of Figure 2, which shows cell survival 

rates with various combinations of siRNA induced knockdowns of the BRCA2, PARP1, or 

PARP2 genes. Ideas from the data figure are in bold and ideas exclusive to the target model are 

underlined. 

S2: So that just shows that this alone can significantly increase the survival rate of the 

cell 

S1: Which one 

S2: Just this one, see compared to this one which has both of them. 

S1: Well this one doesn’t have that and it’s high 

S2: Yeah, so then, wait no, wait. You’re right. I don’t know then, [crap]. I’m confused 

S1: It’s because PARP1 is pretty [dang] important. But then you don’t have any 

PARP1 and you’re fine because you have BRCA2. 

S2: But you have this one, are you talking about this one? 

S1: Well I mean, it shows that like there’s two different pathways to fix these breaks and 

keep the cell alive and it’s BRCA2 and PARP1. PARP1 is the one that fixes single 

stranded breaks and BRCA2 is the one that fixes this step right here. 
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S2: Alright, but if you, so if you see these three, each of them is very high so 

S1: That’s because only one is missing, so they can each save each other. So we’re 

missing this, but PARP1 can do that job. We’re missing this but BRCA2 can do that job. 

But this one we’re missing, I don’t get why that one’s perfect though. I guess PARP1 is 

sufficient enough to do it all by itself.  

- Group 21, BRCA Tumors  

In the first line, S2 poses a potential interpretation of the data figure. S1 immediately challenges 

this idea, eventually leaving S2 unable to respond and confused. S1 then attempts to pose a new 

potential data interpretation suggesting BRCA2 is a backup DNA repair mechanism when 

PARP1 is missing. S2 attempts to challenge or clarify S1’s suggestion by pointing to the data 

figure. S1 immediately refers to the target model as support for his interpretation. Finally, the 

discussion turns back to the data figure with insinuations from the target model integrated within, 

such as how BRCA2 and PARP1 “can save each other.” Thus integrated model use was not only 

used by students to make sense of data figures during interpretation, but in a few cases as a 

means to convince group members of the validity of potential interpretations.  

The last form of model use involved using the target model as an explanation tool (Figure 

2, Panel C). In some cases, students used the target model to better understand the experimental 

setup for a particular data figure. For example, the student below begins to read the figure legend 

for the MEK activation bar graph figure on the RTK Signaling problem set (Figure 3) and refers 

to ideas in the target model to help conceptualize the experiment before attacking the data itself. 

S1: Isolated and combined with additional proteins in vitro. MEK was then measured 

[reading from figure legend], which is the protein, the phosphorylated protein one step 

down in the pathway [from model]. Okay. RAF... So. 
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- Group 13, RTK Signaling 

S1 applies information from the target model to mentally orient the MEK protein’s place in the 

pathway, whose activity is being measured and represented in the Y-axis. Thus the target model 

was used by this student to make sense of what the data might show before developing any 

claims about the data. We also found the target model was used by TAs, instructors and group 

members as an explanatory teaching resource when students had questions about the biological 

phenomenon being studied. In all, the target model was used by the groups in various ways to 

help develop and biologically situate data interpretations. However, we did identify a few cases 

in which students had model-based reasoning errors with the target model and in some instances 

misinterpretation of the model hampered understanding of problem sets.  

To provide more information about how often the model was used in these productive 

ways, we performed coding analysis in which we examined discussions of individual data 

figures. This analysis included 55 transcripts from 23 groups over four different in-class problem 

sets. We found that 59% of total figures discussed to completion (n=104) contained at least one 

productive use of the target model (Table 4). Discussions marked with this code fell into one of 

the three productive forms of model use shown in Figure 2. In discussions that were not coded as 

“productive model use” students either failed to mention the target model or were unable to form 

a coherent link between the data and the target model.  In a small number of cases it was too 

difficult for coders to demine from the available dialog if the target model was being used 

productively. Overall coding analysis revealed that although prompting students to relate 

interpretations to the target model at the end of each data figure generally encouraged groups to 

successfully enhance their interpretations, it was not sufficient to cause students to form explicit 

biological connections in every case. 
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Common Strategies and Challenges for Data Interpretation in Group Settings 

Argumentation: Students spontaneously used argumentation as a sense-making tool to 

interpret data collaboratively. A data interpretation can be thought of as one’s argument for what 

the data means or signifies. Hence tasking students to arrive at a data interpretation in a group 

setting creates an opportunity for students to build arguments for what data may mean. Indeed, 

one of the strategies to emerge from analysis of the in-class dialogue was argumentation. We 

defined argumentation as at least two students engaged in building claims or inferences about 

data figures and providing direct evidence from the data figures to support those claims. 

Argumentation was common despite the lack of explicit prompting from the instructor, occurring 

at least once in 82% of coded transcripts (n=55) (Table 4). 

Argumentation dialog in this setting was surprisingly collaborative. Students often 

engaged in sense-making dialogue, co-constructing claims and arguments collectively. For 

example, if a student posed a claim, another student might spontaneously offer evidence as 

backing so that at the group level, the argument had support. To illustrate, Group 16 below is 

discussing a data table that lists various clinical tumors found to contain mutations in the BRAF 

gene, with a majority occurring in melanoma tumors (See Figure 3).  

S2: mutations in BRAF are associated with the incidence of skin cancer, or melanoma 

[INITIAL CLAIM] 

S1: you can also get colorectal or ovarian, but you are right, skin cancer dominates 

S3: yeah you have 80 and 67 then you have 12 and 14 [percent] [EVIDENCE] 

S2: melanoma dominates as the primary tumor for these BRAF mutations, however 

[CLAIM]  

[…] 
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S1: these are both melanoma, the first 2. So you see really large percentages there 

[EVIDENCE] 

S2: so in other words, mutations in BRAF pretty much are gonna [inaudible] melanoma 

cancers 

S4: melanoma? 

S2: yeah 

S3: you have higher incidence of mutated BRAF than, in skin cancer, than in other 

cancers [FINAL CLAIM] 

- Group 16, RTK Signaling 

The group co-constructs the argument that BRAF mutations are primarily found in melanoma 

tumors (claim) because a larger percent of melanoma tumors compared to other tumors contain a 

BRAF mutation (evidence). S2 and S1 propose the claim; S3 offers the specific evidence to back 

it up. The claim evolves, subtly, through the dialogue. Where the initial claim only captures the 

simple relationship that BRAF is associated with melanoma, the final claim considers other 

variables in a comparative relationship where BRAF is more common in melanoma than the 

other cancers. 

We also found that sometimes when students spontaneously offered evidence to the 

previously mentioned claim, they found the evidence was not supportive and instead 

contradicted the claim. The newly revealed evidence either led to a claim refinement or the 

original claim had to be justified in some way. To illustrate, Group 6 below makes a claim 

refinement in light of new evidence offered by S2. Group 6 is discussing the data from a western 

blot experiment from the RTK Signaling problem set (see Figure 3).  
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S1: oh okay, so that makes sense then because only if it’s phosphorylated do you get the 

antibody that shows up. So it means that when you have the mutant form of RAS, you are 

getting a band in the positive lanes because it is always being phosphorylated. Do we 

agree with that? [INITIAL CLAIM, WITH EVIDENCE] 

S2: but in some of the mutants, you are getting bands in the negative lanes too 

[EVIDENCE] 

S3: so like, here and here those two mutants have bands in the minus parts showing that 

the mutant form of RAF is constitutively active [REFINED CLAIM, WITH 

EVIDENCE] 

S2: independent of RAS 

S3: independent of RAS, so it doesn't need a signal from RAS to be active. [REFINED 

CLAIM] 

S1: oh, I see what you're saying. Wait, can you say that again, [name omitted]? 

S2: it means its [mutant BRAF] active without the RAS doing anything to it. [FINAL 

CLAIM] 

- Group 6, RTK Signaling 

In this case, S1 makes an initial claim with evidence, S2 checks that claim against the evidence 

and S3 refines that claim in light of the new evidence. Together S2 and S3 add to the argument to 

enhance its quality, thereby arriving at a final valid data interpretation.  

In the aforementioned examples, instead of forming individual back-and-forth arguments, 

the groups worked collaboratively to co-construct arguments that ultimately became the final 

data interpretation, which we view as sense-making argumentation. Occasionally, argumentation 

took a persuasive form in which a student provided a claim with evidence that was countered by 
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another student with a different claim with evidence (about 5-7 times less often than the sense-

making form). For example, Group 17 is discussing data from the BRCA Tumors problem set 

(Figure 1), debating which PARP inhibitor drug is more effective at killing cancer cells. 

S1: This one's more effective, I mean NU's more effective [INITIAL CLAIM] 

S3: I think AG is more effective, because if you look at that really steep curve, if you have 

this one [counter ARGUMENT because CLAIM with EVIDENCE] 

S1: This one? 

S3: Yeah, if you look at that line 

S1: But I feel like this one's more steep right. I feel like this is more gradual than this one 

[counter ARGUMENT because CLAIM with EVIDENCE] 

S3: I think you also have to look at the concentrations, ‘cause this one's in micro and this 

one's in millimoles [EVIDENCE supporting own argument earlier] 

S1: Oh 

[…] 

S3: Yes, so this in micromoles, a little bit would be enough to kill all of them. And this 

one in millimoles [CLAIM] 

[…] 

S1: And it should be somewhere around here, right? So this curve, so this is more 

effective then. [FINAL CLAIM] 

S3: Yeah, I would think so 

- Group 17, BRCA Tumors  

In contrast to the previous examples, the argumentation in this example takes a persuasive form, 

which is highlighted by three main differences. First, the arguments in this example are not co-
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constructed because each speaker offers a complete argument (claim and evidence). Second, 

there are two competing arguments in discussion so that any further evidence offered by group 

members is aimed to support one argument over the other. By contrast, in the sense-making 

form, one argument is discussed so that any further evidence offered either supports or 

contradicts it. Third, in persuasive argumentation the final claim arises from the argument that 

“out-competes” the other argument. In the sense-making strategy, the final claim arises through 

group refinement of the initial claim. 

Thus argumentation in this authentic biological data interpretation classroom setting was 

primarily “sense-making” rather than “persuasive” (Berland & Reiser, 2009) because group 

members rarely used evidence in an attempt to convince the group of his/her individual claim but 

rather offered evidence to support or contradict the groups’ working claim. However, in both of 

these forms, the argumentation is dialogical because multiple claims or evidences or arguments 

are considered until an agreement is reached as a group. By contrast, we did find didactic 

situations of argumentation in group contexts where a leader voice would guide the rest of the 

students in a teaching manner, but this was quite uncommon (roughly 10% of discussions).  

Decoding data representations: “Dude I can’t even read these graphs, I don’t know what 

the triangles mean”. Students worked together to make meaning of symbols and graphs. Data 

representations are embedded with meaningful symbols, numbers, lines, etc. As the student quote 

above suggests, in order to interpret a data figure one must decode the meaning of these 

representational features. Indeed, most transcripts contained at least one instance of students 

stating or questioning aloud what markers, numbers, symbols or codes meant in the data figure 

(Table 4). To illustrate, Group 6 below discusses a data figure on the RTK Signaling problem set 

shown in Figure 3 (the western blot).  
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S1: Like, what are these... 

S2: These are different types of mutants of the RAF. So they either added wild type RAF 

or various mutant forms of RAF. 

S1: Oh okay. 

S2: And I guess this plus means that it is constitutively active thing and the minus means 

it doesn't? 

S3: It does mean that or minus doesn't mean mutation, does it? 

S2: Cause it's like each RAS here... 

S3: Okay so plus means it does have it. 

S2: Yeah. 

S3: Okay. 

- Group 6, RTK Signaling 

S1 questions what the different codes arranged at the top of the western blot display mean and S2 

immediately responds that they represent the different BRAF mutants. Likewise, S2 and S3 work 

together to establish that the pluses and minuses signify addition or absence of constitutively 

active RAS to the cells. We found students routinely relied on their group as a resource to decode 

the data figures as opposed to individual processing, despite the presence of that information in 

the simplified legend on the problem set (see Supplement 1 for complete problem set). It was 

also typical for students to ask and answer their own decoding questions out loud in their group. 

There was not any case in which the data interpretation process became stalled at the decoding 

stage; however groups did vary in the amount of time spent decoding figures and they 

encountered varying degrees of hindrance, including in some cases incorrect decoding. If 

students did reach a point when they could not decode themselves, they sought out and received 
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instructor/TA help. Lastly, decoding did not necessarily have to occur before the claim building 

dialogue. We often found decoding dialogue happened concurrent to when claims about the data 

were being made, showing that the data interpretation process did not follow a rigid, linear 

progression. 

Finding patterns: Students used patterns in data to build interpretations. One of the most 

difficult aspects of data interpretation is assigning meaning to the patterns in the data, as 

exemplified in the following quote: 

“All I said is that one decreases, that one stays, and then this one like, it's the same thing 

as these two overlapped. That one stays and that one decreases, but I don't know why.”  

Student groups very aptly noticed and explicitly pointed out patterns in the data figures, almost 

all containing at least one instance of pattern noticing (Table 4). These instances included 

remarking on differences between variables in the data figure such as if something is darker, 

lighter, shorter, longer, wider, higher, lower, increasing, decreasing, etc. However, as 

exemplified in the student quote above, making claims or arguments for “why” the data behaves 

the way it does can be more difficult. Just as group members collaboratively constructed claims 

and arguments about data figures we also found the majority of pattern noticing occurred at the 

group level. Of the 98% of transcripts containing an instance of pattern noticing, 78% contained 

instances of students explicitly pointing out patterns within the group until a claim or argument 

was subsequently developed (Figure 4). In the remaining 20% of transcripts, students referred to 

patterns only within the claim building dialogue. In other words, groups in this minority either 

noticed patterns individually prior to posing interpretive claims or simultaneously made claims 

while noticing patterns. We infer from these findings that in most cases group members were 
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helping each other determine which patterns to focus on prior to using those patterns to form 

conclusions about the data. 

 Falling down the rabbit hole: When pattern hunting goes wrong. Authentic data 

representations are littered with extraneous variables or patterns, and we found that student 

groups typically were able to sift through these features. However, in some cases, students drew 

inappropriate comparisons or focused on irrelevant patterns. Unless rectified, students may built 

invalid claims off of the distracting pattern, became lost and frustrated, and ultimately spent 

limited classroom time on an unfruitful path. When students in a group focused their attention 

too long on a distracting pattern or aspect of the data representation, we called this a ‘rabbit 

hole’. We defined a rabbit hole as 10 or more speaker turns on the distraction. To put this 

number in context, there are on average of 35 speaker turns per data figure. Thus to be coded as a 

rabbit hole, groups spent close to a third of that time on a distracting pattern. Falling down rabbit 

holes was uncommon relative to other behaviors we coded (Table 4). 

To illustrate a rabbit hole, we provide an example from a group discussing the ERK 

phosphorylation western blot that is shown in Figure 3. To arrive at the relevant conclusion 

(mutations within the BRAF gene lead to a constitutively active form of the BRAF protein that 

induces signaling independent from upstream factor RAS), one must focus on the fact that some 

of the BRAF mutants (G468A and V599E) have phosphorylated ERK (ERK1/2) in both the plus 

and minus RAS lanes compared to wild-type BRAF that has phosphorylated ERK only in the 

plus RAS lane. A potentially distracting variable in this figure are the subtle differences between 

ERK1 and ERK 2 (two very similar protein kinases). Here one group focuses on these 

differences: 

S2: How is ERK1 and ERK2 different though? Like in this pathway like? 



82 

 

S3: What are the differences? 

S2: Are they both like the orange things? [reference to target model] 

S3: Isn't ERK1 like in one pathway and ERK2 goes in another pathway 

S2: That's what I was thinking, but it really doesn't seem like ERK on the left is 

phosphorylated and it says both are... 

S3: yeah I don't know where we see ERK1 and ERK2, where they are at like separately 

S2: yeah I don't know, that's what I am saying 

S1: yeah I don't get it. I don't know the difference between ERK1 and ERK2 

S2: I don't know how that makes a difference here. 

- Group 16, RTK Signaling 

It is not necessarily detrimental to focus on irrelevant patterns during data interpretation, but 

eventually one needs to notice the appropriate pattern in order to make a relevant, valid data 

interpretation. The time spent on distracting patterns was more costly for some groups than 

others. For example, we found some groups eventually focused on the relevant pattern and made 

valid interpretations. However, other groups became lost and frustrated which lead to either 

seeking instructor help or running out of classroom time.  

Fortunately, we found the group setting sometimes did offer the opportunity for members 

to redirect the attention away from a rabbit hole. For example, the following discussion is 

focused on the same distracting variable in Figure 3 as was discussed above:  

S1: Um…. So I don’t get though like what is the difference between ERK1 and ERK2? 

S2: I think it’s just different forms of this kinase, like they’re different kinds of this kinase. 

S1: Right. But I mean like… is ERK2 in this pathway or, I mean, what is the… 
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S2: I think there’s just multiple ERKs like just, don’t worry about it. Like MEK 

phosphorylates ERK when there’s more than one like…types 1 and 2… I think 

- Group 5, RTK Signaling 

S1 from Group 5 begins to focus on ERK2 and even attempts to uncover significance for it in 

“this pathway” but S2 redirects the attention away from the ERK1/2 distraction. The rationale 

that S2 gives briefly involves re-centering on the purpose of the model, or the signaling cascade 

where “MEK phosphorylates ERK.” Hence, for S2, the different types of ERKs did not matter 

for the purpose of this data figure. We coded this type of explicit redirection of a student who 

was interested in a distracting variable as a “Rabbit Hole Aversion” (RHA). These explicit 

instances were rare (Table 4). In other instances which were not included in this coding category, 

RHA occurred more subtly from students listing different patterns (relevant and irrelevant) and 

eventually settling on a relevant pattern for data interpretation.  

In summary, we found in order for students to interpret data in our classroom setting, 

they will decode the data representation, notice patterns in the data, and assign meaning to the 

patterns through cycles of argumentation. Argumentation was prevalent and primarily took the 

form of sense-making. All of the strategies for data interpretation that we identified relied to a 

large extent on collaboration between group members suggesting that learning authentic data 

interpretation is a complex cognitive task that benefits from group interactions. 

 

DISCUSSION 

Data interpretation is a complex skill that should not be ignored in undergraduate biology 

coursework. We propose that engaging with scientific data should be integrated in some way 

within all undergraduate biology courses, not only specialized electives. We propose an 
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instructional design for integrating interpretation of authentic data with key ideas in cell biology 

through the use of models (TRIM). The intent of the design is to allow students not only to 

practice scientific skills, but also to provide the potential for students to gain a deeper 

understanding of concepts by tying them to experiments.  Our design is relatively simple and can 

be utilized to make changes within courses focused on other content topics. We have 

demonstrated that students working in groups within a large-enrollment course can make valid 

and generative data interpretations that directly tie to conceptual ideas within the course. By 

carefully analyzing students’ data interpretations as well as how they made these interpretations 

through group dialog, we have uncovered several important features of the process of student 

reasoning in this domain. First, we demonstrated that models can be used by students to help 

students connect the patterns they observe in data figures to a broader biological context, much 

in the same way that scientists use models as a framework for experimentation and other forms 

of data analysis. Second, we showed several ways that peers serve as a rich resource for data 

interpretation in a group setting, in particular through the scientific process of argumentation. 

Third, we revealed some of the different ways that students approach the symbols, patterns and 

trends within data figures and how group interactions impact this process.   

Challenges of working with authentic data in the classroom 

In examining how students interpreted authentic data, we uncovered several challenges 

they faced in this task. The first challenge was decoding symbolic features within data 

representations. Scientists not only use complex reasoning, but also have complex practices of 

communication (Greeno & Hall, 1997). Such practices of communication include conventional 

representations for reporting on domain-specific experimental results. Knowing these 

conventions enable scientists to more easily decode and interpret data representations that are not 
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their own. Given the complexity of scientific representations, we were not surprised that reading 

figures posed a challenge for undergraduate students, but we were surprised at the extent to 

which students relied on group conversation (as opposed to individual processing) to decipher 

the symbols and numbers within each figure. We did not find students, within the group setting, 

unable to move beyond initial decoding of figures, indicating that this task is difficult, but not 

insurmountable. Part of learning to interpret data representations includes practice with the 

standard forms of representations (Greeno & Hall, 1997). Our data suggest that instructors 

should consider explicit discussions of the affordances of particular representational forms, 

especially those which are conventional in the field being explored in a course. Further, our data 

strongly suggest the potential for students to support each other in learning to decode figures 

through collaboration, underscoring the importance of giving students time to work through 

authentic data in small groups.    

Another challenge that students faced when interpreting authentic data was determining 

which patterns to pay attention to. In some cases, students tried to give meaning to noticeable, 

distracting features that would probably be ignored by an expert (e.g. incomplete siRNA 

knockdown or band smudging on western blots). As experts, scientists approach problems or 

data with a different lens than beginners (Chi, 1981). Undergraduates are still novice 

experimenters, especially with regards to domain-specific experiments, and some do not have 

access to authentic undergraduate laboratory research experiences. If students focus on 

distracting variables, limited classroom time may be wasted; fortunately we found that this 

challenge occurred in less than one quarter of the transcripts we analyzed. At the group level, 

students seemed to work together to identify which features or patterns to pay attention to, 

sometimes explicitly discouraging fellow group members from focusing on potentially 
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distracting variables. The approach most groups took to data interpretation, collaborative 

noticing of patterns followed by building of claims with relatively little time spent on discussing 

experimental technique in most cases, may have been influenced by our instructional design. 

