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DEDICATION

For La Jolla Shores
on the historically unceded territory of the Kumeyaay people

on whose sandy breaks I long pondered
the practice of science, the cognitive sciences, design,

and triangular-shaped graphs.
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EPIGRAPH

You, who are blessed with shade as well as light, you, who are gifted with two eyes, endowed
with a knowledge of perspective, and charmed with the enjoyment of various colours, you, who
can actually see an angle, and contemplate the complete circumference of a Circle in the happy
region of the Three Dimensions—how shall I make clear to you the extreme difficulty which we

in Flatland experience in recognizing one another’s configuration?

Edwin A. Abbott
Flatland. A Romance of Many Dimensions

The Way It Is

There’s a thread you follow. It goes among
things that change. But it doesn’t change.
People wonder about what you are pursuing.
You have to explain about the thread.
But it is hard for others to see.
While you hold it you can’t get lost.
Tragedies happen; people get hurt
or die; and you suffer and get old.
Nothing you do can stop time’s unfolding.
You don’t ever let go of the thread.

William Stafford
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PREFACE

This dissertation is structured as three series of empirical studies (Chapters 2, 3, and 4)

contextualized with a general Introduction and Conclusion. The Introduction and Conclusion

chapterscontain information relevant to all studies, while the introduction and conclusion

sectionsof each individual chapter contain information relevant speci�cally to that series of

studies. Before reading Chapters 2, 3 or 4, readers are encouraged to �rst review Section 1.4 that

introduces the strange but elegant and computationally ef�cient graph used as the underlying

stimuli for this body of research.

Supplemental materials including stimuli, data, and analysis scripts (in R) for all studies

described in this dissertation are available upon request, and a web companion documenting

analyses can be found at:https://amyraefox.com/dissertation.
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“A picture is worth 1000 words,” the adage goes, but only—I argue—if you know

how to read it. The same is true of graphs, charts, and diagrams. As powerful as these

visuospatial technologies may be in their communicative ef�ciency, they needn't be immediately

easy to understand. In fact, there are often trade-offs between a graph'sdiscoverabilityand

ef�ciency. Even for informationally equivalent forms, the computational ef�ciency of a less

conventional representation may outweigh its ease of use for the untrained reader. It is this fact

that underlies much innovation in Information Visualization, and the development of sophisticated

interfaces for highly skilled workers performing specialized tasks. Sometimes this work results
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in novel, unconventional representations that are computationally suited to particular complex

tasks, but that would present a substantial challenge to the novice reader. Meanwhile, most

work in remediating errors in graph comprehension has focused on “second order” readings:

characterizing the trends or relationships between data represented in a graph. The ability to

make these readings allows us to use graphs as vehicles for learning concepts—especially in

science. We tend to accepta priori that well-designed graphs readily afford �rst-order readings:

operations for extracting data from a graph. Accordingly, we know more about learningwith

representations, than we do about the learningof representations.

In this dissertation, I use simple graphs with an unconventional coordinate system to

exploregraphical discovery: how readers extract information from a graph when they lack prior

knowledge of its graphical formalism. I address what the systematic errors readers make can tell

us about our graphical intuitions, and the interaction of perceptual and conceptual processing

that underlies graph comprehension.
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Chapter 1

Introduction

Have you ever been struck by the beauty of a �gure? You come upon a complex and

colourful graph teeming with information, surely important by way of the precious column inches

it spans. But as you scan for patterns—willing the authors insight to leap off the page—you

�nd there is something unattainable. Like the writing of a foreign language you see familiar

symbols and structure, but the rules for how to assemble the pieces into a meaningful whole are

just outside your grasp. How do you make sense of the information?

Researchers of learning and cognition have long been interested in how graphic displays

are used to communicate, solve problems, and generate insight: as tools to communicate

thought, and tools to facilitate thinking. Throughstructure—the arrangement of marks in space

—external representations facilitate the communication of arbitrarily complex ideas (Kirsh,

2010; Scaife and Rogers, 1996). Yet their power goes beyond communication from one mind

to another. We know that by externalizing our knowledge into the world, we can perform

operations with it beyond what we might achieve `inside' our minds alone. It is the structure of

a representation that in�uences the kinds of operations that can be performed with it (Cheng,

2016; Larkin and Simon, 1987; Palmer, 1978). From this powerful insight we've designed

new forms: diagrams, charts, and interactive graphics to help people learn about complex and

abstract concepts as diverse as molecular models in chemistry (Stull, Barrett, and Hegarty,

2013), particle collisions in physics (Cheng, 1996), properties of electricity (Cheng, 2002), the
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mathematics of conditional probability (Binder, Krauss, and Bruckmaier, 2015) and timescales

in geology (Resnick, Newcombe, and Shipley, 2016). Beyond learning and instruction, there is

evidence for the role of external representations in generating insights at the frontiers of scienti�c

inference (Bechtel, Abrahamsen, and Sheredos, 2018; Gooding, 2010; Kaiser, 2005). External

representations form part of a distributed cognitive system in whichthinkingis constituted both

inside and outside the body, via interaction with the environment (Hutchins, 1995). The empirical

evidence supports what we intuitively feel to be true: external representations help us understand

thingsdifferently. They are truly an example of “things that make us smart,” (Norman, 1993.)

Yet as powerful as graphics may be in their communicative ef�ciency, they needn't be

immediately easy to understand. There are most often trade-offs between a representation's

discoverability (ease ofderivingthe rules of the representational system) and ef�ciency (ease

of applyingthe rules to perform operations). Consider the case of written language. The most

primitive forms of written language were pictorial, employing marks on surfaces that bore

visual resemblance to their referents. To construct meaning from the logogramone need only

have some familiarity with water fowl. Contrast this with the knowledge required to construct

the same meaning from the English word “duck”. The relationship between the orthographic

letterforms and real world referent are arbitrary, must be established through cultural transmission

and learned by the individual. The logogram is more discoverable: the intended meaning of

the form is within the perceptual grasp of the reader. Yet although it is less discoverable,

as a representational system the English language is exceptionally ef�cient, affording a vast

communicative potential with only 26 symbols.

Like language, understanding a graph or diagram is an inevitably semiotic process, as we

endeavour to construct meaning for a sign purposefully constructed by a fellow meaning-maker

to refer to their interpretation of something(s) in the world: a game of semiotic telephone. But

what if we don't know the rules of the game? Even familiar representational systems like scatter

plots and line graphs can prove challenging for students (Shah and Hoeffner, 2002) and experts

(Roth, 2003) alike. In short, we know a great deal more about learningwith representations than
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we do about the learningof representations. As Larkin and Simon note in their seminal paper, “a

representation is useful only if one has the productions that can use it,” 1987, pg. 71.If we lack

the ability to draw inferences from a representation, then we may �nd it largely useless.

In this dissertation I build upon previous research on reading and graph comprehension

to explore how readers make sense of a particular representation with a novel coordinate system.