Compared to other designs (Hoskins et al., 2011), we placed less emphasis on the details of 

experimental techniques and asked students to draw their own conclusions from data fairly 

rapidly. Some basic techniques were discussed in class and in assigned readings, but the 

emphasis during in-class activities was on drawing biological relevant conclusions from data 

rather than on preparing students to understand how to conduct experiments in a lab. Despite this 

lack of emphasis on experimental technique, we observed that students were often able to 

construct valid, generative data interpretations in this setting. This observation is not necessarily 

consistent with the existing literature on how experts approach interpretation of novel data 

figures (Bowen, Roth, & McGinn, 1999). We suggest that more research is needed to follow up 

on this preliminary observation in more detail.   

There is much complexity in working with authentic data and the multivariable causal 

models that are predominant in MCB.  It must be acknowledged that a student’s ability to 

understand target models (which includes their representational competence, diSessa, 2004) is 

essential to their ability to fully succeed on TRIM data sets. An important aspect of instruction 

was instructor discussion of target models, and student interaction with target models, prior to 

and after students engaged in data interpretation activities. Instructors cannot assume that 

providing students with these problem sets will result in productive data interpretation or 

learning without appropriate context. While most of the written interpretations produced by 

student groups in our study were at least partially valid, fewer than half contained all of the 

relevant points that might be reasonably concluded from a figure, despite our attempts to provide 
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appropriate instructional context. Further, while most of these written interpretations were 

connected to a broader biological context, about 30% were not. Corroborating this, our analysis 

of student dialog revealed that while students productively used models to aid data interpretation 

in the majority of cases, sometimes they were unable to understand how a particular figure 

related to a given model. Though difficult to capture in our coding scheme, we did qualitatively 

observe that causal complexity was sometimes a challenge for students. This could be in the 

form of an experiment with multiple variables or a model with a complex series of causal links. 

These findings are reminiscent of studies demonstrating K-12 students’ difficulty in learning 

control-of-variables strategies (Chen & Klahr, 1999) and in navigating multivariable contexts 

(Kuhn, Pease, & Wirkala, 2009). Our data suggest that at the upper-division undergraduate level, 

most all students understand the idea of controlling variables, but complex, multivariable data 

and models can still pose a challenge. Most students in this setting rose to the challenge of 

interpreting data patterns in complex, multivariable contexts. However, instructors should be 

aware of the cognitive demands of such tasks, being sure to provide students with adequate 

instructional time to process such data and to routinely assess comprehension, providing support 

or adjusting tasks when needed.     

 

Students collaboratively building data interpretations through argumentation 

Argumentation is an important disciplinary practice that has been the emphasis of much 

instructional reform (Berland & Reiser, 2011; Duschl & Osborne, 2002; Sampson & Blanchard, 

2012). Here we demonstrate that argumentation spontaneously occurred within small groups in 

our instructional setting. This is a surprising outcome because our instructional design did not 

provide any explicit scaffold to elicit argumentation and supporting argumentation was not 
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deliberately planned by the instructional team. Within K-12 educational research, where 

argumentation has been most thoroughly studied, it is generally accepted that supporting 

argumentation in classrooms requires instructional support in the form of intentional norms of 

conversation or written tasks that explicitly scaffold argument (Duschl & Osborne, 2002; 

Osborne, Erduran, & Simon, 2004). By investigating undergraduate dialog, our study provides a 

window into the forms of scientific dialog that students use to interpret data. Our findings relate 

to work by Knight et al. (2013) who explored undergraduate student dialog in small group 

settings. This study also showed students exchanging evidence-based reasoning during group 

discussion of clicker questions.  

A key difference between the student dialog in our study and others investigating 

argumentation among undergraduate biology students was that the dialogical argumentation in 

our context was predominantly sense-making over persuasive. In contrast, the clicker discussions 

previously described included many disagreements between student ideas with each giving 

conflicting reasoning to support his/her claims (Knight et al., 2013). By nature of clicker 

questions, there is often one right answer from a given set of multiple choices which may have 

encouraged persuasive arguments to form more readily. Furthermore, the clicker discussions 

took place after students had initially voted individually, which allowed students to form ideas 

before engaging in peer discussion. A feature of our instructional design was for students to 

encounter the data figures for the first time together which may have promoted more sense-

making over persuasive argumentation. Another feature of our instructional design which we 

believe fostered argumentation was that students were required to reach consensus in order to 

submit a single problem set per group. While one could postulate that this would encourage 

frequent persuasive argumentation, our analysis suggest that this was not the case. Instead we 
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found that the backing of claims with evidence often took place at the group level. For example, 

if a student posed a claim, another student would spontaneously offer evidence to confirm or 

alter that claim.  

Berland and Reiser (2009) described three goals of argumentation which are sense-

making, articulation, and persuasion with the idea that they build off and support each other. We 

suggest that the extent to which different features of argumentation will be present is heavily 

influenced by the nature of the task, though individual group dynamics will certainly play a role 

regardless of task design. In this study, we show that students engaged in argumentation, 

primarily in the form of sense-making, without the oppositional prompts or teacher direction that 

have been often used in K-12 classrooms (Osborne et al., 2004). Instead, we demonstrate that 

within an undergraduate curriculum designed to engage students in model-based data 

interpretation, argumentation emerged naturally. Others have suggested the inter-dependence of 

scientific practices, for example Passmore and Svoboda (2012) used the “Practice Framework” 

to illustrate various ways that using models and data to explain natural phenomena in a 

classroom could elicit argumentation. Our findings provide an example of an instructional setting 

in which model use, argumentation and data interpretation all occurred. Within our analysis, we 

found a few examples that suggest potential interaction between these practices. Most often 

students used target models to confirm or expand evidence-backed claims which were 

constructed through argumentation around data figures. In these cases models provided a 

biological context in which students could make sense of data patterns either after or during 

examination of data figures. Less commonly, students seemed to use the target model itself as 

further evidence to support their claims about the validity of a potential data interpretation. 

While our data suggest the possibility of coordinated model-use, argumentation, and data 



90 

 

interpretation, a complete analysis along these lines is beyond the scope of the current paper. We 

suggest that further study is needed in this area.   

Connecting data interpretations to biology through models 

Though modeling has long been proposed as an important practice in science classrooms 

(R. Lehrer & Schauble, 2000; Penner & Others, 1997), there has been a recent surge of interest 

in this instructional approach. Several groups have significantly advanced our understanding of 

how models may be used in the classroom (Lehrer & Schauble, 2006; C. Passmore, Stewart, & 

Cartier, 2009; Schwarz et al., 2009; Windschitl et al., 2008) and modeling has been included as a 

disciplinary practice in the NGSS. Within the undergraduate biology community, significant 

discussions about the use of models have also begun, for example Dauer et al. (2013) have 

proposed using box-and-arrow models as a way for students to represent their developing 

understanding of evolution and variation in a classroom setting and Svoboda and Passmore 

(2010) have evaluated a program that engaged a small group of undergraduates in researching 

mathematical models of biological data. It should be noted that the term “model” here can be 

used to mean quite different things: in the case of Dauer et al. (2013) conceptual models that 

students use to represent their own developing understanding; in the case of Svoboda and 

Passmore (2010) mathematical models of data sets developed by students to explain biological 

phenomena. The target models used in our study were in some ways similar to those from the 

Svoboda and Passmore study in that they were designed to explain biological phenomena and 

map to experimental data. However, target models in our study differed in that they were not 

mathematical or student-generated. 

Much interest in modeling begs the question: Why have so many decided that models 

hold such potential for science education? Modeling is an integral component of how scientists 
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conduct research. Models act as mental organizers for the accumulating data-based conclusions 

they have made and help scientists make sense of new data. Thus models are the frame of 

reference for conducting scientific research, making the use of models a key practice for students 

to understand or engage in. Additionally, mental models, and external representations of these 

models, provide the space for generative reasoning, a place to mentally animate the spatial, 

temporal and causal features that are the basis for understanding the mechanisms investigated in 

our field (Dunbar, 1999; Nersessian, 2008). In our case, the goal of instruction was to integrate 

biological content with the scientific practice of data interpretation. We found the two actually 

support each other: models provided a useful thinking tool for the complex task of data 

interpretation while simultaneously providing a pictorial representation of the set of biological 

ideas we wished to convey. Similarly, we aimed to help students understand that textbook 

diagrams represent hypotheses that have been derived through interpretation of experimental 

evidence.  

Our investigation revealed that productive use of models by students took three main 

forms. First, students used the target model to expand the interpretive claims they had already 

formed about what might be inferred from a particular data figure. Often, this behavior seemed 

to be guided by the task prompt to “relate to the model”. Second, some groups of students 

utilized ideas from the target model throughout the data interpretation process, seemingly using 

the biological content of the model to make sense of the data figure in a relatively integrated 

manner. Finally, the target model provided a readily available resource for reviewing or 

discussing potentially confusing biological ideas or features of the experimental design.  

Though relatively rare, we did find cases in which students in our study spontaneously 

generated hypotheses related to target models. We found more of these “highly generative” 
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written interpretations in the context of one of the four problem sets we investigated. We 

speculate that this generative reasoning may have been prompted by the fact that some of the 

data presented an idea that could not be fully explained by what was represented in the target 

model. The in-class tasks that were the focus of this study asked students to interpret data figures 

and explain how those interpretations related to a provided model. Some other activities in the 

course, not examined in the research study, asked students to expand models to accommodate 

new data, compare competing models, or determine that a data figure did not support a model. 

We suspect that through these types of activities models might provide an even greater support 

for students’ generative reasoning.    

Finally, we would like to conclude with the suggestion that viewing “data interpretation” 

as a stand-alone set of skills is no more productive than teaching biology as a series of “isolated 

facts to be memorized”. When students are asked to examine how real data are used to explain, 

refine or build models of key biological concepts the facts and the skills take on meaning as a 

cohesive unit. Thus we hope that more instructors, including those of large-enrollment courses, 

can begin to view the inclusion of data interpretation within their curriculum as a feature that will 

strengthen students understanding of key biological ideas, rather than an additional set of skills 

that will take time away from the content they wish to cover. 
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FIGURE LEGENDS 

Figure 1. Example of a target model and data figure taken from the BRCA Tumors in-class 

problem set. Images were taken from a published research article (Bryant et al., 2005)(Helleday, 

Bryant, & Schultz, 2005); explanatory box pointing to collapsed replication fork was added. 

Figure legends were written by the course instructor and were provided to students. The target 
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model shows PARP protein repairing single stranded breaks (SSB) in DNA, but if inhibited, the 

SSB can cause a collapsed replication fork which includes a double stranded break in DNA that 

BRCA2 protein repairs through homologous recombination. Therefore cancer cells that are 

BRCA2-deficient are sensitive to PARP inhibition. The data figure consists of two line graphs 

that show how cancer cells missing BRCA2 are more sensitive to PARP inhibitor drugs than 

wild-type cancer cells containing BRCA2; and this phenotype can be rescued to behave similar 

to wild-type by complementing BRCA2. 

Figure 2. Different forms of model use observed during small-group discussions. Students used 

models productively in three primary ways, shown in A, B, C, while interpreting data during in-

class problem solving sessions.   

Figure 3. Examples taken from the RTK Signaling in-class problem set. Target model image 

was taken from a review article (Lavoie & Therrien, 2011) data images were taken from a 

published research article (Davies et al., 2002). Figure legends were written by the course 

instructor and were provided to students. The target model on the problem set shows the normal 

signaling cascade of RAS�BRAF�MEK�ERK compared to a BRAF mutant that activates its 

downstream effectors independent of its upstream activator, RAS, thereby promoting cell 

proliferation and survival. Data Table 1 demonstrates the high incidence of certain mutations in 

BRAF in melanoma tissue samples. The bar graph in Data Figure 1 shows higher bars (indicating 

activation of MEK) for certain BRAF mutants listed on the X-axis. The western blot in Data 

Figure 2 is measuring the change in ERK phosphorylation with and without the presence of a 

constitutively active RAS and with the addition of various mutant forms of BRAF. The data 

figure demonstrates how the RTK signaling cascade can be short circuited with a mutant BRAF 

activating its downstream effectors (MEK and ERK) in the absence of upstream RAS signaling. 
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Figure 4. Student dialog during pattern noticing took two primary forms. Most commonly 

students within the group described data patterns before making claims about the meaning of the 

data figure. Less commonly, data patterns were described during claim building. In both forms, 

patterns within data figures would then be used as evidence to support the claim.  
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Figure 1. 

 

 

 

 

 

 

 

 

 

 

  

 

  

Target Model:  

Cancer cells in this 

situation die if 

they are BRCA-/- 

because they 

have no backup 

way to repair 

their DNA. 

Data Figure: 

Figure Legend. This assay looks at survival of cells in 

vitro. Cells were treated with increasing concentrations 

of two different PARP inhibitors (NU1025 and 

AG14361). WT cancer cells are shown by open circles; 

BRCA2 -/- cells are shown by filled circles. BRCA2-/- 

cells with BRCA2 complemented (added back) in two 

different ways are shown by squares and triangles.     
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Figure 2. 
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Figure 3.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

  

Target Model:  

Figure Legend. In this experiment, BRAF protein was 

isolated and combined with additional proteins in vitro. 

The level of activation of MEK in vitro was then measured. 

BRAF is the wild type version of the protein.  G463V, 

G468A, L596V and V599E are four different B-RAF 

mutants. Fold activation is determined by dividing the 

level of activation measured by the level measured for the 

control (BRAF). Thus it represents the “fold” increase over 

baseline. 

Data Figure 1: BRAF mutants have higher 

MEK activation 

Table 1: BRAF mutations are prevalent in melanomas 

Figure Legend. The results in Table 1 show a screen of samples 

taken from various human tumors. Each line shows a different 

mutation found in the BRAF gene. “Mel.” and “Mel STC” are 

two forms of melanoma. “Colo. ca.” is colorectal cancer. 

Data Figure 2: BRAF mutants activate ERK 

independent of RAS 

Figure Legend. In this experiment, half of the cells 

were transfected with constitutively active RAS (G12V 

HRAS). Some cells were also transfected with wild type 

BRAF or one of the BRAF mutant proteins. Western 

blots were performed with antibodies that specifically 

bind to phosphorylated ERK proteins (ERK1/2) (the 

antibody does not bind to the ERK protein if it is not 

phosphorylated). 
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Figure 4. 
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Table 1. Comparison of All Students to Consented Students on Mean Exam Scores.  

 All 
Students 

 

Students 
Consented for 
Written Work 

p  Students Consented 
for Audio Recording 

p 

Year 1 76(1.3) NA NA 78(1.6) .227 

Year 2 76(0.9) 78(0.9) .130 80(1.1) .030 

Numbers in parenthesis represent standard error. Student t-Tests were used to generate p values. 
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Table 2. Comparison of All Students to Consented Students on Final Course Grades.  

 All 
Students 

 

Students 
Consented for 
Written Work 

p  Students Consented 
for Audio Recording 

p 

Year 1 82(1.1) NA NA 85(1.0) .100 

Year 2 86(0.7) 87(0.7) 0.211 89(1.0) .044 

Numbers in parenthesis represent standard error. Student t-Tests were used to generate p values. 
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Table 3. Percent and range of scores for written data responses 

 Level 1 Level 2 Level 3 Level 4 

Generative 13%(0-29) 20%(0-40) 64%(43-84) 2% (0-15) 

Valid 13%(0-36) 49%(29-69) 38%(14-50) NA 

N=133 group responses across 4 in-class activities. Range is in parentheses. 
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Table 4. Frequency of qualitative coding categories within transcripts 

Productive a 
model use 

Argumentation Decoding Noticing 
Patterns 

Rabbit Hole Rabbit Hole 
Aversion 

59% 82% 89% 98% 20% 5% 

n=55 transcripts coded at whole transcript level with the exception of “productive model use” 

which was coded for the discussion of each individual data figure. a n=44 transcripts; 104 data 

figures.  
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SUPPLEMENT 1. Problem-Sets that were given to students as worksheet handouts. These 4 

problem-sets (Cystic Fibrosis, Cell Cycle, RTK Signaling, BRCA Tumors) were the focus of 

analysis in the paper. 

CYSTIC FIBROSIS 

Cystic Fibrosis (CF) is a genetic disorder that results from a mutation in an ion channel termed CFTR. 

The lung is one of the organs most affected by the disease. Thick mucus builds up on the surface of 

alveolar cells in the lung and patients are plagued with frequent lung infections. In individuals who do not 

have CF, CFTR allows chloride ions to flow from the inside of lung cells to the extracellular space. 

Extracellular chloride concentrations are high, relative to intracellular, as are extracellular sodium 

concentrations; intracellular potassium concentrations are high. At the steady state, water diffusion 

maintains an appropriately fluid mucus lining of the alveolar space. The most common CF-causing 

mutation (∆F508) results in a mis-folded protein that is not properly modified in the Golgi, is degraded by 

the cell, and is almost absent from the cell surface. The biological model depicts the alveolar space in 

normal and diseased lungs. The 

current CF model includes 

increased levels of a sodium 

channel (ENaC) at the surface of 

lung cells when CFTR is missing 

from the cell surface. This mis-

regulation of ENaC further 

exacerbates the salt and water 

balance in patient’s lungs. The 

following experiments, from 

research over a number of 

years, have contributed to this 

model of CF disease.  

Q1: Given what you know about 

typical membrane potentials and 

the chemistry of ions behavior, why does sodium flow in the direction shown in the model? 

Q2: Based on the biological model, how would you predict that the intracellular concentration of Cl- and Na+ 

would be different in normal and CF patient lung cells? How do you predict this difference would affect the 

net diffusion of water between the mucus and the intracellular environment? 

In Experiment 1 (Boucher, Cotton, Gatzy, Knowles, & Yankaskas, 1988), airway cells were collected 

from normal and CF patients and 

cultured. A microelectrode was used 

to measure potential differences (Va) 

across the membranes of individual 

cells (similar to Patch Clamp 

analysis). Panel 1 is a representative 

example of the trace from a single 

sample for which the membrane 

potential was measured in a control 

solution (Ringer) and then after the 

introduction of a chemical that 

specifically inhibits ion flow through 

sodium channels (Amiloride).  
Experiment 1 

A B 
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Q3: What is the potential difference across the membrane of normal and CF cells before the Amiloride 

treatment?  What might account for this difference between samples? 

Q4: What is your interpretation of the sample data shown when cells are treated with Amiloride? What 

factors in the biological model could account for how each tissue responds to this drug? 

In Experiment 2 (Yan, Samaha, Ramkumar, Kleyman, & 

Rubenstein, 2004), Xenopus oocytes (which are large and 

easy to manipulate) were injected with mRNA message 

allowing cells to express either ENaC or ENaC and CFTR. 

Both sets of cells were stimulated with forskolin-IBMX  

(which activates CFTR to allow Cl- flow) or with a control 

solution. Western blots were performed with an antibody 

specific to a portion of the ENaC protein; an artificial tag was 

included that allowed researchers to only detect ENaC on 

the cell surface through a biotinylation procedure (panel A) 

or to detect all ENaC in whole cell lysates (panel B). 

Q5: What is your interpretation of the data in Experiment 2? 

Q6: How do these findings confirm the biological model? What do 

they add to the model?  

The data in Experiment 2, and other 

findings, suggested a regulatory 

relationship between CFTR and ENaC. 

Recently, a group of researchers 

(Experiment 3(Grubb et al., 2012)) 

decided to explore this relationship 

further using a transgenic mouse that 

overexpresses the ENaC protein 

(ββββENaC mice); these mice have a CF-

like phenotype with reduced volume 

of liquid on the airway surface (ASL) 

and mucus plugging of the airways. 

They crossed ββββENaC mice with mice 

that overexpressed human CFTR 

specifically in lung cells (hCFTR 

mice). They then added colored fluid 

on top of cultured airway cultures 

from each group of mice (including a 

normal control) and measured the 

height of the volume of liquid (ASL) as 

it eventually reached a steady state 

level, using confocal microscopy.  

Q7: If CFTR has a direct effect on the cell surface levels of the ENaC protein, what results would you 

predict for Experiment 3? Draw your own model (adapting the biological model given) for what you 

might hypothesize would happen in this case. 

 

Q8: What is your interpretation of the data in Experiment 3? Why does the volume of the water on the 

surface of the cells seem to change depending on the presence of ion channels?  

 

Cell Surface 

Whole Cell 

For data figure used, please refer to Grubb et al. 2012. 

Figure 8. Dysregulation of airway surface liquid (ASL) volume 

in β-ENaC and hCFTR/β-ENaC mouse cultures 
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Q9: Do the results of Experiment 3 confirm your model? Why or why not? 

CELL CYCLE 

This worksheet is based on work by Evans and Rosenthal et al. (1983) and Murray, Solomon and 

Kirschner (1989) (Evans, Rosenthal, Youngblom, Distel, & Hunt, 1983; Murray, Solomon, & Kirschner, 

1989).  The first set of data were obtained from dividing sea urchin eggs, when scientists had relatively 

little idea about what causes cells to progress through the cell cycle.  The second set of data were 

obtained from a xenopus egg extract system.  At the time of the second paper, scientists were 

hypothesizing the role of cyclin as a regulatory component of maturation promoting factor.  At the point 

this paper was published, scientists were trying to functionally explain the exit of cells from mitosis using 

what they knew about MPF. 

 

Biological Model (Gautier et al., 1990).  Diagram of the cdc2/Cyclin Cycle.  This simplified diagram 

illustrates the essentials of the relationship between cyclin, cdc2, kinase activity and the cellular 

consequences of that activity.  Newly synthesized cyclin joins preexisting cdc2 to form pre-MPF, which 

lack kinase activity until the cdc2 subunit is dephosphorylated.  Cyclin is phosphorylated as the cdc2 

becomes active and active MPF is then able to initiate entry into mitosis.  Cyclin is subsequently 

destroyed.  This leads to loss of MPF activity and return to interphase. 