In Chapter 1 describe the theoretical frameworks in which this research is situated (Section

1.1), and review relevant theory in graph comprehension (Section 1.2). I describe the methods

commonly used in graph comprehension research (Section 1.3), before introducing the graphical

formalism which serves as the locus of my case study (See 1.4). I conclude by describing the

speci�c aims of the dissertation and how they are realized in the empirical studies that follow

(Section 1.5).

1.1 Representation and the Distributed Cognitive System

Graph comprehension, information visualization more speci�cally and external repre-

sentation more broadly are phenomena of interest across a number of disciplines, including

psychology, education (especially science and math education), and computer science. These

phenomena are studied from a variety of theoretical perspectives with differing goals, from

the invention of new formalisms, from scaffolding learning with the formalisms, to developing

complex computer systems to afford interaction with the formalisms for the purpose of further

discovery. In the following sections I describe the theoretical perspectives that drive my own

investigation of these phenomena and inform the design and interpretation of the subsequent

empirical studies.

1.1.1 Graphs are External Representations
The power of the unaided mind is highly overrated. Without external aids, memory,
thought, and reasoning are all constrained. But human intelligence is highly
�exible and adaptive, superb at inventing procedures and objects that overcome
its own limits. The real powers come from devising external aids that enhance
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cognitive abilities. (...) It is things that make us smart.— Don Norman,Things
That Make Us Smart1993, pg.43

The language of representation is slippery and self-referencing. Shown a collection

of marks on surfaces, you might label some as art, or pictures, others as diagrams, maps, or

schematics, some charts, plots, or graphs, and others also as graphs but you might use air quotes

and call them “graph-theory graphs.” Some you will identify as writing, and others, like writing

but not; some peculiar or particular system of notation. The linguistic labels you apply to each

marking likely depend on your disciplinary background, and are neither exhaustive, nor mutually

exclusive. Which of these, are graphs? (Figure 1.1).

What is most critical to the study of how humans use these representations as tools for

thinking, is the recognition that they are all instances of a larger class: external representations.

Just as psycholinguists are concerned with the psychological and neurobiological factors that

enable humans to acquire, use, comprehend, and produceall language (not English, or `languages

using the roman alphabet', or `languages written from left-to-right'), cognitive scientists should

be concerned with the factors that enable humans to make use of external representations (not

just the `graphic', `data-driven', or `computer generated' variety). In this sense, information

designers and engineers of visualization systems have the luxury of specialization. But insofar as

we believe that the interaction with these artifacts rely on general-purpose cognitive mechanisms,

cognitive scientists do not. To understand how these artifacts function—to study how they are

used by humans to construct meaning in support of complex cognitive activities—we must climb

up the ladder of abstraction

The termexternal representationcame to prominence in the late 1970s, as the new dis-

cipline of Cognitive Science emerged from information-processing psychology with a common

focus on the existence and nature of mental representation (see Boden, 2006; Lindsay and Nor-

man, 1972; Neisser, 1967; Palmer and Kimchi, 1986). The complexity of external representation,

however, was not immediately appreciated. In his treatise on cognitive representation, Palmer ar-

gued that mental representations were,“exceedingly complex and dif�cult to study,”so one might

4



Figure 1.1. A collection of visuospatial external representations.(a) a conceptual diagram
indicating key concepts in null hypothesis signi�cance testing; (b) portion of the song 'You
Are My Sunshine' in guitar tabs notation; (c) Feynman diagram for an interaction between an
electron and anti-electron with exchange of a photon; (d) schematic of a circuit depicting a
9V battery in con�guration with a single resistor and LED; (e) tree diagram used in solving
Bayesian reasoning problems; (f) Laban notation representing a ballet exercise; (g) boxplot
depicting mean, interquartile range and outliers for 4 groups; (h) a �gure from a neuroscience
presentation that combines multiple representations of related phenomena to orient readers to
both the research method and analysis of results; (i) an icon of an abacus—note that the object
the icon represents would also be considered an external representation of number; (j) image of
the words in a dictionary de�nition of the word chair (inspired by the conceptual art piece `One
and Three Chairs' by Joseph Kosuth).
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start with the examination of“noncognitive”1 representations, as they are“simple, and easy

to study”2 (1978, pg. 262). Subsequent elaboration of representational systems demonstrated

there is much to explore with respect to the nature and function of such `noncognitive' structures

(see Larkin and Simon, 1987; Scaife and Rogers, 1996). However, empirical work on external

representation was often lacking in explicit de�nition of terms. A study on problem solving with

a diagram might refer to the diagram as an external representation and rely on the reader to draw

the same antonymic implication as Palmer: an external representation is a representation that is

not internal. The sensory modality, encoding media, presentation substrate and communicative

purpose were left under-speci�ed, allowing the term to serve as a category forthings that can be

perceived, that refer to other things.

A noteable exception to this terminological ambiguity was Zhang & Norman who

explicitly described external representations as,“knowledge and structure in the world, as

physical symbols (e.g., written symbols, beads of abacuses, etc.) or as external rules, constraints,

or relations embedded in physical con�gurations (e.g., spatial relations of written digits, visual

and spatial layouts of diagrams, physical constraints in abacuses, etc)” (1994, pg.3).

External representations (ERs) can be constructed for any sensory modality and physical

substrate, and for a variety of communicative purposes. Information is encoded externally via

structures that can be described along a continuum from implicit to explicit, depending on how

much effort, or inference, is required in their use (see Kirsh, 1990, 2006). The focus on my work

is on those can be seen on some surface. The text on this page is a visual ER, with the letters

of the alphabet functioning as symbols referring to sounds that you have learned to assemble

into words from which you construct a certain understanding of what I intend to communicate.

Similarly, a photograph is an ER, referring via analogy to whatever it depicts. A rich spectrum

lies between these symbolic texts (describing the world) and analogous pictures (depicting the

1Palmer reserves the quali�ercognitivefor internal representations, designating the external as `non-cognitive'.
Following a distributed cognitive perspective I characterizebothas cognitive representations, and prefer the term
`mental' to describe those representations not accessible outside the body.

2More ”accessible” is perhaps the more generous characterization.
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world). I am most focused in what lays between, and in particular, representations that are

designed in some capacity to refer to a number of things and their relations by employing space,

simpli�ed or schematic forms (and sometimes time). A line graph is a prototypical example,

using a series of numbers, lines, points and text arranged on a surface to indicate a quantitative

relationship between at least two variables. While a precise taxonomy of the design space of

external representations is beyond the scope of this work,3 I focus my attention on one subset

of ERs colloquially de�ned as “graphs” (from the Greek graphē `writing, drawing'): diagrams

that convey relationships between sets of information via visual and spatial variables in a formal

coordinate system (see Bertin, 1983; Pinker, 1990). These are not to be confused with another

set of ERs colloquially referred to as “graphs”: collections of edges that join in vertices (�a la

“graph theory”; also referred to as 'node-link' diagrams). Both varieties of graphs are subsets of

the larger class of “diagrams”: external representations that use space and schematic forms to

convey relationships between their referents.

The focus of this dissertation is how humans make sense of a further subset of graphs

with a particular obscure coordinate system. However, the primarily manipulation—knowledge

of the graphical formalism—is pertinent to all visuospatial external representations, including

those without metric coordinate systems, and the core question —how humans make sense of

representations with which they have no prior experience—is relevant to external representations

in general.

1.1.2 Meaning is Constructed
All meaningful phenomena (including words and images) are signs. To interpret
something is to treat it as a sign. All experience is mediated by signs, and
communication depends on them.— Chandler, 2017, pg.23

3Though I've noted the lack of precision in de�ning the scope of external representation, there has been no lack
of effort in cataloguing (Harris, 1999) and taxonomizing them, from a general theory of symbol systems (Goodman,
1968), to more speci�c descriptive frameworks for graphical and charting systems (Blackwell & Engelhardt, 2002;
Chi, 2000; Parsons & Sedig, 2014a; Shneiderman, 1996; Tory & Moller, 2004) to those concerned with speci�c
domains of data (Aigner, Miksch, Muller, Schumann, & Tominski, 2007; Beck, Burch, Diehl, & Weiskopf, 2016;
Blascheck, Kurzhals, Raschke, Burch, Weiskopf, & Ertl, 2017). Two particularly useful (and under-appreciated)
are those of Engelhardt (2002) who offers an atomic, generative framework deserving of its characterization as a
language of graphics, and Massironi (2001) who offers both a taxonomy and evolutionary timeline.
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If external representations are things purposefully constructed to refer to other things,

then understanding their referential function falls squarely within the realm ofsemiotics. Semi-

otics is the study of signs, where a sign is construed as `something which stands for something

else'—aliquid stat pro aliquo(Chandler, 2017). Note this is a larger class of phenomena than ex-

ternal representations which I have (pragmatically) constrained as being purposefully constructed.

Signs, conversely, can be naturally occurring: a trail of footprints in the snow, or mud puddles

following a heavy rain. The crux of the semiotic puzzle is that tobea sign, is to beinterpreted.

Phenomena become signs when meaning is assigned to them. You may have the intuition (and

concern) that to implicate semiotics is to open a Pandora's box where terms likerepresentand

signifybecome so complex they risk losing any consistent meaning—and you would be right.4

Our task is to introduce the elementary constructs of a particular semiotic approach that can

be productively applied to understanding the function of external representations in distributed

cognitive systems.

Figure 1.2. The three components of a Peircean sign(referent, representamen, interpretant)
are irreducibly triadic.

Imagine you encounter a line graph in a newspaper. Your job as a reader is to develop

an understanding (interpretant) of what the graph (the representamen) indicates about some

state of the world (the referent). The terms referent, representamen and interpretant are drawn

4“No treatment of semiotics can claim to be comprehensive because, in the broadest sense (as a general theory
of signs), it embraces the whole �eld of signi�cation, including `life, the universe, and everything', regardless of
whether the signs are goal-directed (or interpreted as being so)” (Chandler, 2017, pg.xvi).
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from American philosopher Charles Sanders Pierce, and his general account of the relations that

govern representation, reference, and the meaning of signs (Hoopes, 1991). Peirce's basic claim

is that a “sign” consists of three parts: (1) an object (referent) that is the thing being signi�ed, (2)

an element that signi�es (representamen): that which does the referring, and (3) the interpretant:

understanding that is made of the referent-representamen relation. Importantly, the entire triadic

relation is referred to as a sign or representation, and the dynamics of the relation semiosis or

signi�cation. Though Peirce's own terminology changed over the development of his ideas,

to avoid confusion we choose here three terms not commonly employed outside of semiotics:

referent (also: sign-object, or signi�ed),representamen(also: sign-vehicle, signi�er) and

interpretant(also: sign-mind, understanding) (see Figure 1.2). The labels we colloquially apply

to the material substances that comprise external representations—representation, sign—are

in semiotic terms explicitlynot equated with the material component of the sign. That is to

say, the `representation' is nottherepresentation, but only apart of it. The sign-relations are

irreducibly triadic, and while we might for sake of analysis wish to isolate the relation between

sign-object and sign-vehicle (for example, how a designer chooses to encode some information),

or sign-vehicle and sign-mind (for example, how a reader interprets the encoding), their function

is only constituted as a property of all three. This is perhaps more intuitive in psychological

terms: constructing meaning is a combination of top-down (knowledge-driven) and bottom-up

(stimulus-driven) interpretative processing. To examine how a reader interprets an encoding, we

must consider their interaction with the encoding, and prior knowledge of the information being

encoded.

Peirce's triadic semiotic is signi�cant to the cognitive science of external representation

in two ways. First, it makes explicit the constructive nature of meaning. Peirce's interpretant

brings into the signifying function someone or something that does the interpreting: an intelligent

process that constructs the translations between signifying elements of the representamen, in

order to arrive at some approximation of the referent. In this way, the relation between the `thing'

and the `representation' is not a direct and determined mapping, but entirely subjective, based
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on the interpretation of the observer. Secondly, Peirce's semiosis is dynamic, relying not on the

entirety of that which acts as the representamen, but only on the elements relevant in signifying.

Later accounts elaborate on subdivisions in the referent and interpretant that pertain to stages

of processing in an unfolding chain of meaning (Hoopes, 1991). This aspect has a distinctly

cognitive appeal, as it suggests a distribution of meaning-making between the observer and

environment; one that occurs via a process in time, not contained solely within artifacts or minds.

In the context of cognition, together these features of Peirce's approach are consistent with what

we know about the in�uence of prior knowledge and individual differences in the determination

of meaning.

In this dissertation I explore how an individual constructs meaning for a representamen

they have never seen before, given extensive prior experience with representations of the same

class.

1.1.3 Cognition is Distributed
It does not seem possible to account for the cognitive accomplishments of our
species by reference to what is inside our heads alone. One must also consider the
cognitive roles of the social and material world. But, how shall we understand the
relationships of the social and the material to cognitive processes that take place
inside individual human actors? This is the problem that distributed cognition
attempts to solve.— Hutchins, 2001, pg.2071

As cognitive scientists, we are concerned not only with the design and ef�cacy of external

representations, but with their mechanisms: how and why they function (or not). These functions

are enacted between the artifact(s) and person(s), embodied and situated in their environments

and complex social structures. This complexity demands a distributed perspective of cognition,

one that extends functions of the mind beyond the individual's skin and skull (see Clark, 1997;

Clark and Chalmers, 1998) and distributes them through time and space via material artifacts and

members of society (see Hutchins, 2001; Hutchins, 1995). Unlike traditional theories,distributed

cognitionextends the reach of what is considered `cognitive' beyond the individual to encompass

interactions between people and with resources and materials in the environment.
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The applicability of a distributed cognitive perspective to research in visualization (Liu,

Nersessian, & Stasko, 2007) and human-computer interaction more broadly (Hollan, Hutchins, &

Kirsh, 2000) has been successfully argued, and corresponding methods of cognitive ethnography

are now widely accepted in VIS and HCI publications. Through cognitive ethnographic tech-

niques (e.g., interviewing, participant observation, in-situ recording) a researcher can determine

what things meanto the participants in an activity and to documentthe means by whichthese

meanings are created. In this way, cognitive ethnography yields data for exploring cognitive

mechanisms, while also feeding distributed cognitive theory by adding to the corpus of observed

phenomena the theory should explain.