  

For image of biological model used, please refer to Gautier et al. 1990. 

Figure 7. Diagram of the cdc2/Cyclin Cycle 
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Figure 1.  A suspension of urchin eggs was fertilized, and after 6 minutes radio-labeled methionine was 

added.  Samples were taken for analysis on gel electrophoresis at 10 minute interviews, starting 16 

minutes after fertilization.  The autoradiograph of the electrophoretic gel was scanned for label density, 

and the data were plotted as shown.  The percentage of cells undergoing division at any given time are 

plotted as the “cleavage index”.  The authors called Band A “cyclin”. 

Q1. Describe and interpret the data in Figure 1. 

Q2. Relate these findings to the biological model. 

  

For data figure used, please refer to Evans et al. 1983. 

Figure 2. Correlation of the Level of Cyclin with the Cell Division Cycle 
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Figure 2.  These experiments were performed by adding sperm nuclei to oocyte extracts as an artificial 

system to measure movement of the nuclei between mitosis and interphase. mRNA for the cyclin 

protein was added to the system to allow synthesis of cyclin proteins. The cylin mRNA was either for a 

version similar to wild-type (CYC wild type) or for a mutant version of the protein that was not able to be 

cleaved by proteolysis (CYCdelta90). Radiolabled- methionine was also added, so that when cyclin 

proteins were made they could be detected when run on gel. The times shown were minutes after the 

extracts were combined with the nuclei. The indicator of artificial entry into mitosis was measured by 

watching nuclear break down (NBD). Return of nuclei to an interphase-like state was also observed 

(Inter).    

Q3.  Describe and interpret the data in Figure 2. 

Q4.  Relate these findings to the biological model. 

Q4.  What does the experiment in Figure 2 add to the experiment in Figure 1? 

  

For data figure used, please refer to Murray, Solomon, & Kirschner 1989. 

Figure 3. Induction of mitosis by cyclin made in reticulocyte lysate 
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RTK SIGNALLING 

This model (Lavoie & Therrien, 2011) depicts how 

a mutant form of B-RAF can activate MEK and 

thus ERK, leading to cellular proliferation, even in 

the absence of signaling through RAS.  The model 

zooms into a portion of the RTK pathway (some 

parts are not shown). Prior to the research shown 

here, scientists had shown that mutations in RAS 

were common in malignant tumors and that this 

was because constitutively active RAS could lead 

to signaling events that promoted unregulated 

cellular proliferation.  The authors of the data 

figures below (Davies et al., 2002) are trying to 

demonstrate that mutations in B-RAF can also 

contribute to the development of cancer, 

independent of mutations in RAS. 

 The results in Table 1 show a screen of samples taken from various human tumors.  Each line shows a 

different mutation found in the B-RAF gene.  “Mel.” and “Mel STC” are two forms of melanoma.  “Colo. 

ca.” is colorectal cancer.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Q1.  What can you conclude from the data in Table 1?  How do they support the idea that B-RAF is a 

clinically important oncogene? [some columns, from other types of samples, are deleted for 

simplicity] 
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Figure 1.  In this experiment, B-RAF protein was isolated and 

combined with additional proteins in vitro.  The level of 

activation of MEK in vitro was then measured. B-RAF is the wild 

type version of the protein.  G463V, G468A, L596V and V599E are 

four different B-RAF mutants.  Fold activation is determined by 

dividing the level of activation measured by the level measured 

for the control (BRAF).  Thus it represents the “fold” increase 

over baseline.  In a prior experiment, 89% of the mutations found 

in the cancer cells were within or very close to the activation 

segment of B-RAF, which is responsible for its protein kinase 

activity.  Each of the mutants represented in this figure were 

from mutations found in the kinase domain of the protein. 

 

 

Q2.  Describe and interpret the results of the experiment performed in Figure 1.   

Q3. Explain how these results relate to the biological model. 

 

Figure 2.  In this 

experiment, half of the 

cells were transfected 

with constitutively active 

Ras (G12V HRAS).  Some 

cells were also 

transfected with wild 

type B-RAF or one of the 

B-RAF mutant proteins.  

Western blots were 

performed with antibodies that specifically bind to phosphorylated ERK proteins (ERK1/2) (the antibody 

does not bind to the ERK protein if it is not phosphorylated).   

Q4.  Describe and interpret the results of the experiment performed in Figure 2 

Q5.  Explain how these results relate to the biological model.   

 

  

Figure 1 

Figure 2 
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BRCA TUMORS 

This model (Bryant 

et al., 2005) above 

explains why BRCA2 

-/- tumors are 

thought to respond 

to PARP inhibitors.  

PARP is a normal 

cellular protein that 

is required for 

repair of single 

stranded break in 

DNA (something 

that happens all the 

time in cells).  There 

are actually two PARP proteins referred to in this paper PARP1 and PARP 2.  The authors’ model suggest 

that PARP1 is the protein important here.  In this model PARP inhibition is accomplished through 

treatment with specific drugs.  The collapsed replication fork is thought to form when single stranded 

breaks cannot be repaired.  The collapsed replication fork includes a double stranded break in DNA.  

Normally, these double stranded breaks can be repaired through another mechanism (homologous 

recombination error-free).  This mechanism does not function properly in BCRA-/- cells.  Thus BRCA-/- 

cells do not have an efficient way to repair these double stranded breaks.  Data figures are from a 

published article (Bryant et al., 2005). 

Q1:  Looking at the model, explain what happens when PARP proteins are inhibited? 

Q2:  What is the function of wild type BRCA2 in this model? 

Figure 1  This assay looks at survival of cells in vitro.  Cells were treated with increasing concentrations 

of two different PARP inhibitors (NU1025 and AG14361).  Wild type cancer cells are shown by open 

circles; BBCA2 deficient cells are shown by filled circles.  BRCA2 deficient cells with BRCA2 

complemented (added back) in two different ways are shown by squares and triangles.     

Q3.  Describe and interpret the data shown in Figure 1 and explain how it relates to the model. 

Q4.  Describe and interpret the data shown in Figure 2 and explain how it supports the model. 
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Figure 2 Cultured cancer cells were treated with various forms of 

siRNA.  RT-PCR for BRCA2, PARP1, PARP2, and β-actin was performed 

on mRNA collected from these cells (panel A).  In a separate set of 

experiments, cancer cells treated with siRNA (as in panel a) were 

followed for 48 hours after siRNA treatment and survival rate was 

measured.   

 

 

 

 

 

 

 

Figure 3.  

Cancer 

cells were 

cultured 

without 

(control) 

or with different concentrations of a PARP 

inhibitor (NU1025).  Cells were examined for 

an indicator of double stranded breaks 

(panel b) or for an indicator of homologous 

recombination for repair of double stranded 

breaks (panel C).  In both panels, black bars 

represent BRCA2 deficient cells and white bars represent BRCA2 deficient cells with BRCA2 added back 

(in other words, cells that contain BRCA2)   

Q5.  Describe and interpret the data shown in Figure 3 and explain how it supports the model. 

Figure 4.  Cancer cells were injected into 

the thigh of mice to induce formation of a 

tumor.  Then the growth of the tumor was 

measured over time.  During the five days 

indicated by the arrows, mice were injected 

with either a PARP inhibitor (AG14361) or 

saline as a control.  V-C8 is a BRCA2 

deficient cancer cell line.  V-C8+B2 is that 

same cell line with BRCA2 added back. 

Q6.  Describe and interpret the data 

shown in Figure 3 and explain how it 

supports the model. 
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For data figure used, 

please refer to Bryant et 

al. 2005. 

Figure 3. BRCA2-deficient 
cells fail to repair a 

recombination lesion 
formed by inhibitors of 

PARP 

 

Figure 3 
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SUPPLEMENT 2. Two examples of using formative and summative assessments for learning 

objectives that integrate content and scientific practice. 

    

Sample Learning Objective 1 (one of the objectives for a protein trafficking unit which included 

receptor-mediated endocytosis):  Relate experimental data to the model of receptor-mediated 

endocytosis that explains familial hypercholesterolemia in the typical and JD cases. 

[Data for LDL binding and internalization are taken from Brown and Goldstein, 1974 (left) 

and Davis et al., 1986 (right).(Brown & Goldstein, 1974; Davis et al., 1986)]   
 

Sample Clicker Question:  

Which of the following did the researchers NOT know before the start of their study in the 

research article?  

A) familial hypercholesterolemia could be caused by a mutation in the LDL receptor 

B) LDL binds to receptors at the cell surface 

C) The LDL receptor tail interacts directly with coated-pit components 

D) LDL receptors enter the cell via endocytosis at coated pits 
 

Sample Multiple-Choice Exam Question: 
You are studying the inherited condition familial 
hypercholesterolemia, which causes afflicted 
patients to have profoundly elevated levels of 
cholesterol in their blood.  You have identified two 
mutations in the LDL receptor in these patients, 
Mutation 1 (very common) and Mutation 2 (quite 
rare). You have cell lines that have been created 
from cells from these patients as well as from people without the condition.  You are 
conducting an experiment to measure binding and internalization of LDL by cells that have 
each mutation, compared to “normal” cells. Here are your results: 

    
Which of the following is the MOST 
REASONABLE statement about the mutations 
in the LDL receptor? 

A)  Mutations 1 and 2 both affect the 
cytoplasmic region of the LDL receptor. 
B)  Mutations 1 and 2 both affect the 
extracellular region of the LDL receptor. 
C)  Mutation 1 affects the extracellular region of 
the LDL receptor and Mutation 2 affects the 
cytoplasmic region of the LDL receptor.   
D)  Mutation 1 affects the cytoplasmic region of 
the LDL receptor and Mutation 2 affects the 
extracellular region of the LDL receptor. 
E) Mutations 1 and 2 both affect the 
transmembrane region of the LDL receptor.   
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Sample Short Answer Exam Question: 

You are working with the Goldstein lab to provide 

evidence for their model of the interaction between 

membrane receptors and clathrin coated pits - shown 

to the right.  You goal is to relate this model to the 

process of receptor mediated endocytosis, specifically 

you are investigating endocytosis of LDL.  For your 

experiments you are using cultured cells and knocking 

down the AP2 adaptor protein using siRNA (or using scrambled siRNA).  You are then 

providing cells with LDL and then collecting endocytosed vesicles via fractionation (a process 

that uses centrifugation to separate different parts of cells by their density).  You perform 

Western blots for several proteins on the vesicles you collected.  Your results are shown 

below. 

 

 

 

 

 

 
 

 

A) Describe and interpret the results of your Western blot.  Relate these results to the 

biological model. 
 

Sample student answer:  “In untreated cells, endocytosed vesicles contain AP2, LDL 

receptor, and clathrin, which the model predicts.  When AP2 is knocked down in Lane 2, 

AP2 isn’t present, indicating the siRNA was successful.  LDL receptor also isn’t present.  

Clathrin is present, indicating vesicles coated with clathrin were still endocytosed.  The 

results for the untreated cells indicate that AP2, LDL receptor, and clatrhrin all ended up in 

the vesicle.  When AP2 is absent, the vesicle still forms, but LDL receptor isn’t present, 

indicating that AP2 is necessary for LDL receptors to bind to coated pits.  This supports the 

model, which shows that APO2 connects LDL receptor to clathrin, allowing them to be 

endocytosed together.  The scrambled siRNA results match the untreated indicating that 

technique did not cause abnormalities.” 

B)  Next you perform an immuno-gold electron microscopy experiment in which you stain 

cells for the LDL receptor (just like we did in journal club worksheet).  Describe the 

experimental results you would expect for each of your experimental conditions (untreated 

cells, AP2 siRNA, and scrambled siRNA) in your immuno-gold electron microscopy 

experiment.  In other words, what would you likely see in each condition? 

Sample student answer: “For untreated, you would expect LD receptor to be localized to 

the coated pits.  For scrambled siRNA, you would expect the same.  For AP2 siRNA, you 

would expect to see LDL receptor spread out all over the plasma membrane.  Scrambled 

siRNA is you negative control.”  
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Sample Learning Objective 2 (one of the objectives for a protein trafficking unit which included 

Golgi transport):  Use experimental evidence to argue for the vesicular transport model or 

cisternal maturation model of transport of proteins through the Golgi complex. 
[Model taken from Martinez-Menarguez 2013 (©Creative Commons); Electron micrographs from 

©Mironov et. al., 2001 originally published in JCB. doi10.1083/jcb.200108073 and ©Martinez-

Menarguez et al., 2001 originally published in JCB; Fluorescent micrograph from Losev et. al 2006] 

(Losev et al., 2006; Martinez-Menarguez et al., 2001; Martínez-Menárguez, 2013; Mironov et al., 2001) 
 

Sample Clicker Question: 

 
 

 

 

 

 

 

 

 

 

 
 

 
 
 
 

 

Sample Multiple-Choice Exam Question: 
Which of the following is necessary for the Cisternal Maturation model of protein transport through the 
Golgi, but not true of the Vesicle Transport Model? 
A) Golgi enzyme proteins move in vesicles in a retrograde direction. 
B) Secreted proteins move in the retrograde direction. 
C) Secreted proteins move in vesicles between cisternae. 
D) Golgi cisternae each contain different enzymes that function to modify carbohydrates. 
 

Sample Short Answer Exam Question: 
In the fluorescent micrographs, each spot represents an individual 

Golgi cisternae.  The arrow is pointing to the same cisternae at 

different points in time (time is passing from left to right).  These cells 

were stained for a-manosidase I (a cis-Golgi enzyme), shown in 

green, and galactosyl transferase (a trans-Golgi enzyme), shown in 

red.  Describe and explain the results of your experiment AND 

explain which model the data support and how. 

Sample Student Answer: “The color of the individual Golgi cisternae is clearly 

changing colors as the time passes.  The cisternae initially fluoresces green, then fluoresces red.  This would 

indicate that the contents of the cisternae are not changing from manosidase I to galactosyl transferase.  Since 

manosidase I is a cis-Golgi enzyme and galactosyl transferase is a trans-golgi enzyme, we can assume the 

cisternae is moving in an anterograde direction.  The results of this experiment fit the cisternal maturation model in 

which the same cisternae move from cis to trans face, with a change in enzyme components along the way.  In 

this model, it is the vesicles, that travel in the retrograde direction.” 

VSVG, secreted protein, in 
cisternae but not vesicles 

vesicles

Mannosidase II, Golgi 
enzyme,  

Which model do these data best 

support? 

A) Vesicular Transport Model 

B) Cisternal Maturation Model 

C) Could be A or B 

Be ready to explain why. 
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 SUPPLEMENT 3. Coding Schemes for Qualitative Data Analysis 

a one code per figure discussion, b if no, go to code 2, c if no, go to code 3 or 4, d if no, code as "Missing 
model link: No attempt" 
 
 

  

Model Use Coding Scheme (for transcipts) 

Code a Description Example 

1
. 

P
ro

d
u

c
ti

v
e

 m
o

d
e

l 
u

s
e

 b
 Anytime students use model productively, 

including, but not limited to: 
- use model to set-up experiment 
- integrate model within claim building 
- instructor or TA uses model to explain 
- relate model at the end of claim building 
- check claim against model AND helps 
expand the claim 

S1: in here, it says MEK activation is what it is, so I would 
say that um, basically it’s showing that the mutant versions 
of BRAF have higher, are um, able to increase MEK 
activation, or have like a higher MEK activation than um, 
just wild-tupe RBAF. 
S2: What is the MEK activation leading to? Oh, it increases 
proliferation. 
S1: What? 
S2: So then the MEK increases proliferation and can cause 
it to be cancerous. Right here, that’s where I’m getting it 
from, the MEK proliferation and survival 

[Gr.1 RTK Signaling] 
 

2
. 

V
a

g
u

e
, 

u
n

p
ro

d
u

c
ti

v
e

 m
o

d
e

l 

u
s

e
 c

 

When a student relates to the model by 
reiterating claims previously mentioned 
during claim building. Or when a claim is 
checked against the model but the claim 
does not change or progress in any way.  

S2: so the data shows, G4 blah blah V5 [BRAF mutant], 
have a higher activation of MEK. [claim] 
[…] 
S2: how do these results. B-RAF mutations 
S1: wait what are you writing? 
S2: for like how do these support the model? B-RAF 
mutations um allow for activation of MEK. 
S1: okay so second one. [move to next question] 

[Gr.23 RTK Signaling] 

3
. 

M
is

s
in

g
 m

o
d

e
l 

li
n

k
: 

A
tt

e
m

p
t 

d
 

When students explicitly mention they 
need to use the model but do not progress 
further or wait for answers to be 
announced. Or when students incorrectly 
relate to the model. 

S2: the folding is what’s like, how much it’s folding is like 
activating the kinase domain or, that’s what’s like making 
the cancer right? The mutations in BRAF… 
S1: how does this - I don't even get this model. 
S2: [inaudible] and BRAF increases the folding 
S1: I'm just gonna wait until she goes over the answers 
[Off-topic chatter]. 
S2: I don't know. Are we still talking about number 3? This 
model. 
S1: I don't know. [Inaudible] wait and see what she says. 
S2: I still don't understand this model 
S1: yeah 
S2: dude I'm still having a hard time understanding this. 

[Gr.17 RTK Signaling] 

4
. 

T
o

o
 d

if
fi

c
u

lt
 t

o
 t

e
ll

 d
 When students use/mention the model but 

there is not enough information in the 
dialogue to see how students 
are using the model. Or when coder 
cannot tell if model use is productive or 
vague/unproductive. Or when group 
eludes to relating their claim to the model 
but do not explicitly discuss the model 
link. 

S3: Don't they both have BRCA deficient cells? 
S1: No this is the only one that is BRCA deficient. The 
squares and triangles were BRCA deficient, but they added 
back. You need a much smaller concentration of the 
inhibitor to cause cell death, or like to cause significant cell 
death  
[off-topic chatter]. 
S3: Then I'll just relate it to the model right? [May have 
related on their own]. 
S1: Yeah 

[Gr.22 BRCA Tumors] 
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Presence of Argumentation and Other Common Strategies for Interpreting Data 
Coding Scheme (for transcripts) 

Code Description Example 

A
rg

u
m

e
n

ta
ti

o
n

 

At least 2 students working 
together to build claims 
(interpretations) through evidence 
(validly linked to claim to support or 
counter claim). 

S2: mutations in BRAF are associated with the incidence of skin 
cancer, or melanoma [INITIAL CLAIM] 

S1: you can also get colorectal or ovarian, but you are right, skin 
cancer dominates 
S3: yeah you have 80 and 67 then you have 12 and 14 [percent] 
[EVIDENCE] 

S2: melanoma dominates as the primary tumor for these BRAF 
mutations, however [CLAIM]  

[…] 
S1: these are both melanoma, the first 2. So you see really large 
percentages there [EVIDENCE] 

S2: so in other words, mutations in BRAF pretty much are gonna 
[inaudible] melanoma cancers 
S4: melanoma? 
S2: yeah 
S3: you have higher incidence of mutated BRAF than, in skin 
cancer, than in other cancers [FINAL CLAIM] 

[Gr.16 RTK Signaling] 
 

D
e
-c

o
d

in
g

 t
h

e
 D

a
ta

 

R
e
p

re
s
e
n

ta
ti

o
n

 

When student asks or describes 
what the symbols, numbers, lines, 
shapes, etc. presented in data 
mean/represent. This does not 
include referring to which panel 
represents what (i.e. ‘a’ is normal, 
‘b’ is mutant). 

S1: Like, what are these... 
S2: These are different types of mutants of the RAF. So they 
either added wild type RAF or various mutant forms of RAF. 
S1: Oh okay. 
S2: And I guess this plus means that it is constitutively active 
thing and the minus means it doesn't? 
S3: It does mean that or minus doesn't mean mutation, does it? 
S2: Cause it's like each RAS here... 
S3: Okay so plus means it does have it. 
S2: Yeah. 
S3: Okay. 

[Gr.6 RTK Signaling] 
 

R
a
b

b
it

 H
o

le
 

When students spend 10 or more 
speaker turns (this can include 
instructor/TA) on a distracting 
feature of the data representation. 
The distracting feature must be a 
variable you can point out in figure. 
This does NOT include time spent 
on wrong experimental idea or 
theoretical concept. 

S1: Yeah they do appear to be darker... 
S2: Yeah. They appear to be darker. 
S1: But then in ERK2 you have protein in every single case 
S3: I'm sure it's everywhere 
S2: How is ERK1 and ERK2 different though? Like in this pathway 
like? 
S3: What are the differences? 
S2: Are they both like the orange things? [reference to target 
model] 
S3: Isn't ERK1 like in one pathway and ERK2 goes in another 
pathway 
S2: That's what I was thinking, but it really doesn't seem like ERK 
on the left is phosphorylated and it says both are... 
S3: yeah I don't know where we see ERK1 and ERK2, where they 
are at like separately 
S2: yeah I don't know, that's what I am saying 
S1: yeah I don't get it. I don't know the difference between ERK1 
and ERK2 
S2: I don't know how that makes a difference here. 

[Gr. 16 RTK Signaling] 
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R
a
b

b
it

 H
o

le
 A

v
e
rs

io
n

 (
R

H
A

) When a student and/or 
TA/instructor explicitly redirects 
focus from a distracting variable or 
unfruitful path. This includes if the 
distracting variable was 1 speaker 
turn AND someone explicitly says, 
"Don't worry about it" or similar. 
This does NOT include when the 
focus shifts without some explicit 
redirection (i.e. 1 speaker turn on a 
distracting variable and then 
another speaker turn on 
appropriate variable without some 
redirect comment in between). 

S1: Um… So I don’t get though like what is the difference 
between ERK1 and ERK2? 
S2: I think it’s just different forms of this Kinase, like they’re 
different kinds of this Kinase. 
S1: Right. But I mean like… is ERK2 and this pathway or, I mean, 
what is the… 
S2: I think there’s just multiple ERKs like just, don’t worry about it. 
Like MEK phosphorylates ERK when there’s more than one 
like…types 1 and 2… I think. 