A distributed perspective on cognition is particularly relevant to the cognitive science of

external representations because it not only provides an overarching framework for investigating

arti�cats and representational processes, but actively encourages integration of ethnographic and

experimental approaches. While the study of cognitionin the wildcan answer many kinds of

questions about the nature of human cognition in real workplaces, the richness of real-world

settings places limits on the power of observational methods. This is where well-motivated

experiments are necessary. Having observed phenomena in natural settings, researchers can

set about designing more constrained experiments to systematically explore speci�c aspects

of observed situated behaviours. Importantly, distributed cognition doesnot require that every

aspect of a cognitive system be examined in every interaction: levels of analysis still apply. But

a distributed cognitive perspective does require that the most highly operationalized inquiries of

basic processes are contextualized as only parts of a more complex system of factors that taken

together, explain behaviour.

In this dissertation I leverage a variety of methods, including observation, experiment,

and mouse cursor tracking to explore how an interpreter interacts with their environment to

construct meaning for a novel representation. Although I do not directly evaluate the social-

situated practices that lead to the construction of prior graph knowledge, it is assumed that these

processes are relevant factors that give rise to the graph reading behaviours we directly measure.
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1.1.4 Information is Processed
“There is no information without information vehicles. Information vehicles are
the carriers of information, the physical material in which the information-for-
the-interpreter is encoded.”— Nauta, 1972

In an age of grounded, embodied, and extended cognition, it is rather fashionable

to discount information-processing psychology as outdated. However, there is a difference

between studying psychological phenomenaasthe processing of information, and studyingthe

phenomenonof information processing. The classical conception of information-processing

regards the mind as a computational system manipulating symbols to enact representational states.

The information-processing psychologist might seek to explain all psychological phenomenon

through this lens—behaviour resulting from the propagation of representations, disregarding

the in�uence of the body, modal systems or environment. Contemporary theories that situate

cognition beyond the mental are extraordinarily applicable to human interaction with external

representations. But so too are some constructs from information processing. In the study of

external representations, we are directly concerned with how humans interact with information

via representations. To the extent that we rely on the notion of information, we cannot escape

the notion of its processing: transformation as computation. Importantly, in this work I am not

proposing that to adopt an information processing view of visualization requires commitment to

a computational theory of mind, nor any strictly sentential/propositional symbol manipulation

in the brain. One limitation of early information-processing models of cognition was that they

paid 'scant regard' to the external world of artifacts and information (see Rogers, 2008). But

rather I suggest that by exploring phenomena that require processing of multimedia (i.e. text

and graphic) information, we expect that cognitive scientists can improve on these theories by

directly addressing the interface between external and internal information, especially in the

construction of meaning. Thus throughout this work I will make reference to terms such as

information, and knowledge structures in the mind, with no speci�c commitment to how these

are physically realized.
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Information Processing Spaces

One particularly productive for considering about the role of information processing in

the context of visualization and external representation more broadly is the EDIFICE framework

5 developed by Sedig & Parsons. As a conceptual model, it provides a structure for thinking about

the processing of information (such as goal-directed interaction with a visualization) distributed

through the components of a cognitive system. In Figure 1.3 we �nd �ve (metaphorical) spaces

that together form ahuman-information interaction epistemic cycle(see Sedig and Parsons, 2013,

2016; Sedig, Parsons, and Babanski, 2012).

Figure 1.3. The Human-Information Interaction Epistemic Cycle. adapted from original
draft with permission of author, Paul Parsons). I emphasize the importance of conceptualizing
these spaces as metaphorical, and not simultaneously reifying the layers as physical systems
with linear exchanges of information. In practice, information processing emerges dynamically,
simultaneously across the material components that constitute the system. This diagram can be
construed as a snapshot of this dynamic processing, linearly unfolded in time from left-to-right.

Theinformation spaceconsists of the set of information with which users might interact,

and thecomputing spaceits storage and manipulation (i.e. machine computation). In the
5Epistemology and Design of human-InFormation Interaction in Cognitive activitiEs
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representation space, encoded information is made available for perception. (The `space' of

representation is an abstraction, but is rei�ed in computers as `the interface'.) Theinteraction

spaceaffords exchange of information via action and perception: where the interpreter performs

actions and receives reactions. In themental spaceexists the mind and mental operations that

contribute to but importantly do not entirely constitute the construction of knowledge. The

model is clearly grounded in the perspectives of information processing and distributed cognition.

Though it was conceived in the context of interaction with complex visualization tools, its

abstractions can be fruitfully applied to the wider space of multimodal and multimedia external

representations. Most importantly, it makes explicit that the design of a visualization tool is a

communicative act between designer and user.

The EDIFICE framework offers a productive nomenclature for designating which com-

ponents of a distributed cognitive system we might be addressing in the context of a particular

research project, allowing us to more accurately characterize limitations and desired integra-

tions for future work. For example, a new visualization system that uses machine learning to

recommend graph encodings would primarily involve the design of algorithms in thecomputing

space, and resultant productions in therepresentation space.A user-study of such a tool would

involve measuring the outcome of operations in themental spacewhen an individual interacts

with the application (via theinteraction space). Most importantly, the framework serves as tool

for thinking about how the processing of information is distributed across a system of human-

visualization interaction: a problem of substantial importance to designers and researchers alike.

The authors have applied the framework to describe the relative distribution of information

processing across machine and human actors (Parsons & Sedig, 2014b), to characterize the

construct of interactivity (Sedig, Parsons, Dittmer, & Haworth, 2014), and as the backbone for a

pattern-language to aid conceptualization of novel visualization designs (Sedig & Parsons, 2013,

2016).

In this dissertation I explore the the presentation of an unconventional form in the

representation space, a reader's interactions with with through the interaction space and iterative
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construction of meaning in the mental space in order to develop and understanding of to what

(information) the representation refers.

1.2 Models and Theories of Graph Comprehension

In this section I review a substantial body of work across disciplines speci�cally con-

cerned with a smaller subset of external representations referred to asgraphs, charts or plots.

Though these diagrams with formal coordinate systems emerged relatively recently in human his-

tory, they have become ubiquitous in the preparation, analysis and communication of quantitative

information.