[Gr.5 RTK Signaling] 

N
o

ti
c
in

g
 

P
a
tt

e
rn

s
 When students point out what is 

the same or different in the data, or 
when try to notice a trend or pattern 
in the data that is not yet a claim or 
interpretation. This must happen 
BEFORE claim building. 

S1: That one very similar to the constitutively active, so that one 
like was like most prevalent mutation. 
[…] um… the G463V kind of, like there’s a little bit, I mean it’s 
obvious it’s more than the H-RAS.  And then same with G468A, 
it’s a little bit higher. 

[Gr.5 RTK Signaling] 

N
o

ti
c
in

g
 P

a
tt

e
rn

s
 

W
it

h
in

 C
la

im
 B

u
il
d

in
g

 When students notice a trend or 
pattern or point out same/difference 
in data DURING the claim building. 

S1: So like it shows that with the BRCA2 in there, it doesn't really 
have an effect on death [claim]. And then 
S2: So when you have no BRCA2 function do you... 
S1: Since it can still do it the other way it doesn't really have an 
effect. And then on the next one when it adds PARP one, it can 
still do PARP2 or BRCA2 so it doesn't really have much of an 
effect. Same thing with the third column. 
S2: And when you knock them both out 
S1: Right. But once you get rid of that BRCA2 and the PARP, it 
has a significant drop [claim]. So yeah. 

[Gr.1 BRCA Tumors] 
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Written Interpretation Quality: Validity and Generativeness Coding Scheme  
(for students’ written responses) 

Score Validity (V) Generativeness (G) 

4 NA Hypothesis requires new experiment 

3 Contains all listed points (below) 
and no mistakes 

Proposes an interpretation that ties to the model/biology 
beyond the immediate variables in the data figure 

2 Contains at least one listed point 
(below) 

Makes an inference about some aspect of the figure 

1 Contains none of the listed points Does not move past a literal description of the figure/data 

 

Listed points for "Cystic Fibrosis" Problem Set 

Fig.1 ● There is a greater drop in CF cells treated with Amiloride because CF cells have more Na channels that can 

be affected by the Amiloride treatment (more channels = bigger affect). 

• Amiloride treatment makes both normal and CF cells more negative than before Amiloride treatment because 
less positive ions are flowing in, making the inside of the cell more negative. 

Fig.2 ● Cl- flow through Cl channels decreases cell surface levels of ENaC without affecting total levels of ENaC. 

• Cl- flow either directly or indirectly inhibits ENaC from reaching the cell surface or removes it from the cell 
surface, but does NOT inhibit synthesis/expression of ENaC. 

 

Listed points for "Cell Cycle" Problem Set (This worksheet presented in the Supplementary Figure has been revised 

since the data has been collected. Figure 1 here is the same as Figure 2 in the current version. Figure 2 here is no 

longer present in the current version, but can be found in Murray, Solomon, & Kirschner, 1989).

Fig.1 ● WT cyclin is degraded before interphase while cycΔ90 (nondegradable cyclin) inhibits entry into interphase. 

• Cyclin must be degraded to enter interphase or to exit mitosis (or to deactivate the MPF). 

• As long as some amount of cyclin is present, regardless if some gets degraded, the cell cannot enter 
interphase. (Students may equate this to: nondegradable cyclin is the “dominant” phenotype or overcomes 
the degradable cyclin phenotype). 

Fig.2 ● Cells with cycΔ90 are stalled in mitosis (specifically prophase). 

• Cells with cycΔ90 cannot enter interphase to continue the cell cycle and divide/cleave, hence why there is still 
only one cell (one nuclei). Alternatively, cells with WT cyclin can degrade the cyclin and enter interphase to 
continue the cell cycle and divide, hence why there are 14 nuclei. Or some mechanism for why cell cannot 
enter interphase mentioned.

 

Listed points for "RTK Signaling" Problem Set 

Fig.1 ● BRAF mutants have higher MEK activation compared to WT. 

• BRAF mutants can activate the downstream signaling cascade more than WT to increase cell proliferation 
and survival (supporting that BRAF is an oncogene). 

Fig.2 ● In WT, ERK is phosphorylated only in the presence of HRAS because active RAS phosphorylates BRAF 

which phosphorylates MEK which phosphorylates ERK. 

• Some BRAF mutants activate ERK in the absence of HRAS.
 

Listed points for "BRCA Tumors" Problem Set 

Fig.1 ● BRCA deficient cells are more sensitive to PARP inhibition (die quicker at lower doses of drug). 

• The phenotype can be rescued to wild-type condition by complementing BRCA back in. 

• Cells without both DNA repair mechanisms (BRCA and PARP) will die because there is no back-up 
mechanism to repair DNA. 

Fig.3 ●  In B, treatment with the PARP inhibitors causes more double stranded breaks for both BRCA + or – cell types 

(because you need PARP to fix double stranded breaks). 

• In C, BRCA deficient cells are not able to repair double stranded breaks. Cells with BRCA are able to repair 
double stranded breaks. 

• Cells without both BRCA and PARP will have DNA damage that they cannot repair because there is no back-
up mechanism to repair. 

Fig.4 ● Thigh circumference decreases after PARP inhibition drug treatment ONLY in the BRCA deficient mice. 

• When the thigh circumference decreases in BRCA deficient mice, the tumor is shrinking because the tumor 
cell are dying because they have no back-up mechanism to repair their DNA when PARP is inhibited. 
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APPENDIX B 

 

COORDINATING MULTIPLE REPRESENTATIONS IN MOLECULAR AND CELLULAR 

BIOLOGY: STUDENTS’ USE OF MECHANISTIC REASONING TO BRIDGE DATA AND 

MODEL REPRESENTATIONS 
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ABSTRACT 

 A goal in biology instruction reform is integration of scientific skills and content 

knowledge. Scientists, in practice, cycle between data and model representations. For this study, 

we characterize the development of undergraduate students’ reasoning at the interface of 

authentic data and model representations. We previously developed a curricular format, TRIM 

(Teaching Real data Interpretation with Models), for a large-enrollment, upper-division course 

that provides students practice with moving between data and model representations by tasking 

them to interpret authentic biological data using models. Here, we ask 1) what characterizes the 

data interpretations in this data-model setting and 2) how do students relate meaning between 

data and model representations? We recruited TRIM students and, for comparison, biologists 

from various sub-disciplines, for think-aloud interviews on novel topics and tasked them to 

interpret data figures and relate their data interpretations to either a provided model or through 

their own drawing of a model. From qualitative coding analysis of data interpretations, we found 

most often data interpretations in this context are characterized by data pattern descriptions and 

causal inferences. It was less frequent that data interpretations connected patterns and inferences 

to a broader biological network, likely from the topic being novel to all participants. When a 

connection to a biological network did occur, it most frequently happened during the modeling 

task, suggesting models provided individuals opportunity to consider these biological 

connections when they had not previously while interpreting the data figures. From further 

qualitative analysis, we outline three categories for how students relate meaning between data 

and model representations: 1) Data Representation as the Referent, where students map signs in 

the models to “referents” in the data representation, 2) Phenomenon as the Referent, where 

students encode what the data patterns refer to using biological information, often times bringing 
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canonical representations into their data-based models, and 3) Mechanistic Bridge, where 

students build a mechanism that spans across both data and model representations allowing fluid 

movement between representations. Coding analysis of students’ data-based model drawings 

indicated the degree of mechanistic information represented, but not the representational format 

itself, positively correlated with the degree to which students made biologically-connected data 

interpretations. Our analysis provides targets for design of curricula and assessments to support 

integration of multiple scientific reasoning skills, including data interpretation, mechanistic 

reasoning and model-based reasoning.  
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INTRODUCTION 

In an effort to provide students with a richer, more authentic understanding of science, 

educators have emphasized the importance of integrating scientific practices as a central 

component of science curricula (American Association for the Advancement of Science, 2011). 

In parallel to these efforts, it is important to understand the forms of reasoning that students must 

use to gain expertise in practicing science. We are interested in understanding the reasoning used 

by undergraduate students, specifically in how they learn to apply scientific practices within the 

complex field of molecular and cellular biology (MCB). In particular, our research focuses on 

the scientific practices that surround data interpretation, modeling, and the intersection between 

data and model. In this study, our goal is to investigate how students make sense of data 

representations using model representations. To understand student reasoning in this area, we 

turn to the literature on multiple external representations (MERs). MERs are an essential part of 

authentic science, as well as classroom science learning. Others have demonstrated how MERs 

can enhance student conceptual understanding (Goldman, 2003). Here we aim to explore the 

relationship between MERs and authentic scientific practice in the classroom.  

The use of MERs is an inevitable part of practicing science. In science practice, it is not 

the world that presents itself to scientists, but instead scientists who capture the world through 

representations; and only from these representations can sense-making transpire (Latour, 1999). 

For example, data collected from an experiment can be represented as a table to reveal patterns. 

That table can then be represented as a graph to reveal additional otherwise unseen patterns. That 

graph can then be translated into a linguistic or formulaic representation, or abstracted into a 

process-diagram, and so on. Thus, in addition to knowing how to construct representations, 
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scientists have a tacit understanding for how to relate them, using some invisible bridge to 

transport meaning across the transcendent gaps made from each transformation.  

MERs have been shown to improve learning of science and deepen conceptual 

understanding in a number of studies (Adadan, Irving, & Trundle, 2009; Goldman, 2003; 

Waldrip, Prain, & Carolan, 2010). There is an ever-growing body of research finding effective 

ways to teach with MERs, including format types (visual and/or verbal), order of presentation, 

dynamic linking vs static, etc. (Ainsworth, Wood, & Bibby, 1996; Kaput, 1992; Mayer & 

Moreno, 2003). Though prior work has established the utility of MERs for students’ conceptual 

development, little is known about how reasoning with MERs may play a role in students’ 

learning of scientific practices.  

Our study takes place with MCB undergraduate students learning cell biology using a 

rich source of domain representations, including model representations. Therefore, we briefly 

summarize our perspective on models in science. Models are a well-established sense-making 

tool in scientific practice. They serve an essential role in the ways scientists interact with data to 

construct explanations of natural phenomena (Passmore, Stewart, & Cartier, 2009). Much work 

has been done to characterize how scientists reason with models in order to make sense of the 

world, known as model-based reasoning (MBR) (N. Nersessian, 2008). MBR includes simulative 

reasoning, whereby a scientist mentally animates what is known about a phenomenon in order to 

infer something new or resolve a solution (N. Nersessian, 2008). Another form of MBR is 

analogical reasoning, whereby a scientist “borrows” and alters a model from elsewhere when 

there is no model available to explain a novel phenomenon (N. J. Nersessian, 2002). Finally, 

MBR also includes visual reasoning where mental models are made explicit through external 

representations. Such externalizations may serve more than an explanatory role. For instance, 
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drawings and gestures are considered to serve in many cases as an integral part of the “cognitive 

system”, helping to support understanding of causal and structural constraints and helping to 

organize cognitive activity (N. J. Nersessian, 2002).  

In science classrooms, models can be used for several purposes by instructors, 

particularly to convey some phenomena or concept to students. Using multiple models has been 

recommended for encouraging students’ understanding of modeled phenomena (Harrison & 

Treagust, 2000; Won, Yoon, & Treagust, 2014). There are many definitions and ways to 

organize model representations as they are used in the STEM education literature (Boulter & 

Buckley, 2000; Gilbert, 2005; Justi & Gilbert, 2000). What is consistent in the literature is that 

model representations can take many representational “forms” (Buckley, 2012; Gilbert, 2005; 

Grotzer, 2003). For instance, a model can take the form of a picture, a diagram, a line of best fit 

on a graph, a mathematical equation, a diagram, a 3-dimensional object, etc. Importantly, models 

are more than just analogs of the phenomenon they represent, as data representations can be 

considered analogs of phenomena as well. Thus, what makes a representation a “model” lies 

more in how a given representational format is purposed (Gouvea & Passmore, 2017). In this 

study, we define a model representation as a hypothetical explanation of a natural phenomenon 

built from examination of data collected in the real world. Our interest is in understanding how 

students learn to coordinate data and model representations. Next, we describe the instructional 

setting we used to understand these issues. 

Instructional Context 

 We previously developed a curricular format called Teaching Real data Interpretation 

with Models (TRIM) that we applied to a large-enrollment upper division college course in 

cellular and developmental biology (Zagallo, Meddleton, & Bolger, 2016). The explicit goal of 



134 

 

the instructional design is to integrate learning of disciplinary practices (namely, data 

interpretation and model use) with learning of core biological concepts. A primary way this goal 

is reached is by providing students with tasks in which they work collaboratively to interpret data 

figures from primary literature and relate these interpretations to target models, which are also 

provided to students. The role of the target model in this case is two-fold. Models provide a 

biological context with which students may understand the data figures and models relate to a 

topic within the class, so that students may readily apply course content to the data interpretation 

task. In our earlier study, we found that student groups collaborated to create quality data 

interpretations that were valid and connected to the model, and that this instructional setting 

evoked spontaneous, student-driven argumentation (Zagallo et al., 2016). The TRIM curriculum 

offers a unique context to study how students coordinate MERs the way scientists regularly do in 

practice: relating between data and model representations.  

Research Study Design 

 We have previously characterized TRIM students’ strategies and challenges when 

learning to interpret authentic data figures with models throughout the course (Zagallo et al, 

2016). For this study we chose to interview TRIM students near the end of the course because at 

this point students have gained confidence in interpreting authentic data figures and using target 

models. In this way, we can focus more clearly on how students use and relate these different 

representational forms since they are familiar with navigating data figures and models. We 

conducted out-of-class one-on-one, think-aloud interviews as students worked through problem 

sets on research topics that were not specifically covered in the TRIM class. We maintained the 

TRIM format for the problem sets, with one exception. In the TRIM curriculum, students are 

typically provided with a target model from the instructor. Because we were also interested in the 



135 

 

practice of model-creation, we provided some students with the opportunity to self-generate 

model drawings based on their interpretations of data figures. Our specific research questions 

are: 

1) What characterizes students’ data interpretations in this data-model setting? 

2) How do students relate meaning between data and model representations? 

a.) What characterizes students’ data-based model drawings? 

b.) How do students establish a relationship between data and model 

representations? 

 

THEORETICAL FRAMEWORK 

Analysis for Research Question 1 was based primarily on the ideas that emerged from 

how experts and students interpreted data. Our analytical approach to Research Question 2 drew 

heavily upon a theoretical framework which we developed by synthesizing: 1) Ainsworth’s 

(1999) conception of the functions of MERs in classrooms, 2) an ethnographic study by Latour 

(1999) on how biologists use MERs in practice and 3) existing literature on mechanistic 

reasoning. Below, we first describe Ainsworth’s framework, then Latour’s, then follow with a 

brief explanation for how we parallel their ideas. We end with our ideas of how these ideas relate 

to mechanistic reasoning. 

Functions of MERs in the classroom: Ainsworth’s framework (1999) 

 Instructors frequently use MERs to help convey understanding in the classroom. In her 

evaluative review of the literature on MERs, Ainsworth found one consistent theme amongst 

studies with diverse viewpoints (Anzai, 1991; Schoenfeld, Smith, & Arcavi, 1993): that learners 

constantly demonstrate difficulty in translating between representational formats (1999). 
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Drawing from these studies, she developed a framework (Ainsworth, 1999) for how different 

combinations of representations can be exploited for different instructional purposes, organized 

into three main branches: MERs in Complementary roles, MERs in Constraining roles, or MERs 

that support Construction of deeper understanding. We utilized the third branch in our 

framework, thus we describe it next. 

 Ainsworth sub-divides how MERS can promote “deeper understanding” through three 

processes: Extending or generalizing the knowledge one has from one setting to another, 

Relating ones knowledge between two settings simultaneously, and Abstracting one’s knowledge 

in a setting. For “extension”, the nature of the knowledge or its conceptual structure does not 

change when applied to another context. Extension can manifest in two ways. First, one may 

extend one’s knowledge of a generic, common representation such as a graph or a table into 

different domains, such as physics, chemistry or biology. As long as one understands how to 

operate a graph, navigating this representational form in physics is the same as navigating it in 

biology. The nature of knowledge for how to use a graphical representation is unchanged when 

transferred between settings. The other way to extend knowledge is remaining within a single 

discipline but changing the expression of that disciplinary knowledge via different 

representations. In this way, only how the knowledge is represented changes, but again the 

nature of the knowledge remains unchanged. Ainsworth provides an example from physics, 

where a learner’s understanding of acceleration through velocity-time graphs can be extended to 

acceleration-time graphs, distance-time graphs, etc. (1999). The second sub-category, “relation”, 

is similar to extension in that the nature of knowledge is unchanged. The difference lies in when 

the translation between representations occurs. In relation, the representations are presented 
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simultaneously so that the movement of knowledge is bidirectional instead of unidirectional 

which is the case in extension. 

 Ainsworth subdivides the third sub-category, “abstraction”, into three processes: re-

ontologization, subtraction, and reification. Re-ontologization, which we do not focus on for our 

framework, is the re-organization of conceptual taxonomies. Instead, we focus on subtraction 

and reification. When moving from a less abstract to a more abstract representation, a loss of 

detail or “subtraction” process occurs (Walsh 1992). How one decides which subset of features 

carry over to the next representation is another question entirely, but not all details are included. 

The next process, “reification,” is when one packs meaning into a feature or symbol within a 

representation. As Ainsworth describes it from Kaput (1989), reification is “creating mental 

entities that serve as the basis for new actions, procedures, and concepts at a higher level of 

organization” (p. 141).  To help illustrate the subtraction and reification process, we provide an 

example using “the central dogma of biology”, a key concept in MCB. The central dogma can be 

represented in a pictorial, visual fashion that represents the spatiotemporal detail of key entities 

involved such as the polymerases or ribosomes and their relative location in the cell’s nucleus or 

cytoplasm. Alternatively, a more abstract representation of central dogma is simply displaying 

the schematic: DNA�RNA�Protein (Darden, 2002; Machamer, Darden, & Craver, 2000). In 

this schematic, the details about polymerases or ribosomes and locations of entities at work are 

“subtracted.” However, these details are not lost in the abstraction process, they have been 

reorganized and re-packaged in the schematic. For example, the first arrow alone can be 

unpacked as the entire transcription process by a molecular biologist. Thus abstraction is defined 

by the complementary processes of subtraction and reification; subtraction without reification is 

just meaningless compression. Ainsworth places abstraction under the Construction of Deeper 
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Understanding branch of her MERs framework because in MER learning environments, students 

enrich their mental schema organization for understanding through the subtraction and reification 

processes.  

Latour’s framework for scientists’ use of representations (Latour, 1999) 

 Scientists, like any human, do not have direct access to reality. Instead, a mental 

construction of reality comes from representations. As such, scientists’ representations contain 

“signs” that correspond to or have a “referent” in the real-world phenomenon. Establishing a 

sign-referent relationship or having these reference points in representations is important for 

scientists so that any claims or ideas borne out of the representations can be “returned back” to 

reality. Indeed, Latour points out in his work Circulating Reference (1991) that the word 

“reference” comes from the Latin word referre meaning “to bring back” (p. 32). Latour wonders 

what is it that scientists “bring back” to the representations they construct about real-world 

phenomena. To help answer his question, he follows three biologists in the soil science domain 

to Brazil’s Amazon Rainforest to study their way of constructing new knowledge within their 

field – from the data collection stage to the publication stage. He finds meaning making does not 

come from just forming a reference point between a phenomenon in nature and its 

representation. Instead, meaning making comes from the alignment of multiple representations 

using some invisible thread. This phenomenon of knowledge derived through movements, 

Latour calls “circulating reference”. 

 To begin, when the biologists enter the forest located in the region Boa Vista, Latour 

notes that they indexed a pile of leaves, cataloged colors of soil, established a topographic map 

using Cartesian coordinates and overall engaged in processes that displaced pieces of nature 

from their local context. He then notes the biologists methodically placed the 3D clods of earth 
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into different compartments of a coded box-grid based on their color. In this process, Latour 

points out several significant things occurred. The 3D clods of earth have turned into 2D color-

matching codes and their arrangement in the grids allowed for easier comparison across colors 

than in the forest ground. In one movement, the vibrant forest hues were reduced to numbers, 

columns, and rows. Latour observes that the biologist found a pattern from this new gridded 

background. It seemed to Latour a peculiar thing that for the biologists, the further they displaced 

information from the forest, the more graspable the forest became. For instance, the difference in 

colors can be further transformed into a table or chart to reveal new, additional patterns. Latour 

finds that if a pattern exists in nature, scientists bring it to the foreground by keenly rearranging 

the backgrounds. He summarizes this phenomenon as complementary processes of “reduction” 

and “amplification” because what is lost “through successive reductions of the soil, we regain a 

hundredfold in the branching off to other forms that such reductions – written, calculated, and 

archival – make possible” (p. 55).  

Another important feature of the transformations is their universality. The clods of earth 

taken from the ground at Boa Vista were transformed using a universal coding system so that 

what was local became global instantaneously. Because the transformations occur in 

standardized, relatively universalized ways, the reduction and amplification processes are 

communicable at the community level of science practice. Indeed, the soil data collected on the 

Amazon trip, Latour notes, turned into a diagram in a scientific report by the biologists. Anyone 

reading the report can interpret this diagram and be immediately transported back to Boa Vista 

through this shared traceability of scientific reference (Latour 1999). 

But that still leaves an open question: how does one operate these relations between 

transformations? Since there is never resemblance between stages, if one loses this traceability 
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then the world can return to confusion at any point along the displacement. Latour proposes a 

theory that challenges the traditional philosophical view on scientific reference. In both views, 

mental models are re-constructions of a reality. However, the difference is in how humans re-

construct it. In the traditional view, sense-making happens by bringing one’s mental model 

closer to reality. In this way, the two are separated at extremes, and human explanations are 

trapped in the middle trying to close the gap. Latour critiques this view because it implies 

humans are searching for something to fill the void created between the two extremes by looking 

for resemblance between the two realms. With the traditional view, eventually the mental model 

would overlap with reality, becoming a mimic. Yet we know that most common representations 

in science practice are not “mimics” that preserve all real-world features, but instead forgo detail, 

context, and resemblance to their real-world counterparts (Grosslight, Unger, Jay, & Smith, 

1991; Penner, Giles, Lehrer, & Schauble, 1997; Svoboda & Passmore, 2013). In addition, as 

Latour found, scientists seem to push away the world through their representations, losing 

information, only to simultaneously gain understanding. From Latour’s study on soil biologists, 

we find that our talent as scientists to see patterns and make sense is greater when looking at 

many different representations than when looking at one. Therefore, in Latour’s theory, human 

explanations are not trapped in the middle, but extend indefinitely. Hence one’s re-construction 

of the world happens from adding more and more representations between one’s mental model 

and reality, displacing the two further apart versus bringing them closer together. As Latour 

explains:  

“Constructing a phenomenon in successive layers renders it more and more real within a 

network traced by the displacements (in both senses) of researchers, samples, graphics, 

specimens, maps, reports, and funding requests.” (p. 76)  
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Through successive stages of transformations, scientists link themselves to an aligned, 

transformed, constructed world. It is important to remember, in science, our goal is not to try to 

bring reality closer, but to try to understand reality. When someone picks up the report about 

Boa Vista’s soil and reads the biologists’ argument, the reader is not looking for the resemblance 

to Boa Vista; instead the reader is weighing the “truth-value” of the scientific reference that was 

made. From his analysis, Latour resolves scientists align representations using a metaphorical 

“chain”. The properties of this chain include reversibility, a shared traceability, and a 

susceptibility to interruption in the flow of information, much like how electricity flows through 

a closed circuit but stops when interrupted (Latour 1999). Importantly, Latour adds that humans 

have the capacity to elongate the chain indefinitely at each end. In Latour’s framework, there is 

no limit to sense-making for it is expansive, unlike the traditional view in which sense-making is 

contractive by virtue of one aiming to close the gap between mental model and reality. 

Combining Ainsworth and Latour’s frameworks 

 We relate Ainsworth and Latour’s conceptions of MERs through the idea of abstraction. 

Ainsworth divides abstraction up as subtraction and reification processes. Latour does not define 

abstraction per se but does define the process of coordinating multiple representations in science 

practice as reduction and amplification processes. We draw a parallel between subtraction and 

reduction, and between reification and amplification. As Latour explained, we do not aim to 

mimic reality in our heads, like a Rembrandt painting pixel by pixel. Instead, we aim to have a 

network of connections that we can use to predict and explain the world. Thus, we view model 

representations not as true one-to-one analogs of reality. Instead, we view model representations 

as abstractions of reality. Humans are causal thinkers, not cameras. If we paint a picture, it is a 

picture for how and why a phenomenon works. 
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 Many have explored the range of analogies we make between the outside world and our 

mental construction of it (Gentner, 1983; Gentner & Toupin, 1986; Lehrer & Schauble, 2006). In 

novices, who tend to focus on what they first see, there is a focus on resemblance, appearance, or 

surface features when constructing a model of a phenomenon (Grosslight et al., 1991; Penner et 

al., 1997). Likewise, novices focus on mapping of literal features between representations 

(Grosslight et al., 1991; Penner et al., 1997). As expertise grows, one constructs models that 

focus primarily on the causal relationships or functional aspects of a phenomenon. Often 

relationships within MCB models are depicted as mechanistic, for example the interaction 

between messenger RNA, transfer RNA and the ribosome which leads to synthesis of a protein 

molecule (Darden, 2002). But viewing these functional models as advanced analogs of some 

phenomenon echoes the traditional philosophical view of scientific reference that Latour 

critiqued. As Latour argued, it seems pointless to connect across the chasm. Instead, we view 

model construction and use as an expansive thinking process that must generate new ideas that 

cannot always be linked analogously to data representations. Scientists do not build mental 

constructs “of” reality, but “for” reality, for navigating reality, for controlling reality, for gaining 

a handle on reality. Thus we analyzed students’ thinking of model representations as more than 

analogs of the data representations and included ways in which students’ reasoning reflected 

MBR described in experts (i.e. simulative, analogical, and visual reasoning) (Nersessian 2008). 

Mechanistic Reasoning 

 Mechanistic reasoning is at its core a form of causal reasoning, but has been described as 

involving, “more than noting which causes are associated with which effects; it concerns the 

process underlying the association” (Russ, Scherr, Hammer, & Mikeska, 2008). Thus, 

mechanistic explanations focus on the processes that underlie cause–effect relationships and take 
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into account how the activities of the constituent components affect one another. For example, in 

the process of explaining how a gene codes for a protein one must identify the “entities” (e.g. 

DNA, ribosome, etc.) and “actions” (e.g. the ribosome facilitates bonding between amino acids) 

within a mechanism and then move through a logical chain of events from “start-up conditions” 

(e.g. the DNA is unwound) through “termination conditions” (e.g. the new polypeptide chain is 

made) (Machamer et al., 2000; Russ et al., 2008). A mechanistic explanation is complete when it 

“exhibit[s] productive continuity without gaps from the set up to terminal conditions” 

(Machamer et al., 2000).  

 For our framework, we sought to understand how mechanistic reasoning can play a role 

in how scientists achieve Latour’s “chain” in scientific reference whose properties are: 

reversibility, shared traceability, susceptibility to interruption, and an intrinsic ability to extend.  

Reversibility: The predictive power of mechanistic models comes primarily through 

establishing a mechanistic chain of events. Darden defines a strategy in scientists that she calls 

forward and backward chaining, where mechanistic reasoning is used to generate hypotheses 

(Darden, 2002). For instance, once a scientist understands a mechanistic system, he/she can 

animate the mechanistic chain to hypothesize what will happen next in downstream events, or 

reciprocally what had happened upstream. We postulate from our data analysis that the 

reversibility students use to move between data and model representations is made possible 

through forward and backward chaining of a mechanism.  

Shared traceability: Scientists use many experimental techniques and rely on common 

ways of representing the results from those experiments. These conventions allow scientists in a 

community to trace and build upon each other’s data representations, specifically allowing them 

to track relevant entities and activities for constructing a shared understanding of a mechanism. 
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For example, when viewing a colleague’s results from a DNA gel electrophoresis experiment (a 

common technique in MCB) a biologist notes a band as representing a particular entity (a DNA 

molecule). That biologist can transport the “DNA entity” to his/her colleague’s model 

representation or to his/her own model representation, depicting the actions of this entity within a 

particular mechanism.   

Susceptibility to interruption: As described earlier, mechanisms give way to “productive 

continuity” (Machamer et al., 2000) and thus are prone to interruptions in continuity. Scientists 

can use placeholders or blackboxes in their scientific explanations to surpass productive 

continuity because those areas are not necessary to the mechanism described by the start-up and 

termination conditions (Darden, 2002). Such gaps in mechanism then can temporarily be 

overcome; but these gaps also serve the purpose of directing scientists for where to explore next 

(Darden, 2002). When productive continuity is violated, mechanistic explanations are incomplete 

and incoherent. It is important to note that what counts as continuity differs by scientific domain 

(Machamer et al., 2000). 

Intrinsic ability to extend: Humans are natural causal thinkers. It is becoming well established 

that mechanistic reasoning is also an intuitive way of thinking, even in young children (Bolger, 

Kobiela, Weinberg, & Lehrer, 2012; Grotzer, 2003; MIL, Postma, Boerwinkel, Klaassen, & 

Waarlo, 2016; Russ et al., 2008). As proof of principle, van Mil et al. showed that tapping into 

students’ mechanistic reasoning intuition helped students to bridge conceptual gaps between 

molecular and cellular levels (2016). This suggests mechanistic reasoning is an intrinsic ability in 

people that can be tapped into as an endless resource to extend unknown parts of mechanisms 

aimed at explaining the natural world. 
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METHODS 

Data Collection. All of the following research activities were approved by our university 

internal review board. 

Interviews. Because we are interested in revealing individual students’ thinking process when 

moving between data and model representations, we conducted one-one-one think-aloud 

interviews on students from the TRIM curricular format in the upper-division Cell and 

Developmental Biology course at the University of Arizona. Interviews were semi-structured to 

allow the interviewer to ask follow-up questions to clarify and/or elaborate on a student’s 

reasoning process when necessary. Interviews took place in the last three weeks of the class after 

maximal instructional practice was given for interpreting data and model representations. 

Interviews were audio-recorded and written artifacts were collected. In addition, hand 

movements were video-recorded to capture what students pointed at and drew in real-time. 

Interview Participants. We recruited 30 individuals from the class (enrollment was 167). 

Participants were offered a small financial incentive of $5. Since the interviews took place before 

the final exam that contains data/model problem sets, as additional incentive, the interviewer 

offered personalized feedback on the student’s data/model reasoning skills immediately 

following the interview. Of the 30 participants, 23 also consented to share their final course 

grades whose distribution (M=87%, SD=8.54) is similar to the whole class (m=85%, SD= 

10.12). We used the first two undergraduate participants to pilot and finalize the interview 

protocol, leaving 28 for analysis. To obtain an expert comparison, we also interviewed senior 

graduate students and postdocs from various sub-disciplines of biology (n=10). 

Interview Design Protocol. For the interview, participants worked through two problem sets 

similar in format to the in-class TRIM worksheets. Each problem set contained three data figures 
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from peer-reviewed scientific journals accompanied by simplified versions of the figure legend 

descriptions. Students were asked to “describe and interpret the data” after each data figure. For 

ease of analysis, the interviewer asked the student to provide his/her final data interpretation 

verbally after interpreting each data figure aloud. For the model task, again similar to the TRIM 

curricular format, we provided a 2D model image of the relevant biological process for the data 

figures. However, to help gain more insight on the modeling task and since science practice 

includes model use and model generation, we added a draw model component. Thus, we 

designed two interview protocols. One design remained similar to the TRIM curricular format in 

that a model was provided at the start of the interview, then after interpreting each data figure, 

the student was asked to relate his/her data interpretation to the provided model. In the other 

design, no model was provided at any time throughout the interview; instead after interpreting 

each data figure, the student was asked to draw a model. Participants were split evenly by 

random assignment into one of the two interview designs. To note, the time on task appeared to 

be similar for each condition, perhaps from the interviewer regulating the total interview time; 

the average time on the interpret task per data figure was 5.8 minutes for the provided model 

group and 4.9 minutes for the draw model group and the average time on the model task per data 

figure was 1.9 minutes for the provided model group and 3.4 minutes for the draw model group. 

Lastly, the in-class TRIM worksheet topics were on class content and discussed prior to passing 

out the worksheets to provide context for the activity. In contrast, the interview topics were novel 

for the students. Therefore, to provide context for each problem set to all interview participants 

we included the paper’s abstract from which the authentic data figures were taken. For the 

complete interview protocols, see supplemental materials. 
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Interview topics. The interview consisted of only two problem sets (see under complete 

interview protocol in supplemental materials), presented in the same order for all participants. 

Both problem sets were novel topics for the students. The first problem set topic was on 

microbiology and the second problem set topic was on immunology. Although the major 

interview topics are not from the TRIM course, the data inferences call on many cell biology 

themes from the class including tight junction roles, vesicular transport systems, and intracellular 

signaling. At this point in the semester, TRIM students should have basic knowledge of cell and 

molecular biology needed to understand these problem sets, but no detailed knowledge of the 

specific models being tested. For problem set 1, we chose a paper by Hsiao et al. titled 

“Microbiota Modulate Behavioral and Physiological Abnormalities Associated with 

Neurodevelopmental Disorders” that was published in Cell (Hsiao et al., 2013). Hsiao et al. use 

mouse models of autism to propose a possible connection to the gut microbiome affecting 

intestinal permeability to allow certain metabolites into the bloodstream that may affect the 

brain. They identify a potential probiotic therapy that rescues autism-related phenotypes in their 

mouse model. For problem set 2, we chose a paper by Lee et al. titled “Autophagy-Dependent 

Viral Recognition by Plasmacytoid Dendritic Cells” that was published in Science (Lee, Lund, 

Ramanathan, Mizushima, & Iwasaki, 2007). Lee et al. demonstrate a novel link for autophagy (a 

cellular stress response pathway) in presenting viral particles to an intracellular innate immune 

receptor called toll-like receptor 7. For each problem set, we used three key data figures from 

each journal article. Of the three data figures per problem set, two were discipline-general 

representational formats (e.g. graphical) and one was a discipline-specific representational 

format that corresponded to the specific experiment conducted (immunoblots and micrographs). 

The provided model in problem set 1 is adapted from Hsiao et al. The provided model in 



148 

 

problem set 2 is adapted from a review about the role of autophagy in viral immunity (Kim, Lee, 

& Jung, 2010).  

Data Analysis 

Coding of Data interpretations. We developed a coding scheme to characterize the features of 

individual students’ data interpretations in a data-model setting. The coding scheme was 

developed strictly from what can be gleaned from the data figures after reading the paper’s 

abstract. An initial list of key points about the data figures was developed by one researcher, who 

designed the interview protocol and thus had access to the two articles used to create the problem 

sets. This list of key points was then added to and revised after another researcher whose degree 

is in the problem set topics and who has not seen the two papers, provided her written 

interpretations. To continue developing and revising the list of key points for the scheme, we 

utilized transcripts of one biologist from the expert comparison whose expertise is in the area of 

the problem sets. We then tested the scheme on two randomly selected undergraduates’ 

transcribed final verbal data interpretations and finalized the scheme to 21 total key points for 

both problem sets (complete scheme in supplemental materials). Two coders transcribed and 

applied the scheme to all interviewee’s final data interpretations for each data figure (85.6% 

agreement). Then, because we are interested in the data-model intersection, two coders applied 

the same coding scheme to the videos of the model task, during which students were also relying 

on data figures. We coded all dialog during this task for each data figure using Nvivo Software 

(81.0% agreement on 21% of data set). Then, after acceptable agreement was established, one 

coder finished applying the scheme to the remaining model tasks.  

Reducing the Interview Data Corpus. Instead of viewing and/or transcribing all interviews of 1-

2 hours in length, we opted to reduce the data corpus by enriching for places where students’ 
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data-model reasoning may be occurring. Because we applied the data interpretation quality 

coding scheme separately to the data interpretation and model tasks, we could compare the two 

to reveal which points from the data interpretation are repeated and which were newly mentioned 

during the model task. Places with newly mentioned codes indicate instances where the student 

is likely thinking about the data during the model prompt. We used this information to enrich for 

instances of data/model reasoning from which we focus our qualitative analysis. We found 40 

data figure discussions that included new codes in the model prompt which makes up 32% of the 

total data figure discussions from the model task (n=156). Two researchers watched the video for 

all instances and noted themes. One researcher transcribed and further investigated all cases to 

address research questions. Special attention was given to describe what happens when students 

move between model and data representations. An emergent list was created and reduced to three 

major themes verified by the second researcher. The themes were added to a model combining 

themes from the literature on the abstraction process of subtraction/reduction and 

reification/amplification (Ainsworth, 1999; Latour, 1999). We present the model in our Results. 

Coding of Model Drawings. To describe the drawings, we developed a coding scheme based on 

the Drawing-to-Learn framework from Quillin and Thomas (2015). Their framework defines 

drawings as a continuum ranging from representational to abstract; where representational 

drawings are intended to be life-like such that they resemble the thing they represent and abstract 

drawings are more analogical in that they forgo resemblance but correspond to the thing they 

represent (Quillin & Thomas, 2015). In addition, we incorporated the idea that representational 

formats are interpreted cognitively through both verbal and visual channels (Mayer, 1997; 

Paivio, 1991). We synthesized these ideas considering our specific model and data setting to 

develop a coding scheme which included a three point scale for “Abstraction” and for “Format”. 
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The specific codes are described in more detail in the Results. The coding scheme itself is in 

supplemental materials. All drawings (n=59), multiple per student, were coded by two coders 

(75% inter-rater agreement). 

 

RESULTS 

Results for RQ1: What characterizes the data interpretations in this data-model setting? 

 To answer RQ1, we developed and applied an emergent coding scheme (process 

described in Methods) to capture the relevant features of interpretation for each data figure and 

how frequently different points occurred. The scheme fell into a list of 21 interpretation points 

that post-hoc were organized into three categories – “literal pattern” with 6 interpretation points, 

“basic inference” with 9 interpretation points and “biological connection” with 6 interpretation 

points. We describe the characteristics of each category here and provide one example for each 

category (Figure 1). For ease, we present quote examples of students’ interpretations of a single 

data figure in the first problem set, specifically figure 2B (seen in Figure 2). This data figure is 

from a Western blot experiment that measures protein expression levels. This particular blot was 

probed for tight junction protein components which were collected from mouse colon tissue 

under three conditions. Tight junctions are located between cells to help hold cells together and 

contribute to tissue stability. As shown in the Western blot image, the induced autism mice (P) 

present opposite trends from the normal, saline treated mice (S) (Figure 2). This represents 

reasoning about a “Literal pattern” because the intensity of the bands are due to changes in the 

amounts of CLDN8 and CLDN15. Below is a student’s interpretation of this data figure that 

represents this “Literal pattern” point because the student describes the basic trend that can be 

seen in the Western blot image (Figure 1 and 2). 



151 

 

This tight junction component, CLDN8, seems to be rather low in all three, but higher in 

the normal and the ASD treated mice than in just the P model. And in the CLDN15 tight 

junction component, saline has the lowest, the ASD model has the highest, but the P 

treated mouse has a reduced amount compared to the P but not as low as the S. Which is 

similar to this, but not as close. 

- Student code 29 

 Next, interpretations that included points that fell into the “Basic inference” category 

expressed the causal relationships that may be directly inferred from the experiment. For 

instance, if variable X is removed and outcome Y does not occur, one may infer that X is needed 

for outcome Y. In the same Western blot image (Figure 2), a “Basic inference” point was coded 

if a participant made an inference, such as the one listed in Figure 1. Indeed, the treatment with 

B. fragilis (BF) appears to bring tight junction protein levels back to normal, indicating that this 

treatment may rescue the effects of autism induction (Figure 1 and 2). Below is an excerpt from a 

student’s verbal interpretation that was coded for this listed point. Wild type refers to normal 

saline mice (S) in the experiment. 

In the top blot of uh of 2B, it brings it back to what it looks like for the WT [wild type]. 

And for the bottom part it kind of, it helps a little bit but not too much I guess. So the 

claudin 15 is not expressed a whole lot in normal mice cells and then it's overexpressed 

in ASD [autism] mice cells, and then the bacteria starts to break it down or whatever it 

does to decrease the amounts seen. 

- Student code 11 

Notice Student code 11 is also referring to the literal pattern of the changing amounts of claudin 

8 in the “top blot of uh 2B” as Student code 29 did in the previous example. However, Student 
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code 11 adds a causal action to the pattern stating “it [BF bacteria] brings it [claudin 8] back.” 

Student code 11 repeats the causal action for the claudin 15 pattern change, inferring that the BF 

bacteria “helps a little bit” since the claudin 15 amounts are not completely similar to the normal 

(S) mice (Figure 2). Therefore, Student code 11 conveys an understanding that the BF bacteria 

were added as an experimental condition and causally attributes the pattern differences to the 

variable that was changed. In contrast, Student code 29 from the previous example only states 

the pattern differences such as how claudin 15 amounts in the treated mice are “similar to” the 

normal mice, “but not as close” and does not make a conclusion for what caused the difference.  

 Interpretations that fell into the “Biological connection” category include biological 

information that is not immediately present in the data figure but is relevant to the data pattern or 

data inference. For instance, bringing in the biology of tight junctions as proteins regulating 

tissue permeability. Below is an excerpt from a student’s verbal interpretation that was coded 

within this category. 

And for the 15, you have kind of a moderate level of the claudin 15 in normal mice and 

the, um, ASD [autism] model has a lot, and um, the bacteria is able to kind of help bring 

that back to normal by reducing the levels, although it's still higher than normal. And, 

um, I'm assuming the claudins have, um, they play a role in the permeability. So, the fact 

that ASD has issues with permeability in that its increased intestinal permeability, 

probably has to do with that it loses claudin 8 and it has increase in claudin 15. 

- Student code 25 

Student code 25, similar to Student code 11, infers that the bacteria “help bring that [claudin 15] 

back to normal.” However Student code 25 also brings in the outside relevant biological 

information that claudins as tight junctions “play a role in the permeability.” The student uses 
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this biological link to connect this Western blot data to the intestinal permeability data previously 

seen in the problem set. 

 To determine frequency differences across these categories and compare what individuals 

said in their interpretation to what they said during their modeling task, we applied the coding 

scheme separately to the data interpretations and to the entire model task. For the total interview, 

we found practicing biologists perform better than the undergraduates across all categories 

(Table 1). When separated by task, the data interpretations from both undergraduates and 

biologists were marked primarily by literal pattern and basic inference point types (Table 1).On 

average, undergraduates and biologists scored 23% and 37% of the points, respectively, under 

the biological connections category (Table 1). Biologists’ skill at making basic inference points 

in the data interpretation compared to the other categories, particularly exceeds that of 

undergraduates’ (Table 1). This suggests practicing biologists, who were mostly PhD graduate 

students, can navigate data figures and draw conservative conclusions very well but seem to 

either reserve judgment to expand conclusions to relevant biological information (e.g. the 

biological connection points) or lack expertise in the particular problem set topic. Since the 

biologists interviewed were from various sub-disciplines of biology, not all had the domain-

specific knowledge (similar to the undergraduate students) for the problem at hand. This may 

explain why biologists’ biological connection score was relatively closer to undergraduates. 