As is often the case with interdisciplinary research, the study of graph comprehension

arose from the needs of practice, rather than an invariable march of basic theory. The pioneering

graphical inventions of Playfair, Minard and Galton in the 'golden age' of visualization were

only made mainstream through inclusion in textbooks (e.g. Brinton, 1914 Brinton, 1914) and

standards reports (e.g. “Joint Committee on Standards for Graphic Presentation”, 1915), through

championing in professional texts (e.g. Tukey, 1977) and essays in scholarly journals (e.g. Cox,

1978; Kruskal, 1975). As the use of such ”statistical graphics” spread, guidelines were needed

for when and how they could be used to communicate effectively: a call for science to explain

the art.

The earliest empirical investigations were published in statistics (Croxton & Stryker,

1927; Eells, 1926; von Huhn, 1927) and consisted of discrete comparisons between bar and pie

charts, testing a viewer's performance in judging proportions. Concurrent work in educational

psychology (Washburne, 1927) tested secondary school students on their memory of facts

learned from bar and line charts, pictographs and tables. Studies of these kind were framed as

empirical tests of guidelines offered in textbooks like that of Brinton (1914), but were subject to

methodological critiques of construct validity. In contextualizing their results, authors tended to

frame outcomes as properties of the representations themselves:a bar chart is more effective at
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[X] than a pie chart; while contemporary scholars would identify performance as arising from

theinteraction betweenthe individual and representation. This subtle but important difference

betrays that the focus of early efforts was on understanding the nature of the representations and

their properties.

These type of point-to-point and application-grounded studies would continue for decades,

in absence of frameworks, theories or models to guide causal or mechanistic investigation. Work

was published in statistics, educational psychology, computer graphics and the burgeoning

�eld of HCI. This would be the case until three developments in the 1980s paved the way

for a more coherent, additive body of research to unfold. First, Jaques Bertin's seminal work,

Semiology of Graphicswas translated from French to English by WJ Berg (under the supervision

of Howard Wainer) in 1983. Bertin was the �rst to offer a concise language and structure

for decomposing the questions we might ask about what a graphic is, and how it might work.

Second, post-cognitive revolution, substantial theories connecting visual perception to higher

order cognition had been published in cognitive science —notably Marr (1982) and Ullman

(1984). Finally, the `mental imagery debate' was well underway, which saw leading cognitive

scientists debating the nature of mental representation. This focus on representation spurred

interest inexternalrepresentation, and in particular how graphics are leveraged for problem

solving and communication (e.g. Larkin and Simon, 1987).

In the sections that follow, I describe a progression of theoretical development that

has shaped the trajectory of graph comprehension research—work that directly addresses the

fundamental question:How are humans able to read graphs?Our focus will be on the elaboration

of generaltheory—accounts of the mechanisms through which our interaction with statistical

graphics unfold—rather than individual empirical contributions. We will see examples of theory

reasoned from personal experience, appeal to logic, and theory reasoned from experimental

evidence. A substantial body of theory has been developed in information visualization and

education that addresses the application of visualization and diagrammatic representations more

broadly, though (cognitive) theory in graph comprehension can be construed as its foundation,
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the backbone of investigations exploring speci�c phenomena observed within those interactions.

Questions like:What kind of graph is most effective for decision-making?or How can we

help learners correctly interpret a graph?rely on general purpose mechanisms of graph

comprehension, just as questions of effective linguistic communication rely on the underlying

mechanisms of reading and speech comprehension. Figure 1.4 summarizes early theoretical

contributions, including a number of general taxonomic grammars and computational efforts

that are not discussed in further detail.

The reader will notice that our understanding of graph comprehension didnotprogress via

development ofcompetingmodels and theories. Rather, research has unfolded as a progressive

elaboration of a vast problem space, with works that shed light on disparate aspects or tasks, and

others that expand on prior theory at different levels of detail; iterating rather than refuting. Half

of the challenge is deciding what questions need to be answered, and here lies the power and

dif�culty of such interdisciplinary inquiry.

1.2.1 A Semiology of Graphics — Bertin

“To utilize graphic representation is to relate the visual variables to the compo-
nents of the information. With its eight independent variables, graphics offers an
unlimited choice of constructions for any given information. (...) The basic prob-
lem in graphics is thus to choose the most appropriate graphic for representing a
given set of information.”— Bertin, 1983, pg.100

Jacques Bertin (1918 - 2010) was a French cartographer, born in the suburbs of Paris and

educated in the School of Cartography at the Sorbonne. An esteemed map-maker, he contributed

to new methods of cartographic projection as the head of research at France's National Center

for Scienti�c Research (CNRS) (Palsky, 2019). Yet his most widespread legacy would be the

�rst and most far-reaching effort to provide a theoretical foundation to the design of information

graphics, �rst offered in the 1967 textŚemiologie Graphique.

Bertin's volume resists concise summary6, though its most oft-cited concepts, in con-

6Any attempt to summarize the 400 page volume would be too brief, and this author is convinced that although
widely cited, the depth of Bertin's intellectual contributions are underestimated on account of opaque linguistic
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Figure 1.4. Early in�uential theories, frameworks and models in Graph Comprehension.
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temporary writing are thevisual variablesandlevels of organization, which taken together

form a table of perceptual properties: a heuristic for information-visual mapping (Figure 1.5a).

Bertin organized the tools at our (external) representational disposal in terms of space (two

planar dimensions: location on a surface) and the visual (retinal) properties along with marks

positioned within the space can vary: size, value, texture, color, orientation, and shape. In short,

the visual variables offer eight channels into which information can be mapped. Bertin argued

these channels have varying capacities for adequately representing different aspects of informa-

tion: a correspondence between the nature of the information and perceptual requirements for

discerning it in graphical form. In an orthogonal scheme, he posited fourlevels of organization

that govern whatabout some information we might seek to perceive. Selective perception

involves discerning categorical belonging; associated perception grouping like instances; ordered

perception discerning step-wise order, and quantitative perception discerning the absolute value

of an instance or numeric ratio between instances. Bertin asserted that to map data to a visual

variable, the level of organization of the data must correspond to the capacity of the visual

variable (Figure 1.5a). Any mismatch is a source of `graphic error' (1983, pg.64).

Bertin envisioned a unifying framework that could govern the design of all kinds of

graphics—not only geographic maps or statistical charts. A CNRS colleague re�ected that it

was the exposure to hundreds of representations from different scienti�c domains—brought to

Bertin for advice—that endowed him with the sort of global perspective required to write a text

as comprehensive as Sémiologie Graphique (Bonin, 2000). In modern parlance, we would say

Bertin offered a structured design space for mapping information to graphical marks. Though it

is important to note that these ordered mappings were inferred from a combination of logical

reasoning and perceptual experience rather than experimental evidence. Bertin's treatise is

partially descriptive: structuring his observation of the components of graphical communication,

and prescriptive: offering guidelines for how and when certain mappings should be made. In

constructions. Bertin also contributed theory onlevels of reading[pg. 141],stages of processing[140], functions of
graphics[pg.160] andinformation processing[pg. 166]. The motivated reader is strongly encouraged to give 'Part 1.
Semiology of the Graphic Sign-System' a close reading. (Bertin, 1983)
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Figure 1.5. Four contributions ranking perceptual accuracy of visual-spatial encodings.
Bertin (A) was reasoned from experience, Cleveland & McGill (B) derived from experimental
studies with quantitative proportion judgements, which (C) Macklinlay (1986) extended for
nominal and ordinal data reasoning from existing psychophysics studies, not empirically validated
in the context of graph comprehension.
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justi�cation of the levels of organization assigned to each variable, Bertin offers a test, a sort

of phenomenological self-check (or to the researcher, suggested experimental task) that should

convince the reader. In this way, the classi�cation of visual variables can be read as a set

of hypotheses for controlled psychophysics experiments. The continued in�uence of Bertin's

work should remind us of the value of the kinda priori theorizing required to construct such

a theoretical framework. He did not conduct experiments or build models to explain data,

but rather imposed a coherent logical structure on a disorganized set of phenomena growing

rapidly in importance. Though perceptual experiments would follow, Bertin's visual variables

still stand as the most common starting point for information-graphic mapping in visualization

design. His work is widely cited in the pioneering research in computer graphics and information

visualization, as well as the psychological studies of graphical perception that would begin in

earnest in the 1980s.

1.2.2 Elementary Structures in Graphical Perception — From Cleveland
& McGill to Simkin & Hastie

We do not pretend that the items on our list are completely distinct tasks; for
example, judging angle and direction are clearly related. We do not pretend that
our list is exhaustive; for example, color hue and texture (Bertin 1973) are two
elementary tasks excluded from the list because they do not have an unambiguous
single method of ordering from small to large and thus might be regarded as
better for encoding categories rather than real variables. Nevertheless the list ...
is a reasonable �rst try and will lead to some useful results on graph construction.
— Cleveland and McGill, 1984, pg.532

The Semiology of Graphicswould not be published in English until 1983, and as graphic

displays of information became prevalent in American statistical journals in the early 1970s,

calls were made for more systematic inquiry. A “theory of graphical methods” was needed (Cox,

1978, pg.5) in order to overcome the state of “dogmatic and arbitrary” design guidance of the

time (Kruskal, 1975, pg.29). William Cleveland and Robert McGill were statisticians at Bell

Labs when they answered this call, publishing a series of empirical studies in the Journal of

the American Statistical Association (JASA) which they described as theory for the relative
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accuracy for a set ofelementary perceptual tasksreaders perform to extract the values of real

variables from statistical graphs (1984). In subsequent years, Cleveland & McGill re�ned their

terminology, replacingperceptual tasks(1984) withgraphical-perceptual tasks(1985),basic

graphical judgements(1986) and �nally,elementary codes(1987), with in�uential publications

spanning venues of statistics, HCI and popular science. Claims made in their initial 1984 work

were tested by additional experiments and deeper engagement with contemporaneous theories

of vision, resulting in the much re�ned 1987 publication ranking accuracy of an expanded

set ofelementary codes(Figure 1.5b).7 These codes describe channels available for mapping

quantitative information to graphic form. In this sense, the authors re-articulated the visual

variables described by Bertin (1967, 1983), and further ordered them according to human

accuracy in making quantitative relational judgements. Cleveland & McGill's variables do not

match those of Bertin, however, and are admittedly neither exhaustive nor mutually exclusive

(1984, pg. 532). One explanation for this discrepancy is their having conceived of the codes on

the basis of their personal experience with statistical graphs, while Bertin set out to theorize a

structure that could account for the visual-spatial properties of all graphic marks on 2D surfaces.

Cleveland & McGill's approach was partially deductive—structureda posteriorifrom

personal experience and perceptual theory (e.g. Stevens, 1975) and inductive, generalizing from

reviews of psychophysical experiments (e.g. Baird, 1970), and their own original studies. It is per-

haps most accurate to characterize their studies as tests of Bertin's hypotheses for the appropriate

visual variables for quantitative perception. The experimental task asked participants—presented

with two marked graphic components—to indicate ”what percentage the smaller is of the larger”

(pg.539), an operationalization of Bertin's test for quantitative perception: ”ask the reader the

value of the larger sign if a value of one is attributed to the smaller sign” (Bertin, 1983, pg.69).

While Bertin reasoned that only the planar dimensions (spatial location) and size can adequately

7Nonetheless, the more preliminary 1984 publication remains the most widely cited of their works, with nearly
eight times as many citations as the 1987 elaboration [as reported by Google Scholar and Web of Science, January
2021]. This observation reinforces the importance of tracing the intellectual history of theoretical works to �nd their
most mature form, and should serve as a warning against cherry-picking references.
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communicate quantitative information, Cleveland & McGill give us the relative accuracy of ten

encodings for the same task. Their experimental data support Bertin's hypothesis that spatial

location (e.g. position along common scale, position along non-aligned scales) can carry this

information most accurately. Iflengthis imputed as the size variation of a line (Bertin, 1983,

pg.71), and area the size variation of a point, then the data support Bertin's conclusions about the

size variable, but not in relation to direction (Bertin's orientation for line) or angle (potentially

construed as shape). There is enough discrepancy suggested in the empirical results to warrant

further scrutiny of Bertin's criteria for judging a variable as applicable to a particular level, and

of the experimental tasks themselves.

Four years later, Northwestern University psychologists David Simkin and Reid Hastie

offered JASA a contextualization of Cleveland & McGill's elementary codes, under a framework

of information processing psychology (Simkin & Hastie, 1987). Simkin & Hastie emphasized

that performance of graphical perception depends not only on the way information is encoded,

but also the judgment tasks performed by the human beings for whom the graphs are intended.

Building upon Follettie (1986), they differentiated between measurement, discrimination, pro-

portion and comparison judgements (Figure 1.6a). It is important to note that all of Cleveland

& McGill's studies used proportion judgements. Follettie, and later Simkin & Hastie, brought

awareness to a whole new range of judgement tasks for which statistical graphs are used. Most

importantly, they demonstrated that choosing a graphic mapping for a variable of data should

not only depend on the data type (Bertin's level of organization) but also the judgement task the

designer wants the reader to perform. They offered empirical demonstrations of the interaction

between elementary codes and judgement tasks (e.g. comparison judgements were most accurate

with simple bar charts (position along common-scale) while proportional judgements were

most accurate with simple pie charts (angles)). Moving beyond encoding, they theorized four

elementary mental processesthat could—in an algorithmic sense—explain relative error and

response rates across tasks (Figure 1.6b). The elementary mental processes can be construed as

visual data extraction steps: ordered in procedures that are executed by the perceptual system in
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Figure 1.6. Schematic diagram of Simkin & Hastie's theorized Elementary Mental Pro-
cesses, adapted from (1987)

order to accomplish a judgement task.