 During the model task, we found less literal patterns and basic inference points 

mentioned compared to the data interpretations. However, the biological connection points were 

mentioned in comparable amounts between tasks (Table 1). When we look at which of the model 

task points are repeated from the data interpretation and which are uniquely mentioned (Table 2), 

we find that most of the repeated points in the model task are the literal pattern and basic 



154 

 

inference points whereas the newly mentioned points in the model task are the biological 

connection ones. This trend occurs in both undergraduates and practicing biologists, although we 

see biologists repeated more basic inference points than undergraduates during the model task. 

This suggests the model task provided an opportunity to revisit data patterns and inferences and 

add new ideas regarding biological connections.  

 In conclusion, data interpretations from a data-model setting can be largely characterized 

as consisting of finding relevant patterns and making appropriate causal claims about the data. 

The skill level to find these literal patterns and make these basic inferences appears to increase 

with practice since the biologists performed better than undergraduates in these categories for the 

data interpretation (Table 1). However, another important aspect characterizing the data 

interpretations in this context is connecting causal claims inferred from the data to a greater 

causal network that is not present in the data itself (e.g. the biological connection points). We 

found this category of points to be less frequent for both undergraduates and biologists, 

suggesting either the interview probes did not elicit these types of points or that these types of 

points are challenging to make and perhaps require more outside domain specific knowledge. 

Despite a potential dependence on domain specific knowledge, the model task helped individuals 

consider biology points when they had not previously during the data interpretation. 

Results for RQ2: How do students relate meaning between data and model 

representations? 

 Before we present qualitative student examples under RQ2, we provide the reader with a 

brief description of the data figure contexts and biology from which the quote examples occur. 

For ease, we restrict our quote examples to two data figures from problem set 1 (Figure 2). 

Brief biological context 
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The data representations and model representation for the first problem set are pulled 

from Hsiao et al. (2013). Hsiao and colleagues in their paper argue that the gut microbiome may 

influence Autism Spectrum Disorder (ASD). They propose a model that a disbalance of the 

microbes in the gut correlates with higher intestinal permeability. Higher intestinal permeability 

allows increased flow of metabolites to enter the bloodstream, therefore affecting the brain to 

impact behaviors. Hsiao et al. conduct experiments to provide evidence for these claims using a 

mouse model for ASD (where they induce ASD-like behaviors in mice). They also show that 

oral treatment of the ASD mice with the human probiotic bacteria, Bacteriodes fragilis (BF), 

corrects the increased intestinal permeability of these mice and ameliorates ASD-related 

behaviors. 

The first data figure in the problem set (not shown) shows differences in the mean 

relative abundance of various bacteria in the gut classified at the class level between the normal 

mice and ASD mice. The second data figure in the problem set (shown in Figure 2), shows the 

relative gut leakiness across various mice conditions. In this experiment, Hsiao and colleagues 

fed the mice a sugar called dextran that was attached to a fluorescent marker called FITC that 

allowed the researchers to visualize where the dextran went following feeding. They measured 

the amount of FITC fluorescence in the blood of the mice as an indicator for how permeable the 

intestinal tract was, where higher FITC intensity indicates higher intestinal permeability. They 

display their results graphically with FITC intensity/mL of blood on the y-axis. Instead of 

showing the actual values, they set the mean value of the normal mice as “1” and display the fold 

change or number of times above normal the other conditions exhibited. As you can see, the 

graph is of four mouse conditions. Normal mice are indicated by “S” because Hsiao and 

colleagues gave these mice saline solution which is innocuous. The “DSS” bar is their positive 
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control where they fed normal mice dextran sodium sulfate (DSS) which was already known to 

induce colitis, hence the high FITC amount indicating high intestinal permeability. The “P” bar 

is their induced ASD mice and the “P+BF” are the ASD induced mice orally treated with BF. 

From this, Hsiao et al. conclude ASD mice have higher intestinal permeability compared to 

normal and that BF treatment rescues or reduces this effect to be back to normal levels. The next 

part of this data figure shows the protein expression of two tight junction components in the 

intestinal lining, claudin 8 and claudin 15 which was explained earlier under RQ1 results. This 

data figure shows that these claudin levels are dysregulated in ASD mice and that BF treatment 

partially rescues the effects. Since tight junctions regulate tissue permeability, Hsiao et al. 

suggest the dysregulation of tight junction proteins may explain the increased intestinal 

permeability seen in ASD mice. 

The final data figure in the problem set is Hsiao and colleagues’ attempt to link behavior 

to these aforementioned observations. The experiment here is measuring the mice’s anxiety 

levels by following their movement in a box. Normal mouse behavior is exhibited by random 

exploration around the box. Anxiety-like behavior is exhibited by circulating the edges 

repeatedly. The graph shows the amount of time in seconds that the mice in the experiment 

spend at the center of the box. The less time in the center of the box indicates more time around 

the edges; thus lower bar graphs indicate more anxious behavior. The graph shows the ASD mice 

are more anxious compared to normal mice and the BF treatment again returns the ASD effect 

back to normal. Hsiao et al. also present the total distance traveled for the mice conditions to 

demonstrate that the varying times at the center was not from lack of movement because all mice 

traveled the same distance; instead it is where the mice traveled in the box that changed. Lastly, 

Hsiao et al. determine the impact on ASD-related behavior is directly related to metabolites 
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leaking into the bloodstream. They show this experimentally by taking the top leaky metabolite 

from the ASD mice which was a metabolite, 4EPS, and injecting 4EPS directly into the blood of 

normal mice. They compare the anxiety-level movement in the box between 4EPS-injected mice 

and mock injected mice (the “Veh” lane). They found 4EPS-injected mice are more anxious 

(spend less time in the center) compared to the mock-injected mice. This indicates Hsiao and 

colleagues could induce ASD-like behavior in normal mice from injecting the 4EPS, which 

supports their model that metabolites impact ASD behavior. In conclusion, Hsiao et al. 

demonstrate a connection between the gut microbiota and metabolite blood profile which affects 

organismal behavior; and they identify a potential probiotic therapy, BF, for ASD. In their model 

(Figure 2), we see how Hsiao et al. represent tight junction dysregulation by having slanted 

bands on the left image in the ASD condition and three solid bands on the right image as stable 

functional tight junctions in the normal condition. They represent the dysregulation of tight 

junctions leading to the gap between cells and higher metabolite entry into the blood (Figure 2). 

RQ2A: What characterizes students’ data-based model drawings? 

To answer this question, we focus on the interview participants who drew their own 

models (n=13). To describe the range of drawings, we defined a coding scheme (see Methods) 

measuring abstraction level and format level on a three-point scale. The Abstraction scale coded 

drawings for how far they could explain the data patterns, where drawings coded as: 1) 

represents only the literal data pattern, 2) brings in a “why” or extra information to explain why 

the data are the way they are, and 3) appears to bring multiple pieces together to explain the data. 

For the Format scale, we also defined three levels of the representational format the drawing took 

where 1) format is verbal only, 2) one visual sign included but with no relationships, and 3) 

visual signs included with spatial and/or causal relationships. Figure 3A illustrates the 



158 

 

dimensions of our coding scheme using student drawings from data figure 2 (about FITC-dextran 

intensity) in problem set 1 (Figure 2). We see that the verbal and visual drawings under “Literal” 

(Figure 4) are describing or re-representing the height of the bars from left to right from the 

graph in data figure 2 (Figure 2). In contrast, the verbal and visual drawings under “Abstract” 

(Figure 3A) contain multiple connections inferred from the data, specifically showing how the 

tight junction components (cldn 8 and 15) may be related to intestinal permeability. 

 The number of model drawings coded across the Abstraction and Format level are shown 

in Figure 3B. Nearly all possible combinations of abstraction and format scores were observed. 

We also see similar numbers of drawings coded across the various levels of the Abstraction 

scale. For the Format scale, there were twice as many visual drawings (level 2 and 3) as verbal 

only drawings. A preference towards visual representations may be from the interviewer strongly 

encouraging students to draw pictorially. Despite these strong encouragements, a third of 

drawings were verbal only. Several students discussed discomfort their drawing skills as a reason 

to reply on verbal drawings. A chi-square test was performed and no relationship was found 

between abstraction and format scores. X2 (4, N=59) = 8.090, p = 0.088. This suggests data-

based student drawings can have a high level of abstraction independent of format. Because of 

our interest in the relationship between students’ skills for data interpretation and modeling, we 

compared students’ average drawing scores to their data interpretation quality scores. We found 

no correlation between drawing Abstraction scores and the combined data interpretation quality 

scores, R2= 0.051. However, when we compare drawing Abstraction scores by category of the 

data interpretation quality scheme however, we find a positive correlation between drawing 

Abstraction scores and the “Biological connections” category scores, R2=0.466, p=0.010, but no 

correlation between drawing Abstraction scores and the combined “Literal pattern” and “Basic 
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inference” scores, R2=0.010. This suggests that when a student reasons about the biology of a 

specific data representation, they are more likely to produce an abstract drawing. An alternative 

explanation is that making an abstract drawing may help a student to think about the biology of a 

particular data representations. In addition, this positive correlation between students’ drawings 

and relevant aspects of their verbally-expressed reasoning lends some credence to the usefulness 

of this simple coding scheme for drawn artifacts. Finally, we also found no correlation between 

the biology-specific data interpretation quality scores and the drawing Format scores. Suggesting 

that when students are thinking about the biology, their models can take any representational 

format (verbal or visual). 

 In conclusion, TRIM students self-generated biological model drawings from data 

representations. These model drawings could be characterized as verbal, visual, literal and 

abstract. The “abstract” nature of drawings, but not the “format” was associated with biologically 

meaningful data interpretations. Therefore, our data suggest that students’ choice to use visual or 

verbal formats is less critical than their choice for how they draw the relationships within their 

model. 

RQ2B: How do students establish a relationship between data and model representations? 

To answer this question, we analyzed video and transcripts of the model task that 

contained newly coded data interpretation points (Table 2). We made this choice because we 

reasoned that when students drew new conclusions about data figures during a modeling task, 

they were likely to use both data and model representations. We hypothesized that these 

instances would provide an opportunity to gain insight into how students viewed the relationship 

between these representations. Through qualitative analysis by two researchers (see methods), 

we created a list of themes to describe students’ actions when moving between data and model 
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representations. We narrowed down this list to include three reasoning modes that best addressed 

our research question: Data Representation as the Referent, Phenomenon as the Referent, and 

Mechanistic Bridge (Figure 5). Many students moved rapidly across these themes, even within 

our unit of analysis (which was a students’ response to a model prompt for a single data figure). 

There were no substantive differences between the two model tasks (student-generated and 

provided models) with respect to these modes for how students established a relationship 

between data and model representations. Therefore, we use the same modes to describe student 

actions in both model contexts, with examples provided from each context when possible. 

Data Representation as the Referent 

When a representation is constructed, there are signs within the representation that signal 

to or refer to the thing that is being represented, called the referent. In science, the referent is the 

real-world phenomenon of interest. Thus, scientists must establish a sign-referent relationship 

between their data representations (from controlled experiments or careful observations) and the 

real-world phenomenon. Likewise, the phenomenon itself is represented in a model 

representation, thus scientists’ models contain signs that refer back to the real-world 

phenomenon (Figure 5). In our qualitative analysis, we found instances in which students would 

directly map signs from the data representations to signs in the model representations. In this 

case, the students were not abstracting the model representation using signs to referents in 

reality, but instead treating model signs (provided or self-generated) with “referents” to the data 

representations. For that, we call our first reasoning mode “Data Representation as the Referent” 

(Figure 5). To exemplify, the following is the model task response from student 26 on data figure 

2 of problem set 1 (Figure 2). Student 26 was provided the model (Figure 2) and asked to relate 

his data interpretation. His final course grade was 88% and his total interview score was 67%. 
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“I am trying to figure out like how it relates. (Points between data and model). Something 1 

to do with tight junctions I am guessing. And. Would be right here in this location (points 2 

to tight junctions between cells in the model). And that might be a claudin 15 or claudin 3 

8. Well there’s not any in either of these, so this (refers to model) might be showing the 4 

difference between the tight junctions of P and P+BF. So on the left, it would just be the 5 

expression of the claudin 15. And you see a lot of them, and they are all kind of smaller. 6 

But. Um. A little bit more permeable, or more permeable. And then on the right, you’ll 7 

see a little bit less of the tight junction. You only see three of them, but they’re, it’s going 8 

to be sealed off and less permeable.”9 

Student 26 begins by mapping a sign in the data representation (the claudin protein bands) to the 

appropriate feature in the provided model (solid bands between the cells). It is unclear how he 

identifies the appropriate feature in the provided model that is meant to represent tight junctions 

as we will see soon that he is not thinking about the real world biological properties and 

activities of tight junctions when reasoning about the provided model. Perhaps he relies on 

resemblance between the representations since both represent the tight junctions as dark bands 

(Figure 2). Or perhaps he has some prior knowledge for the location of tight junctions allowing 

him to pinpoint to the appropriate model area. 

 To start, in lines 3-4, we see he specifically assigns the dark bands in the provided model 

as the claudin 15 and claudin 8 versus abstracting the dark bands as general tight junction 

components. In lines 4-5, he continues to build this literal connection by transporting the same 

pattern difference in the amount of claudin expression in the data representation to the model 

representation. Because the ASD mouse in the data has more claudin 15 expression, he interprets 

the left image of the model representation (Figure 2) to have “a lot of” claudin 15 (line 6) 
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indicated by more of the slanted black lines that he literally interprets as “smaller” in size. 

However, the data does not suggest that claudin 15 should alter size from one mouse condition to 

another. Additionally, the slanted effect was constructed by the biologists of the work to capture 

the dysregulation of tight junctions during autism, not represent a size difference of the tight 

junctions. Therefore, this student is referring to the data representation as the referent for signs in 

the model representation which precipitates as treating the model features literally and not 

representationally of “tight junctions” in reality. 

 On the right image of the model representation (Figure 2), again the student interprets the 

three bands as literally three tight junction components (lines 8-9) when in reality there are 

numerous tight junction components between cells, not three. The three solid bands were 

constructed for the purposes of representing the stability of tight junctions, not amount. Further, 

the student reasons from the provided model representation that “less of the tight junctions” 

appear to close the gap between cells to cause a “less permeable” layer (line 8-10). However, 

tight junctions are known to seal gaps between cells, thus one would expect “less” tight junctions 

to cause more permeability, not less. Therefore, the student appears to treat the features of the 

provided model more like signs that represent the literal features and patterns in the data 

representation and not the properties and activities of the thing they are meant to represent in 

reality: tight junctions. 

We also saw this reasoning mode in students who were tasked to draw a model, rather 

than having a model provided. The following example is an excerpt from student 05’s model task 

response (drawing in Figure 4A) for the last data figure in problem set 1 (Figure 2). Her model 

drawing already started out with the three circles with the top labels from the previous data 
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figure model task. Student 05’s final course grade was 87% and her total interview score was 

48%. 

“This is harder than I thought. So. These are my, these are the three types. So if there is 1 

more ASD, they are going to have more anxiety. So this is what, this is more ASD and 2 

this improves the ASD symptoms. So that means with P factor (back to her model), so this 3 

will have ASD alone (writes “ASD” in P circle). So this will have ASD treated with BF 4 

(writes “ASD” and “BF” in P+BF circle). I don’t know if I should put an arrow there 5 

(adds arrow between BF and ASD in circle) but it like blocks ASD. Hm, it doesn’t block 6 

it, just improves it. So. I’ll just write there (writes “improves ASD symptoms” next to 7 

circle, then skims abstract). So I don’t think there’d be any ASD in the normal mice. So 8 

there is my model. It doesn’t make sense but…”9 

Student 05 had drawn the three mouse conditions as circles labeled with the experimental 

terminology of “S” and “P” instead of the more abstract labels of “normal” and “autism”, 

respectively. In her data interpretation (not shown) she correctly inferred from the bar graph in 

data figure 3 (Figure 2) that ASD mice exhibited more anxiety due to less center duration 

compared to normal mice. In line 2, she restates this claim. Interestingly, she quantifies “ASD” 

as if it were an object or property that one can have “more” of (lines 2-3) and even considers if 

the normal mice have “any ASD” (line 9) in them. Along with this idea of treating “ASD” as an 

object in the data representation instead of as a representation of autism spectrum disorder, she 

gives her “P” mouse and “P+BF” mouse “ASD” by writing the term inside the respective circles 

in her model (lines 3-4). The “P” mice are animals induced in the laboratory with a chemical 

called Poly:IC to have ASD-like symptoms for research purposes; thus “P” mice represent ASD 
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such that in this case “P” is synonymous with “ASD”. Thus, it seems inappropriate to have “P” 

mice containing “ASD.” 

 Throughout her model task, she seems to be treating “ASD” as a sign in her model that 

signals to or refers to a feature in the data representation. In this case, the feature in the data 

representation is a variable that she can track causally in the experiment. For instance, in lines 5-

7, she adds causality between BF and ASD, but she changes the causal nature three times. She 

begins with an arrow from BF towards ASD perhaps because of the positive connotation that BF 

“treat[s]” ASD. Next, she remembers her basic inference from the data figure that indicated BF 

prevented or “blocked” ASD (in her data interpretation before the model task, she stated “then P-

BF, this one corrects permeability that's why it's lower”). Then she remembers and settles on the 

claim from the article’s abstract that BF “improves” ASD symptoms. All three actions of BF are 

applicable: treat, block, and improve. However, her inability to express the three as the same 

mechanism of action suggests she is not thinking of these different actions in a biological sense. 

Thus, her model representation contains signs that have referents to the data representation but 

not to the real world phenomenon itself. Her inability to link her model signs to a referent in the 

real-world phenomenon of autism limits her abstraction level of the data interpretation. 

In both examples, students re-represented the information from the data representation 

within the model representation without changing the nature of that knowledge because they 

added little outside biological context to the extracted data patterns and causal inferences. 

Therefore, the student who drew the model appears to “extend” (Ainsworth, 1999) information 

from one representation to another. Likewise, the student who was provided the model, and 

therefore presented with both representations simultaneously, is “relating” (Ainsworth, 1999) the 
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information between the two. In our analysis, it seems the most basic connections that students 

draw between data and model representations are made through extension/relation.  

We would also like to point out that both students exemplified here used logic to either 

causally move through downstream events in the provided model (Figure 2) or represent causal 

relationships in their drawn model (Figure 4A). However biological models account for 

mechanism, not only logical connections. Mechanisms are more than logic circuits (Machamer et 

al., 2000; Russ et al., 2008); they are composed of entities (with their properties) performing 

certain activities at certain locations, times, etc. (Machamer et al., 2000; Russ et al., 2008). 

Therefore, mechanisms qualify context and cannot be separated from context. Students who fell 

under this reasoning mode did not change the nature of the knowledge presented in the data 

representation because they added little to no outside biological context. As a result, the model 

representations appeared to do little to no mechanistic work for them. Next, we show the 

movement towards Ainsworth’s “abstraction” state between data and model representations 

begins by adding outside biological information. 

Phenomenon as the Referent  

In this reasoning mode, students began to consider the real-world phenomenon being 

represented in the data and model representations (Figure 5). We observed this as students 

bringing in relevant biological information not immediately present in the data figures. This 

mode is the most dynamic of the three we observed, with students adding and rethinking the 

biology at any one moment at any one place. We provide our first example from student 21 who 

was tasked to draw a model (Figure 4B) after interpreting data figure 2 in problem set 1. His 

final course grade was a 96% and interview score was 67%. 
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“So I guess a model would be um, here I’ll move my hand more. So let’s say you have, so 1 

let’s say you have control. (Draws 2 parallel lines). Let’s do that. (Draws vertical line 2 

dividing two sides as Control and ASD). Control in that. So the control has let’s say 1 3 

and 1 (draws 2 squares spanning parallel lines), this is 8, this is 15 (labels each square 4 

respectively). That’s fine. It’s got okay permeability, we’ll do that and that (draws two 5 

arrows going in opposite directions across the parallel lines). Let’s do gut (labels top side 6 

gut). Blood (labels bottom side of parallel lines blood). Get rid of that part (crosses out 7 

upward arrow just drew on the parallel lines). But now if you have the other one gut. 8 

(Labels gut and blood on ASD parallel lines side). This one has no 8 but it has a lot more 9 

15 (draws squares and labels both as 15) and this is huge (draws downward arrow on 10 

parallel lines). Much bigger (bigger arrow and more defined dark arrowhead). But then, if 11 

you add the bacteria, this gets a little bit lower (points to claudin 15 square in ASD side 12 

of his model), but otherwise, this changes a lot (points to big downward arrow in ASD 13 

side of his model). Ok. General model for now.”14 

Student 21 aligns his drawing following the experimental conditions similar to how student 05 

from the previous reasoning mode example framed her model drawing. However, student 21 is 

more generic with his model labeling (using “control/normal” and “ASD”) in comparison to 

student 05’s labels of “S” and “P” which were the same labels shown in the data figures. Also 

unlike student 26 who was concerned with mapping the specific amounts of “claudin 8” and 

“claudin 15” to the model representation, student 21 represents claudin 8 and 15 within his 

model using generic language such as “let’s say 1 and 1” (line 4). Next, student 21 transports the 

permeability pattern stating generically again that the normal condition has “okay” levels and 

first draws two arrows going in opposite directions to represent “permeability” (line 5). When 
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thinking about the process of absorption of nutrients from the gut, permeability across the 

intestinal layer is unidirectional with entities crossing an epithelial layer moving from the lumen 

into the blood. The bi-directional arrows drawn by student 21 suggest that when first making his 

drawing the student may not have been reasoning biologically about the spatial and temporal 

consequences of the signs he draws in his model. Interestingly, as soon as he labels the “gut” and 

“blood” sides of his representation (line 7), he recognizes the error of having bidirectional arrows 

and “get[s] rid of that part” (line 8) by crossing out the biologically invalid arrow. It is hard to 

tell if this sudden labeling of sides is what changed his thinking about the direction of flow 

across the intestinal layer. However, from our qualitative analysis across this data set, we noted 

that the modeling process is often dynamic, unstable, and therefore sensitive to slight 

visualization changes such as those made here. 