Over the course of the 1980s, the use of statistical graphics in publishing and data analysis

surged with the development of software packages that made simple visualizations accessible

for personal computer users. The cross-fertilization of empirical research between perceptual

psychology and statistics demonstrated how demand for design recommendations can drive

applied research questions that in turn inspire basic science research. Though the decade began

with a focus on mapping information to visual forms, it would end with sophisticated hypotheses

about how such mappings would interact with tasks, governed by perceptual rules, to elicit

comprehension.

1.2.3 The Rise of Process Theories

Prior to 1980, there had been very little systematic research on the psychology of

graph comprehension (Wainer & Thissen, 1981). Over the course of the 1980s, methods and

theories from cognitive psychology began to permeate the community in statistics concerned

with graphical perception. Simkin & Hastie, notably, were psychologists, though they published

their seminal work in the Journal of the American Statistical Association (JASA),not a journal

of applied cognition or perception. Their contribution stood in direct conversation with the

earlier work of Cleveland & McGill in the same venue. In 1985, psychologist Stephen Kosslyn
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Figure 1.7. A process description of visual information processing, adapted from Kosslyn
(1989). The same �gure appeared (without linguistic annotation of the important characteristics)
in Kosslyn (1985).

published in JASA, a review of �ve books on charts and graphs, including Bertin (1983), Tufte

(1983) and Chambers (1983). Rather than a straightforward critique however, Kosslyn offered a

thorough primer on relevant concepts from cognitive psychology contextualized with respect

to graph reading. He provided a sketch of contemporary visual information processing (Marr,

1982) and the distinction between short and long-term memory (Anderson & Bower, 1973;

Lindsay & Norman, 1972) before addressing the extent to which the practical guidance offered

by each book comported with aspects of cognitive theory. Although its citation count pales

in comparison to the aforementioned works, the importance of Kosslyn's contribution cannot

be overstated. In this cross-disciplinary fertilization, he offered —like Bertin —a structure for

thinking about the scope of what questions might be asked of graphical performance. He shared

a simple (conceptual, process) model of visual information processing (Figure 1.7) in which

graph perception would be situated. To an application-focused community of statisticiansusing

graphics, he brought a concise summary of relevant psychological constructs. While previous

efforts focused on structural questions of encodings and tasks, Kosslyn drew attention to the way

that graph reading unfolds as aprocess.

But Kosslyn's in�uence would not end there. In 1989 he published an analytic scheme
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for deconstructing graphs8 into constituent parts, which could then be analyzed at the levels of

syntactics (con�guration of marks), semantics (the meaning that arises from con�gurations) and

pragmatics (conveyance beyond direct interpretation of symbols). This contribution was more

structural than procedural, offering a schema for evaluating graphs with respect to acceptability

principles reasoned from cognitive theory. But in doing so, he would make reference to a

forthcoming publication from his former graduate student Steven Pinker; one that would go on

to stand as the most widely-cited theory of graph comprehension.

1.2.3.1 A Theory of Graph Comprehension — Steven Pinker

While experimental psychologist Steven Pinker is most widely recognized for his popular

science books on language and human nature, he got his start in the late 1970s as a doctoral

student studying visual cognition with Stephen Kosslyn at Harvard. His chapter “A Theory

of Graph Comprehension” in the bookArti�cial Intelligence and the Future of Testingwould

in�uence research on the design and function of visual-spatial displays across psychology,

education and computer science for decades (1990). In fact, the ideas were in�uentialbefore

publication, with earlier versions of the theory cited via MIT technical reports from the early

1980s.

Pinker's theory consists of a series of computational processes that propagate representa-

tions of information across components of a theorized human cognitive architecture (Figure 1.8).

He proposes that graph interpretation begins with construction of avisual array: a relatively raw,

minimally processed representation of the information made available to the nervous system via

patterns of intensity on the retinas. The visual array is thenencodedinto avisual description: a

symbolic, structural representation of the scene in a form more ef�cient for computation with

knowledge in memory. AMATCH processthen compares the visual description with the contents

of memory in order to select the correctgraph schema—a sort of placeholder indicating the

structural relation of information for that particular class of graph. Onceinstantiated, informa-

8Kosslyn makes a distinction between charts (specifying discrete relations between discrete entitites) and graphs
(a more constrained form, requiring at least two scales associated via a 'paired with' relation).
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Figure 1.8. Three Information Processing accounts of Graph Comprehension. Italic
annotations in blue indicate clari�cations, and red indicates changes from prior models. In
reading these diagrams, it is important to recognize they represent processes, not components.
The boxes in Pinker, for example indicate representations of information, not theorized cognitive
structures, like working memory or executive control. The diagrams are not schematics for the
structure of a cognitive system, but schematics of how information is processed, and care must
be taken to avoid inadvertently reifying them into component structures, which might serve an
implementationlevel of analysis.
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tion from the visual description is structured according to the relations of the selected schema.

By this point, the external representation of the graph has been transformed into an internal

representation in some structured, symbolic form that can be interrogated (searched) in order

to extract information. Pinker uses the termconceptual questionto refer to the information the

reader wishes to derive from the graph, andconceptual messagethe information that is actually

extracted. Amessage assembly processsearches the instantiated graph schema for information

to translate to the form of theconceptual message. But processing capacity limitations prevent

all the information from being automatically translated to messages. Rather, theinterrogation

process searches the graph schema for information matching the conceptual question. If it is

found, message assembly takes over. But if not,interrogationcan traverse the prior stages of

representation (the visual description, then visual array) until the desired information is found;

a top-down search that may require re-encoding the visual array. Finally, Pinker appeals to a

general class of (logical, mathematical, and qualitative)inferential processesthat operate on the

conceptual message in service of answering the conceptual question.

Pinker's approach was deeply situated in the tradition of information processing, express-

ing an orientation toward a computational theory of mind. His explanation functions at Marr's

algorithmiclevel of analysis—specifying representations and procedures for transforming them

(1982). He offers an exceptionally detailed account of the properties of the representations he

proposes (especially the visual description) and how they comport with cognitive theory in vision,

memory and attention. The 1990 publication is not an easy read, and it is my personal opinion

that its scope is often misunderstood and contribution inadvertently rei�edasits diagrammatic

representation of information processing.9 Figure 1.8a is adapted from Pinker's Figures 4.14

and 4.19 which he characterizes as ”representing the �ow of information speci�ed by the current

theory” (1990, pg.104). The diagram depicts the order of representations and names of processes

that transform them, but fails to adequately describe re-encoding the visual array (by re-attending

9Just as we are drawn to graphs of empirical results, we are drawn to diagrams of theoretical offerings. Readers
are warned against assuming that a diagramentirely representsa theoretical account, and writers encouraged to
explicitly describe the representational role of diagrams in the scope of their theory.
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to the graph) or the timecourse of decay of any representation based on the capacity limits of short

(i.e. working) memory (e.g. 1990, pg.89). This leads to the misconception that Pinker does not

address the role of working memory, or proposes that an entire graph is encoded in a single linear

process. Rather, it is more appropriate to construe the diagrammatic representation as a snapshot

of the �ow of information through a single iteration of a bottom-up (perceptually-driven) loop.