To illustrate the dynamic nature of students’ ideas within this reasoning mode, we 

provide an example from the same student later on during his interview. As assemblies of 

proteins holding cells together, tight junctions are localized between cells. However, student 21 

represents the tight junctions as squares within a generalized “layer” with sides facing either the 

lumen or blood (Figure 4B). This choice could mean that the student has considered the spatial 

information that tight junctions are within tissue layers, but did not consider their property of 

holding together cell membranes to increase tissue integrity. He states later in his interview 

unprompted by the interviewer:  

“Oh wait no! I remember what tight junctions now are. Those are between cells aren’t 16 

they? Oooh okay, there we go. So if the tight junctions, that’s what, okay, (crosses out his 17 

model), there we go, that’s embarrassing. But uh, okay. Oooh, okay. So now I am 18 

thinking, I am going back to the data now, (…shifts focus on cld8 and cld15 in data and 19 
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draws the new model below...), so now my guess would be that it’s related to claudin 8 20 

with its disappearance, you get more permeability.”21 

After the student recalled “what tight junctions now are” (line 16), he re-draws his model 

with the same data pattern but in a more biologically situated context (Figure 4C). The nature of 

the knowledge from the data figure (the claudin pattern differences) remains unchanged, hence 

student 21 has extended/related (Ainsworth 1999) between the two representations. However, his 

new model drawing contains more biological context, suggesting greater abstraction. 

Specifically, student 21 encoded biological meaning in the horizontal line labeled 8 and 15 that is 

different than the meaning encoded in the squares labeled 8 and 15 in his previous model 

drawing; and this new abstracted meaning seems to be tied to mechanistic properties of tight 

junctions. Perhaps this is why when student 21 revisits the claudin data (line 19), he proposes 

that a lack of claudin 8 is related to “more permeability” (lines 21-22). At this point, he is 

considering the properties and activities (i.e. the mechanistic features) of claudin 8 as a tight 

junction protein. Thus, for Student 21 at this point, “claudin 8” in the data representation has a 

referent to the real world phenomenon of “tight junctions”, which is expressed in his model 

representation. Next, we show next how integral the building of mechanism is for abstraction 

between data and model representations in MCB. 

Mechanistic Bridge 

 We consider the previous reasoning mode to be an intermediate step between Data 

Representation as a Referent and the mode we describe here: Mechanistic Bridge. In this 

reasoning mode, students draw a model or use the provided model as an “abstraction” of the data 

representation, as described by Ainsworth (1999), rather than “extension” or “relation” which we 

described for the first mode. Through the quote examples below, we will show how an important 
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aspect of this mode is that students have linked the data and model representations through 

mechanistic forward and backward chaining (Darden, 2002). In addition, students’ abstracted 

model representations allow for more fluid, flexible, movements between data and model 

representations in such that students can begin to generate new ideas and hypotheses about the 

data through simulative reasoning (N. Nersessian, 2008). 

The first example is student 10 who was provided with a model. His interview score was 

81% and his final course grade was 84%. He states the following during his model task for data 

figure 2 (Figure 2): 

“So in your saline mouse, it should be looking more like this (points to BF model) in 1 

terms of what uh you are aiming for. Um which means that the tight junctions are tighter 2 

and obviously there are much less of the metabolites going down into the bloodstream. 3 

And then in your ASD induced mouse which is this one, obviously again you get that 4 

break down of the tight junctions which leads to a hole I guess technically in the 5 

epithelium and so you get more metabolites going down into the bloodstream which is 6 

why you get that spike, uh, on P.”7 

Instead of mapping a single entity from the data representation to the model representation, as we 

saw for students using the previous modes, student 10 begins by mapping the entire mouse 

condition (the saline mouse) from the data to “what you are aiming for” (line 2) in the right 

image of the provided model representation. Then he begins to reason through the provided 

model by connecting functional tight junctions in the right image of the provided model to “less 

of the metabolites going down into the bloodstream” (lines 3-4). Notably, he uses causal 

language, for example “which means” (line 2) “which leads to” (line 5) and “which is why” (line 

7). Next, he asserts that less functional tight junctions in ASD mice (the left image in the 
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provided model) “leads to a hole I guess technically in the epithelium and so you get more 

metabolites going down into the bloodstream” (lines 5-7). At this point, it is difficult to eliminate 

the possibility that the student is simply causally moving the model features in a literal way since 

the language he uses is literally what the provided model shows and the words he uses are 

directly from the model. For example, there is a space or “hole” between the cells in the model 

image where “more” black dots that the model labels as “metabolites” enter the bloodstream. 

However, he ends this episode by escaping from the model representation and causally linking to 

an outcome in the data representation, specifically to “that spike, uh, on P” (line 7) in the bar 

graph of the data figure for FITC intensity. This suggests he is considering the mechanism of the 

system represented in the provided model while animating because he uses it to explain an 

outcome in the data representation. 

 He has also appropriately linked the “metabolites” moving across the intestinal layer in 

an abstract sense to the “FITC-dextran” moving across the intestinal layer in the specific mouse 

experiment. Further, and more importantly, he has used a mechanistic story (beginning with tight 

junctions) to fully synchronize the data and model representations to a point from which he can 

forward chain (Darden, 2002) to “why” there is a spike in “P” mice (line 7). This is unlike 

student 21 who linked the data patterns into a model representation but did not explain the data 

patterns using his first model representation. In the mouse experiment, more FITC-dextran gets 

through to the blood in the ASD mice. Student 21 represented this by a bigger arrow that 

explained movement from the lumen to the blood (Figure 4B), but did not explain why this is 

happening more in the ASD mice. We saw earlier that student 21 was not even considering tight 

junction biology until later. In contrast, student 10 animates the model to explain the data pattern 

as a result of the “break down of the tight junctions” (line 5) and therefore “why” (line 7) the 
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ASD mice might have higher FITC intensity. When student 10 returns to the tight junction data 

figures, he quickly provides another explanation for the data pattern: 

S: the minute you get an ASD induced mouse, claudin 15 is very very expressed. […] um 8 

I am guessing what is happening is um it changes the claudin from being claudin 8 which 9 

is most likely what happens here (points to BF model) to claudin 15 (points to ASD 10 

model) which is what happens here. So claudin 15 probably doesn’t stick supposedly as 11 

well. Um so it’s trying to close the gap but it can’t close all of it. [...] As in like it’s there 12 

trying to form a tight junction but it doesn’t form a tight junction. It’s not tight. 13 

I: In the ASD model? 14 

S: In the ASD model. Yes. Which is why you are getting a lot even more than claudin 8 15 

which in the normal mouse but you are still somehow getting more permeability, which 16 

begs the question why.17 

Again, the student is not only considering the properties and activities of the tight junctions but 

also tries to explain the “why” (line 18). The increased expression of claudin 15 in the ASD mice 

shown in the data figure is quite counterintuitive when thinking about the biology of tight 

junctions; increased expression of tight junctions should prevent leakiness not associate with 

leakiness. We found many students were baffled by this apparent contradiction and could not 

offer an alternative hypothesis for why that may be. However, student 10 offers the idea that 

claudin 15 “doesn’t form a tight junction” (lines 13-14). 

 When the interviewer asks him to elaborate he draws an image on the provided model 

(Figure 4D) as he explains:  
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“It kind of does like this thing where you have little metabolites that can move, that can 19 

literally just go through and then just leave. It kind of just forms whiskers, but not 20 

actually a sticky junction.”21 

Student 10 generates a hypothetical spatial organization of claudin 15 as “whiskers” (line 20) 

that still allow metabolites through despite the increased expression of claudin 15 seen in the 

data figure. It is important in science practice to be able to re-contextualize data patterns from 

experimental contexts to biological contexts, as we see our students doing during the data 

interpretation and model tasks. However, it is also necessary that scientists understand the 

relevant biological phenomenon enough that they can mentally simulate parts of it (e.g. 

conducting mental ‘thought experiments’) to generate new states that explain novel data patterns 

or produce novel hypotheses. For example, a scientist, or student for that matter, can borrow a 

mechanism from another system to help generate an explanation of their target phenomenon of 

interest, e.g. analogical reasoning (N. Nersessian, 2008). However, if that analogy does not fit 

and fails to fully explain the target phenomenon, other forms of MBR can come into play in 

experts such as simulative modeling and visual modeling in order to generate new ideas that can 

explain the target phenomenon (N. Nersessian, 2008). 

 We argue that once our students establish a mechanism that spans between data and 

model representations (such that a sign in the data representation can explain a sign in the model 

via their common referent to a real world phenomenon), they can begin to engage in other forms 

of MBR to help them flexibly generate new ideas to explain the data patterns and/or causal 

inferences. It is important to have access to multiple MBR reasoning strategies because if one 

reasoning strategy fails, students can resort to other forms of MBR reasoning to continue 

generating solutions to the task at hand. For example, student 10 had to forgo any one-to-one 
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analogical mapping between the provided model representation and data representation in order 

to more fully explain the data patterns. Lastly, the nature of the knowledge that was related 

(Ainsworth, 1999) between the two representations undergoes a transformation. The 

representational features have been reified or encoded with outside mechanistic information by 

the student. 

Next, we describe reasoning used by student 11 who was tasked to draw a model 

(drawing in Figure 4E). His total interview score was 67%. He did not provide consent to share 

his individual final course grade. After he interprets data figure 3, during the model task, he 

attempts to backwards chain (Darden, 2002) to explain what could have caused the data result: 

“I am still thinking about how, like what else would affect the mice to cause them to move 1 

faster if like, the uh, some, with like the decreased tight junctions (refers to his prior 2 

drawing, not shown) and um if something like leaked out and like went to their brain 3 

somehow to cause them to like want to run around instead of walk or like whatever the 4 

difference is or maybe if it’s like something that goes to their muscles maybe. Let’s see.”5 

Student 11 concludes the ASD mice have more anxiety from the data pattern in data figure 

3 (Figure 2) but says the ASD mice “move faster” (line 2) instead of saying the ASD mice spend 

less time at the center, which is what the experiment is directly measuring. Interestingly, the 

specific data pattern details matter less to him in this particular instance, stating “like whatever the 

difference is” (line 5). This demonstrates he is thinking of the data pattern more generically or 

abstractly and appears to be more concerned with explaining how any difference in behavior can 

occur between normal and ASD mice. He attempts to backwards chain (Darden 2002) to reason 

about “what else” (line 1) could have led to a change in locomotive behavior. Instead of thinking 

in reverse temporal order about the mechanism, he begins at “decreased tight junctions” (line 2) 
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and projects forward to something reaching the “brain” (line 4) in order to explain behavioral 

changes. He backward chains again to come up with another reason that could explain the data 

outcome, this time reasoning that a change in locomotion could come from a change in the 

“muscles” (lines 5-6). He is less specific about how this occurs however. Taken together, we see 

similar to student 10 that student 11 also reasons mechanistically across his model representation 

and the data representations. He mechanistically connects his model representation (something 

leaking out and getting into the brain or muscle) to an outcome in the data representation (the 

higher anxiety seen in ASD mice). 

In summary, in all three reasoning modes, a reduction/subtraction process has occurred 

when moving between data and model representations because not all the details from one 

representation are included in the other; that is, the data and model representations are not carbon 

copies of each other and share no direct resemblance. However, the reification/amplification 

process differs across these reasoning modes. In the first mode we described, nearly no 

reification/amplification occurs. Therefore, we relate this mode to Ainsworth’s extension/relation 

process. In our next two modes, the reification/amplification process occurs because students begin 

to bring in outside mechanistic information to the data patterns/inferences. In this way, the signs in 

the data and model representations signal to what is known about the real-world target 

phenomenon. Therefore, the phenomenon becomes the common referent for signs in both the data 

and model representations (Figure 5). Perhaps this triangulation process allows students to move 

fluidly between data and model representations once enough mechanistic information has been 

cued or productively organized. In our analysis, we call this reasoning mode a Mechanistic Bridge 

because the student has encoded sufficient mechanistic information about the real-world 

phenomenon to bridge the data and model representations.  
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DISCUSSION 

Drawing together our theoretical framework and our analysis of how MCB students reason 

between data and model representations, we propose a model for how students coordinate 

scientific MERs (Figure 5). Just as Ainsworth describes that multiple representations can be used 

by learners to build abstraction, the coordination of multiple data and model representations by 

students also encouraged abstraction. Abstraction in the domain of MCB consists of building 

mechanistic schema (Machamer et al., 2000). Likewise, our students could better abstract data 

representations when they considered the phenomenon’s mechanism. 

We described three modes of reasoning among TRIM students as they engaged in 

bidirectional reasoning between model/data representations. The mode we called “Data 

Representation as the Referent” is characterized by students’ mapping between features in the data 

and model considering minimal outside information (Figure 5). This mode is similar to 

“extension/relation” (Ainsworth, 1999) because the nature of knowledge transported between 

representations has not changed. For example, representing a data pattern in a data figure is still 

the same pattern when represented as a 2D drawing with new signs in its place. The second mode 

we called “Phenomenon as the Referent” and it characterizes students’ dynamic transition to 

utilizing some level of mechanistic information (Figure 5). The last mode, “Mechanistic Bridge,” 

explains when students bridged representations together through mechanistic chaining. It appeared 

that once students had a stable referent in the real-world phenomenon through this abstract 

mechanistic schema, they could connect existing data and model representations and expand the 

mechanism’s “productive continuity” (Machamer et al., 2000) by forward and/or backward 

chaining (Darden, 2002). We propose that mechanistic information threads together 

representations in biology, acting similar to Latour’s metaphorical chain aligning scientists’ 
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representations (1991) in that it is reversible and extendable through forward and backward 

reasoning (Darden, 2002), and imparts a productive continuity that is susceptible to interruption. 

Similar to experts, once a causal or partial mechanistic framework is established, students 

could predict different outcomes, often generating novel mechanistic hypotheses, as in the case of 

Student 10’s “whisker” idea as a way tight junctions affect tissue permeability. How do students 

generate these novel ideas? It is known that using analogies helps generate novel solutions to 

problems (Gentner, 1983), and analogies are known to be a good starting point for understanding 

an unknown target domain by forming an analogy to a known source domain. However, analogies 

operate on evaluation of fit and can only go so far to explain target domains. In the instance that 

the data representations in our interview problem sets did not match students’ preconceived 

models, students could not resort to one-to-one analogical reasoning between data and model. 

Instead, we suggest other forms of MBR came into play. Once students had a mechanistic frame, 

they could simulate their mechanized model to generate different outcomes or states through 

simulative modeling, which is the ability to mentally simulate what is known about a phenomenon 

in order to infer something new or resolve a solution (N. Nersessian, 2008). In problem solving, 

simulative reasoning can be more efficient than more methodical, calculated approaches (Hegarty, 

2004). For instance when trying to move a couch through a doorway, one can take time to measure 

and collect all the necessary dimensions and calculate a solution; or one can mentally simulate 

what turns and rotations would enable the couch to move through the doorway (N. Nersessian, 

2008). Both are solutions but the latter is quicker and just as successful. Such ‘thought 

experiments’ or ability to mentally simulate phenomena are incredibly valuable tools for 

generating plausible hypotheses about unknown parts of a system based on one’s intuition of that 

system (N. Nersessian, 2008). Another MBR form is visual modeling, which all participants used 
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to some extent, where the simple act of having a visual aid can trigger novel ideas (N. Nersessian, 

2008) as we saw in Student code 21. 

A study by Gobert tasked fifth graders to draw multiple models not from data 

representations but from text about plate tectonics (Gobert, 2000). Gobert (2000) found asking 

“why” questions encouraged students to seek out more of their prior knowledge to incorporate into 

their modeling task. Similarly, we found students in our study appeared to be asking themselves 

this “why” question explicitly such as student 10 or implicitly when they sought out prior 

knowledge in order to build a mechanism in their model representation to explain the data 

representations. Gobert (2000) also found students with more mechanistic models that 

incorporated structural, static information and causal, dynamic information performed better on 

inference questions about the real-world phenomenon of plate tectonics.  

It is known that mechanistic reasoning is tied to construction, evaluation, and revision of 

scientific explanations in neuroscience and molecular biology disciplines (Machamer et al., 2000). 

Machamer et al. (2000) argue that such theory changes within these disciplines occurs through the 

“language of mechanisms” (p. 23). Since our study takes place in a MCB setting where the models 

are mechanistic, perhaps it is no surprise that in bridging between representations students used 

mechanistic reasoning. It would be interesting to examine and compare what bridges exist across 

representations that are not in the MCB domain.  

Instructional implications 

Teaching scientific literacy and data interpretation is challenging (Bowen & Roth, 2002; 

Delen & Krajcik, 2015). Often times we hear the expression, “the data speaks for itself” in 

scientific practice, however we cannot simply transfer this thinking to science classrooms. A data 

representation “speaks” when one knows the language to understand what it is saying. Interpreting 
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data representations, like any representation, requires format and operator knowledge (Ainsworth, 

2006). Certainly, much work goes into decoding the representational format as we have previously 

shown TRIM students learning to do in group settings (Zagallo et al., 2016). In addition, work 

goes into knowing how to operationalize the data representation which in this context comes from 

knowing what the experiment in the data representation is meant for. For example, knowing that 

Western blot experiments measure protein levels, thus the Western blot data representations are 

operationalized to examine protein levels. Once students are able to navigate data representations, 

the signs embedded within must signal to something meaningful for the data interpretation to make 

sense. We found this involved bringing in mechanistic information so that the signs in the data 

representation signal to a referent in the real-world phenomenon (Figure 5). This referent could 

then be linked back to a sign in a model representation. Therefore, it is important for students to 

learn not only how to coordinate signs across representations, but also how to engage in the 

processes of abstraction through tying those signs to a common referent. This abstraction process, 

we suggest, requires the language of mechanism. Therefore, for instruction targeted at teaching 

students to interpret authentic biological data representations in meaningful ways, we recommend 

providing a scaffold for reasoning about the biological mechanism at play. For instance, asking 

students to explain the biological context for that data feature or data pattern; likewise asking 

students to explicitly connect which feature/event in the model representation could explain some 

feature/event in the data representation. Students practicing these explanatory mechanistic bridges 

between data and model representations may view models more as mechanistic explanations than 

as observations or “copies” of the world (Carey, Evans, Honda, Jay, & Unger, 1989). 

Ainsworth warns curriculum designers and instructors should take care not to over-automat 

the mapping process across representations because it may be critiqued from a constructivist 
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perspective for taking the mental work away from the students, whose deeper understanding comes 

from their construction of the bridge that connects the representations (1999 & 2006). Helping to 

decipher what amount of scaffold to provide in data/model relations is outside the scope of our 

study, but we refer the reader to the multitude of studies (Ainsworth & Loizou, 2003; Bodemer, 

Ploetzner, Feuerlein, & Spada, 2004; Brunken, Plass, & Leutner, 2003; Kaput, 1992; Seufert, 

2003) dedicated to understanding how best to support mapping between representations.  

Previous research suggests that models can foster mechanistic reasoning, for instance high 

school students learned how the circulatory system works by reasoning through the structure (S), 

function (F), and behavior (B) together to explain a causal mechanism (M) (Buckley, 2000). 

Another example is in 5th grade students learning the causal mechanism of plate tectonics using 

model drawings (Gobert, 2000). Students constantly encounter situations in their daily lives that 

requires mechanistic thinking of causes and effects (Grotzer, 2003; MIL et al., 2016). Therefore, 

mechanistic reasoning should be quite intuitive for students and may be a useful tool to tap into 

during instruction (Grotzer, 2003; MIL et al., 2016). As a proof of principle for this idea, van Mil 

et al. showed providing mechanistic scaffolds to students at the molecular level improved their 

ability to interpret visual models at the cellular level (2016). Van mil et al. also found how the 

visual models were depicted in their lessons played a vital role in students’ interpretations of them 

(2016). This is similar to our findings with student 21, who revealed how dynamic and sensitive 

modeling is to even slight changes in his drawing such as changing his inaccurate bidirectional 

arrow between the “gut” and “blood’ to a more appropriate unidirectional arrow. 

That said, we recommend some flexibility when instructors evaluate students’ external 

visualizations in classrooms, allowing for drawing inaccuracies, at least as a whole. In Clement’s 
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overview of several model-based curriculums (Clement, 2000), he considers two scenarios of 

teaching with models: 

“Students learn understandings by being immersed in models that are as accurate and rich 

as possible (as is increasingly made possible by powerful computer simulations) versus 

students learn understandings best via a model evolution process by building on simplified, 

sparse, intermediate models that are only partially correct” (p. 1052) 

 Our analysis of students in a model-based curriculum suggests the latter. Students’ model 

evolution is the hallmark of our model in Figure 5. The second reasoning mode of our model, 

“Phenomenon as the Referent” demonstrates through student 21 how dynamic and transient the 

modeling process can be, such that asking students to connect all the model features at once as 

some internally coherent unit is perhaps an overwhelming endeavor for the working memory. In 

contrast directing students to focus on parts of the model to establish deeper connections with a 

specific given task such as data interpretation allows the student to build a mechanistic framework. 

With this frame, students can more easily evaluate the inaccuracies of their own models or of 

others. To note, all of the models students drew in our study contained some level of inaccuracy 

with respect to normative scientific information. Yet, many students used these models as a 

productive reasoning tool. This result is similar to a previous (Cox & Brna, 1995) study that found 

students could make valid inferences from inaccurate drawings. Thus, it is important to foster 

reasoning connections through modeling as an occasional trade-off to fostering model precision. 

Quillin and Thomas urge the use of drawings in science classrooms and propose a 

framework called Drawing-to-Learn that outlines different ways instructors can design exercises 

and assessments centered on student drawings (2015). The framework is structured by pedagogical 

goals and provides help on how to overcome classroom barriers to drawing. For instance, one way 
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to help overcome students’ insecurities to draw is for instructors to consider and make transparent 

the intended use of the drawings in their context (e.g. when it is OK to have simple shapes or text) 

(Quillin & Thomas, 2015). Our research questions did not aim to detect quantitative differences 

between drawing models and using existing models for data interpretation tasks; however, we did 

find from our analysis of student drawings that the level of abstraction seemed to positively 

correlate with students’ biological connection score for the data interpretations, while 

representational format did not. That is, students’ choice to use visual or verbal formats mattered 

less than their choice for how they drew relationships within their model. Instructors can judge the 

level of spatiotemporal information their lesson plan requires and reveal to students when visual or 

verbal formats are necessary. 

Concluding remarks 

If we aim to bring students into the culture of scientific thinking practices in classrooms, it 

is important to begin to analyze various domain-specific reasoning skills as they occur together to 

best explain how they can support each other in student thinking. We use existing theories and 

empirical evidence from upper-division university students in MCB to build our model for how 

students abstract authentic data representations into model representations. We found that 

mechanistic reasoning and model-based reasoning support each other when students engage in the 

scientific practices of data interpretation and modeling. 
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FIGURE LEGENDS 

Figure 1. One code example from each category of the coding scheme characterizing the data 

interpretations. For all codes (n=21) across all categories, see Supplemental 2. 

Figure 2. Parts of problem set 1 based on images and data from Hsiao et al. (2013).  

The model, two data figures and their accompanying figure legends are shown. The model was 

given only to half of the interview participants. The other half were asked to generate their own 

model drawings after each data figure interpretation task.   

Figure 3. Coding of students’ data-based model drawings. A. Examples of student drawings along 

the coding scheme measuring level of Abstraction and Format. The top two drawings show verbal 

formats along the Abstraction scale. The bottom two drawings show visual formats along the same 

Abstraction scale. B. Number of model drawings coded across the Abstraction and Format level. 

Both levels were coded on a 3 point scale represented as A1-3 for Abstraction and F1-3 for 

Format. The Abstraction level rated drawings on their ability to represent the multiple connections 

that can be inferred from the data representations in problem set 1 of the interview. The Format 

level rated drawings as verbal (F1) or visual representations that contained features with no 

apparent relationships relative to each other (F2) or features that appeared to tie together (F3).  

Figure 4. Student’s data-based model representations. A. Student 05’s drawing representing the 

“Data Representation as the Referent” reasoning mode. B. Student 21’s drawing 1 representing the 
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“Phenomenon as the Referent” reasoning mode. C. Student 21’s drawing 2 representing the 

dynamic nature of this reasoning mode. D. Student 10’s drawing clarification about features in the 

provided model. E. Student 11’s drawing representing the “Mechanistic Bridge” reasoning mode. 

Figure 5. Model for describing students’ data abstraction process into model representations. 

Three reasoning modes are shown. The first is “Data Representation as the Referent” and explains 

when students link signs between the data and model representations without considering the real-

world phenomenon. Thus one treats the data representation as the “referent” for the model signs. 

The second is “Phenomenon as the Referent” and explains when students begin to bring in 

mechanistic information about the real-world phenomenon. This process is dynamic. Once enough 

mechanism is brought in, the student can utilize mechanistic reasoning, specifically forward and 

backward chaining (Darden, 2002) to bridge the data and model representations. We call this final 

reasoning mode “Mechanistic Bridge”. The abstraction level increases along these reasoning 

modes.  
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Figure 1. 

 

 

 

  

 Interpretation Point/Code 

Literal 
pattern (6) 

CLDN15 or CLDN8 amounts 
change 

Basic 
inference (9) 

B. fragilis treatment rescues 
CLDN8 expression OR B. 
fragilis treatment partially 
rescues CLDN15 expression 

Biological 
connection 

(6) 

ASD mice have a leaky gut in 
part due to changes in tight 
junction protein expression 
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Figure 2. 
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Figure 3. 
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Figure 4. 
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Figure 5. 
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Table 1. Percent of points coded during the interview and separated by task. 

 
Total Interview Data Interpretation Model Task 

Point type 
[total] 

Undergrads Biologists Undergrads Biologists Undergrads Biologists 

Literal 
patterns [6] 

67%       
(17-100) 

80%    
(60-100) 

63%         
(17-100) 

80%     
(60-100) 

40%           
(0-83) 

37%       
(0-50) 

Basic 
inferences [9] 

70%      
(11-100) 

95%     
(78-100) 

63%         
(11-100) 

92%    
(67-100) 

43%         (0-
89) 

66%     
(44-100) 

Biological 
connections 

[6] 

39%        
(0-67) 

56%     
(17-83) 

23%           
(0-67) 

37%       
(0-75) 

26%          
(0-67) 

40%     
(17-67) 
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Table 2. Percent of coded points during the model task that were either repeated from the data 

interpretation or newly mentioned. 

  Model task 

  
Repeated Code in Model Task 

Uniquely Coded in Model 
Task 

Point type [total] Undergrads Biologists Undergrads Biologists 

Literal patterns [6] 36% (0-83) 37% (0-100) 4% (0-17) 0% 

Basic inferences 
[9] 

36% (0-89) 63% (44-89) 7% (0-22) 3% (0-11) 

Biological 
connections [6] 

10% (0-33) 17% (0-50) 16% (0-67) 21% (0-33) 
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SUPPLEMENT 1. Complete interview protocol 

 
SESSION INTRODUCTION:  
Checklist before beginning:  
Recorder, interview protocol, informed consent document, number code for student, gift card, 
signature paper for gift cards, paper, pen 
 
Bold=Interviewer 
Italic=Notes for interviewer  
 
I am a graduate student working on a project to try to understand how students like 
yourself problem solve and think critically about biological data. (Improvise) 
 
What I’d like to do during this interview is to ask you some questions about how you think 
through different problem sets and how you arrive at data interpretations. I will ask you to 
“think-aloud” as you work through these problem sets so that I can better understand how 
students tackle these problems. Our goal is to understand how students actually do this 
instead of guessing how you guys do this, so we can improve how we teach thinking skills 
like problem solving and data interpretation in science classrooms. For each part of the 
interview I want to ask you to be open and honest with what you are thinking and what you 
know and with what you don’t know. If you want, I can give you feedback at the end. Please 
don’t feel like this is a quiz about the things you have learned, but instead I’m really 
interested in understanding HOW you think through these problem sets. Like it says in the 
informed consent form, this study has nothing to do with your class and anything we talk 
about in this interview will not be tied back to your name at any point. 
 
Please take a minute to read over this informed consent. If you agree to participate, just 
sign and date here (point to right spot) which gives me permission to audiotape and/or 
videotape this interview based on what you select on the consent form. The audiotape is 
so that I can give you my full attention during the interview instead of trying to write down 
everything you say. The videotape is aimed at your hands only so that I can refer back to 
what you were drawing and pointing at. Do you have any questions before we begin? 
 

TURN ON AUDIO RECORDERS 
 

Please read the Introduction aloud or on your own, whichever you feel best with. Feel free 
to write on the paper or take notes. 
 
(FOR DRAW GROUP ONLY) I am going to give you this piece of paper (blank). The final goal 
is for you to draw a model explaining this data at the end. But I would like you to sketch 
something after each figure to help build the model as you go through. I will remind you to 
do this after each figure. 
(If student draws schematic model) Can you draw this more pictorially for what you think is 
going on based on the data? 
 
Figure 4 ���� I am going to ask you to predict what you think the result of this experiment will 
be based on the “model”. Go ahead and draw in the results. 
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Interview Questions per Problem Set 
 
 
1) Describe and Interpret the data in Figure 1 

 
2) What is your final data interpretation? 
 
3) PROVIDED: Can you relate what you think is going on to the model? 

 
DRAW: Can you draw a model/picture for what you think is going on? 

 
4) Describe and Interpret the data in Figure 2 

 
5) What is your final data interpretation? 
 
6) PROVIDED: Can you relate what you think is going on to the model? 

 
DRAW: Do you want to change or modify your model/picture for what you think is going on? 

 
7) Describe and Interpret the data in Figure 3 

 
8) What is your final data interpretation? 
 
9) PROVIDED: Can you relate what you think is going on to the model? 

 
DRAW: Do you want to change or modify your model/picture for what you think is going on? 

 
10) Now that we’ve gone through all this, can you summarize what all this data tells us? What’s 

the big picture? 
 
11) As you looked through these problems was there anything that you wondered about? Is there 

anything else you want to know? Can you pose a hypothesis for that? 
 
12) Do you think these experiments prove the authors’ claim? If not, what additional evidence 

would you like to see? 
 
13) Look at Figure 4 and predict the result. 

 

  



198 

 

PROVIDED MODEL CONDITION 
PROBLEM SET 1 

Introduction page 
 

Although autism spectrum disorder (ASD) is defined by core behavioral impairments, 
gastrointestinal (GI) symptoms are commonly reported. Subsets of ASD individuals display 
dysbiosis (disbalance) of the gut microbiota, and some exhibit increased intestinal 
permeability. Here we demonstrate GI barrier defects and microbiota alterations in a mouse 
model displaying features of ASD, maternal immune activation (MIA). Oral treatment of MIA 
offspring with the human commensal Bacteroides fragilis corrects gut permeability, alters 
microbial composition and ameliorates ASD-related defects in communicative, stereotypic, 
anxiety-like and sensorimotor behaviors. MIA offspring display an altered serum 
metabolomic profile, and B. fragilis modulates levels of several metabolites. Treating naïve 
mice with a metabolite that is increased by MIA and restored by B. fragilis causes behavioral 
abnormalities, suggesting that gut bacterial effects on the host metabolome impact behavior. 
Taken together, these findings support a gut-microbiome-brain connection in ASD and 
identify a potential probiotic therapy for GI and behavioral symptoms of autism. [From Hsiao, E. 

Y., McBride, S. W., Hsien, S., Sharon, G., Hyde, E. R., McCue, T., Codelli, J. A., Chow, J., Reisman, S. E., 
Petrosino, J. F., Patterson, P. H., Mazmanian, S. K. (2013). Microbiota modulate behavioral and physiological 
abnormalities associated with neurodevelopmental disorders. Cell, 155(7), 1451-1463.]

 
 

Model 
 
 

ASD gut lining   Bacteroides fragilis treatment 

 
 

metabolites 
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PROBLEM SET 1 
Data Figures page 

 

Fig. 1. Mean relative 
abundance of bacteria 
classified at the class 
level. S is saline (normal 
mice). P is Poly I:C 
(induced ASD mouse 
model).  

 

 

 

 
 

 
 
Fig. 2. A. Intestinal permeability assay measuring 
FITC intensity in blood after feeding mice FITC-
dextran. DSS= dextran sodium sulfate known to 
cause colitis (leaky gut). S=saline (normal mice). 
P=induced ASD mice. P+BF=induced ASD mice 
treated with B. fragilis. B. Colon expression of tight 
junction components (claudin 8 and 15). 
 

 
 
Fig. 3. A&B. Anxiety-like 
and locomotion behavior in 
open field exploration assay 
where mice circulate edges 
more when anxious. B. The 
metabolite 4EPS (one of the 
top leaky metabolites in ASD 
mice) was injected into WT 
mice to allow absorption into 
the blood. Control mice were 
vehicle-treated  

 
 
[All three data figures from Hsiao, E. Y., McBride, S. W., Hsien, S., Sharon, G., Hyde, E. R., McCue, T., 
Codelli, J. A., Chow, J., Reisman, S. E., Petrosino, J. F., Patterson, P. H., Mazmanian, S. K. (2013). Microbiota 
modulate behavioral and physiological abnormalities associated with neurodevelopmental disorders. Cell, 
155(7), 1451-1463.]

B. A. 

A

. 
B

. 
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PROBLEM SET 2 
Introduction page 

 
 
Plasmacytoid dendritic cells (pDCs) detect viruses in the acidified endosomes by 

means of Toll-like receptors (TLRs). Yet, pDC responses to certain single-stranded RNA 
(ssRNA) viruses occur only after live viral infection. We present evidence here that the 
recognition of such viruses by TLR7 requires transport of cytosolic viral replication 
intermediates into the lysosome by the process of autophagy. In addition, autophagy was 
found to be required for the production of interferon-α (IFNα) by pDCs. These results 
support a key role for autophagy in mediating ssRNA virus detection and interferon-α 
secretion by pDCs and suggest that cytosolic replication intermediates of viruses serve as 
pathogen signatures recognized by TLR7. [From Lee, H. K., Lund, J. M., Ramanathan, B., 

Mizushima, N., & Iwasaki, A. (2007). Autophagy-dependent viral recognition by plasmacytoid dendritic cells. 
Science (New York, N.Y.), 315(5817), 1398-1401. doi: 1136880. Reprinted with permission from AAAS]. 

 
NOTE: 

• Autophagy usually happens under cell starvation where the cell “eats” its 
cytoplasm by forming double-membrane compartments (called 
autophagosomes) around organelles or other factors to break it down for 
nutrients. 

• Autophagosomes can fuse with endosomes and/or lysosomes. 

• IFNα is an immune response against viruses.  

• TLR7 is found on endosome membranes and detects viral RNA NOT the whole 
virus. 

 
Model 

[From Kim, H. J., Lee, S., & Jung, J. U. (2010). When autophagy meets viruses: A double-edged sword with 
functions in defense and offense. Seminars in Immunopathology, 32(4) 323-341].  
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Virus 
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PROBLEM SET 2 
Data Figures page 

 
 
Fig. 1. pDCs from WT or TLR7-/- mice were 
removed and stimulated in culture with Vesicular 
Stomatitis Virus (VSV), Sendai Virus (SV), or Flu. 
IFNα levels were measured from culture 
supernatants and graphed here. 
 
 
 
 

 
 

 
Fig. 2. pDCs (marked by PDCA-1+ cells) were 
obtained from LC3-GFP transgenic mice and 
analyzed for the presence of punctate GFP+ 
autophagosomes 5 hours after incubation with 
VSV or media control. Autophagy is marked by 
LC3-GFP containing vesicles that show up as 
puncta (i.e. dots in cytoplasm). BF = bright 
field. 
 
 

 
 

 
Fig. 3. ATG5 is required for autophagy. pDCs from mice 
were “removed” and pDCs from ATG5+/+ and ATG5-/-  
mice were added in its place. Secretion of IFNα was 
measured following VSV infection. Each dot represents 
an individual mouse. 
 
 
 
 
 
 
 
 
 

 
[All three data figures from Lee, H. K., Lund, J. M., Ramanathan, B., Mizushima, N., & Iwasaki, A. (2007). 

Autophagy-dependent viral recognition by plasmacytoid dendritic cells. Science (New York, N.Y.), 

315(5817), 1398-1401. doi: 1136880. Reprinted with permission from AAAS].  
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DRAW MODEL CONDITION (First page only since Data page is the same as Provided) 
PROBLEM SET 1 

Introduction page 
 

Although autism spectrum disorder (ASD) is defined by core behavioral impairments, 
gastrointestinal (GI) symptoms are commonly reported. Subsets of ASD individuals display 
dysbiosis (disbalance) of the gut microbiota, and some exhibit increased intestinal 
permeability. Here we demonstrate GI barrier defects and microbiota alterations in a mouse 
model displaying features of ASD, maternal immune activation (MIA). Oral treatment of MIA 
offspring with the human commensal Bacteroides fragilis corrects gut permeability, alters 
microbial composition and ameliorates ASD-related defects in communicative, stereotypic, 
anxiety-like and sensorimotor behaviors. MIA offspring display an altered serum 
metabolomic profile, and B. fragilis modulates levels of several metabolites. Treating naïve 
mice with a metabolite that is increased by MIA and restored by B. fragilis causes behavioral 
abnormalities, suggesting that gut bacterial effects on the host metabolome impact behavior. 
Taken together, these findings support a gut-microbiome-brain connection in ASD and 
identify a potential probiotic therapy for GI and behavioral symptoms of autism. [From Hsiao, E. 

Y., McBride, S. W., Hsien, S., Sharon, G., Hyde, E. R., McCue, T., Codelli, J. A., Chow, J., Reisman, S. E., 
Petrosino, J. F., Patterson, P. H., Mazmanian, S. K. (2013). Microbiota modulate behavioral and physiological 
abnormalities associated with neurodevelopmental disorders. Cell, 155(7), 1451-1463.]
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PROBLEM SET 2 
Introduction page 

 
 
Plasmacytoid dendritic cells (pDCs) detect viruses in the acidified endosomes by 

means of Toll-like receptors (TLRs). Yet, pDC responses to certain single-stranded 
RNA (ssRNA) viruses occur only after live viral infection. We present evidence here that 
the recognition of such viruses by TLR7 requires transport of cytosolic viral replication 
intermediates into the lysosome by the process of autophagy. In addition, autophagy 
was found to be required for the production of interferon-α (IFNα) by pDCs. These 
results support a key role for autophagy in mediating ssRNA virus detection and 
interferon-α secretion by pDCs and suggest that cytosolic replication intermediates of 
viruses serve as pathogen signatures recognized by TLR7. [From Lee, H. K., Lund, J. M., 

Ramanathan, B., Mizushima, N., & Iwasaki, A. (2007). Autophagy-dependent viral recognition by 

plasmacytoid dendritic cells. Science (New York, N.Y.), 315(5817), 1398-1401. doi: 1136880. Reprinted 

with permission from AAAS]. 

 
NOTE: 

• Autophagy usually happens under cell starvation where the cell “eats” its 
cytoplasm by forming double-membrane compartments (called 
autophagosomes) around organelles or other factors to break it down for 
nutrients. 

• Autophagosomes can fuse with endosomes and/or lysosomes. 

• IFNα is an immune response against viruses.  

• TLR7 is found on endosome membranes and detects viral RNA NOT the 
whole virus. 
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SUPPLEMENT 2. List of key points used as coding scheme to measure the quality of students’ 
data interpretations 

Problem set 1 

Data Figure 1 

1. The relative abundance of bacteria is different between saline and ASD mice (could be implied) 

Data Figure 2A 

2. ASD mice have a leakier gut (or higher intestinal permeability) compared to normal OR Poly I:C 

treatment induces a leaky gut 

3. B. fragilis treatment rescues this phenotype back to normal 

Data Figure 2B 

4. CLDN15 or CLDN 8 amounts change 

5. CLDN15 is overexpressed in ASD mice 

6. CLDN 8 is reduced in ASD mice 

7. B. fragilis treatment rescues CLDN8 expression OR B. fragilis treatment partially rescues CLDN15 

expression (conveys understanding for why bacteria were added) 

8. The tight junction proteins are dysregulated in ASD mice OR ASD mice have a leaky gut in part 

due to changes in tight junction protein expression 

9. Mentions the non-intuitive result that CLDN15 upregulation would not explain a leakier gut 

Data Figure 3A 

10. ASD mice have more anxiety compared to normal mice 

11. B. fragilis treatment rescues this phenotype back to normal 

12. ASD mice and treatment mice move the same amount as normal. Therefore there is not a 

change in how much the mice travel, only where they choose to spend their time. 

13. Change in microbiota or leaky gut directly induces anxiety in the brain OR Authors move beyond 

molecular and cellular phenotypes to behavior changes 

Data Figure 3B 

14. The 4EPS metabolite induces anxiety-like behavior in WT mice OR 4EPS can mimic/recapitulate 

the “Poly I:C” effect 

15. Injecting the 4EPS metabolite directly into the blood allows the authors to separate out the 

other effects contributing to anxiety-like behavior (can cut off events happening upstream) 

 

Problem set 2   

Data Figure 1 

1. TLR7 is required for IFN-alpha production (in response to viral infection; can be implied but must 

say IFN-alpha) 

2. This is consistent with the authors’ claim that viral RNA interacts directly with TLR7 to induce IFN-

alpha 

Data Figure 2 

3. Viral infection induces autophagy/autophagosomes 

Data Figure 3 

4. ATG5/autophagy is required for IFN-alpha production (can be implied but must say IFN-alpha) 

5. The replaced pDCs are still similar to WT (in response to virus; must convey understanding that 

cells are being added back)  

6. Autophagy is important in how mice respond to viral infection (or mention in vivo aspect of data) 
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Literal pattern points: Problem set 1 (1, 4, 5, 6, 12); Problem set 2 (5) 

Basic inference points: Problem set 1 (2, 3, 7, 10, 11, 14); Problem set 2 (1, 3, 4) 

Biological connection points: Problem set 1 (8, 9, 13, 15); Problem set 2 (2, 6) 

  



206 

 

SUPPLEMENT 3. Drawing coding scheme for level of abstraction and format 

 

Level of Abstraction 

1 – Literal, close to data 

2 – Try to bring in a “why” or extra information to explain why data are the way they are 

3 – Abstract, multiple pieces brought together to explain why. 

• Direct inferences from data figures do not count! (For example in problem set 1 
drawing should explain leakiness through tight junctions, explain anxiety through 
leakiness or metabolites, explain rescue) 

 

Format 

1 – Verbal, only text 

2 – One icon included, no relationships 

3 – Visual, icons included, spatial and/or causal relationships shown 