We are similarly left wondering ”where” in the mind his representations exist. This not explicitly

de�ned in the process diagram nor the text, but it can be reasonably inferred that all posited

internal representations exist in short term (i.e. working) memory, as this is where processing

would occur in the context of the cognitive theories he references (with the exception of the

uninstantiated graph schema, likely in long-term memory).

Most importantly, justi�cation for the theory rests on a single proposition: that graph

comprehension exploits general purpose cognitive and perceptual mechanisms. Pinker's chapter

was not the culmination of decades of empirical experimentation with graphs, but rather, the

application of contemporaneous theories of vision, memory and attention to the phenomenon of

graph comprehension. This statement is not offered in critique, but in observation of the variety

of ways that theory is developed. In this case, refutation rests on change to theories of vision,

attention and memory, or evidence that graph comprehension is suf�ciently different from the

phenomena used to construct those theories to warrant special-purpose cognitive mechanisms.

1.2.3.2 A Construction-Integration Model — Shah & Colleagues

An alternative to refuting a theory is re�ning it, by elaboration (specifying detail) or

contextualization (situating in larger scope). In the late 1990s and early 2000s, Priti Shah &

colleagues arguably did both: zooming out to describe the iterations of information processing

when comprehending a graph, and zooming-in to elaborate the in�uence of ”top-down” factors.

While prior experimental work focused on the perceptual aspects of graph comprehension,

Cognitive Psychologist Priti Shah's mid-1990s dissertation work emphasized the role ofcognitive

processesin graph comprehension. Though contemporary Cognitive Science resists a precise
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delineation between perception and cognition, in graph comprehension a distinction is typically

drawn between sources of information. Perception —information arriving via the senses —is

referred to as 'bottom-up' processing, while prior knowledge and computation over internal

representations is referred to as 'top-down' processing. Like Pinker, Shah and her colleagues

reasoned that graph comprehension would make use of general purpose cognitive processes

rather than some special graphics engine in the mind. Drawing inspiration from Walter Kintsch's

well-regarded Construction-Integration Theory (1998), Shah elaborated how the processes of

constructing meaning with a graph might proceed in the same fashion as constructing meaning

from text or linguistic discourse.

Along with Patricia Carpenter, Shah �rst drew attention to the timecourse of information

processing when reading a graph (Carpenter & Shah, 1998; Shah, 1997). Prior perceptual

accounts tended to emphasize holistic, pattern recognition processes that allow readers to make

the sort of quick proportional judgements used in studies of graphical perception. Carpenter &

Shah employed more complex tasks, asking readers to describe graphs and answer comprehension

questions. Performance on these tasks, accompanied by measurements of eye �xations, revealed

a more iterative procedure was taking place: one that involved a serial identi�cation of visual

chunks, followed by inferences and reasoning, repeated until the task goal had been accomplished.

Along with evidence of differential task performance based on prior knowledge of semantic

content, their studies provided support for the claims that: (1) successful graph interpretation

depends not only on appropriate information-to-graphical encoding, but also on prior knowledge

and skill of the graph interpreter, and (2) graph comprehension is an iterative, multi-stage process.

Publications in 2002 drew more strongly from CI Theory, characterizing the timecourse of

processing in terms of two phases: an initialconstruction phase, where visual chunks activate

relevant prior knowledge and are integrated into a coherent representation, and anintegration

phase, where inferences are made over the (coherent) representation (Figure 1.9A) (Freedman &

Shah, 2002; Shah, 2002). The phases follow in order, though can be repeated, and integration

can be followed by further construction, as necessary (Figure 1.9B).
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Figure 1.9. A Construction-Integration Model of Graph Comprehension, derived from
text description in (Freedman & Shah, 2002; Shah, 2002). Describes two distinct phases of
comprehension: the �rst involves encoding visual chunks, while the second involves higher
order cognitive processing over the working internal representation. Figure B describes how
integration follows some number (n) of iterations of construction, and repeats some number of
times, before processing is either complete, or requires further construction.
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The astute reader will ask how Shah's Construction-Integration Model relates to Pinker's

(1990) Theory of Graph Comprehension. The answer depends on one's interpretation of each

text. In a 2005 review, Shah & colleagues describe their model as differing from Pinker's in that it

speci�es that prior knowledge (and in turn, expectations) are activated by the encoding of visual

chunks, which serve as a top-down constraint on inferential processing (Shah, Freedman, &

Vekiri, 2005). Pinker also describes the activation of prior knowledge, though in slightly different

terms. Speci�cally, the MATCH process 'searches' prior knowledge in order to instantiate an

appropriate schema (prior knowledge structure) for the type of graph being perceived (Pinker,

1990, pg. 101). In this way, the prior knowledge of graph type is activated by the (symbolic)

visual description of the graph (the encoded visual chunk). Since inferential processes act on the

instantiated graph schema, this prior knowledge serves to constrain interpretation. What Pinker

does not explicitly describe is the activation of priordomain knowledge, or any understanding the

reader has about the information being represented by the graph, though a generous interpretation

would be that he includes this constraining in�uence under the scope ofinferential processes

(pg. 103), a catch-all term to describe all of the higher order processing (logical, mathematical,

judgements and decisions) that one performsonthe instantiated graph schema. If Shah'scoherent

representationis equated with Pinker'sinstantiated graph schema, then the two accounts are

congruous. They are consistent in appealing to general purpose mechanisms, to describing

a serial process of encoding, some form of integration with prior knowledge, and inferential

processing. They both posit the existence of internal representations: Pinker gives a speci�c

account of a plausible form of these representations, Shah requires only that they exist, leaving

the CI model with less explanatory power for mechanisms, but greater robustness to change

in the perennial debate on the nature of internal representation. It isthis author's reading that

the these two accounts of graph comprehension are highly compatible, serving to elaborate

different aspects of graphical processing at different levels of speci�city. While Pinker attends to

a computationally-plausible encoding structure for graphical information, Shah attends to the

more global timecourse of processing, and iterations of 'perceptual' and 'cognitive' efforts. They
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both offer testable predictions about how factors of the graphical displayandthe graph reader

should differentially in�uence task performance.

1.2.4 The Landscape of Contemporary Research

Statistical graphics have never been more prevalent than they are today in scienti�c

inquiry, business operations, or popular media. With such a wealth of applications, it is a good

time to be a Visualization Psychologist. But is not easy tostudythe psychology of visualization,

because as an applied area of inquiry, both students and scholars alike must navigate an opaque

disciplinary milieu. Readers can �nd relevant empirical research in venues as distinct as journals

and conferences of science or math education, learning science, information and library science,

cognitive, educational, perceptual or (general) experimental psychology, vision science, cognitive

science, and of course computer science—where the conference triadInfoVIS, SciVIS and VAST

claim some epistemic authority of the subject matter by virtue of naming rights.

In the two decades since Shah's Construction-Integration model, we've not seen similar

overarching, general process accounts of comprehension. Rather, researchers across these �elds

have progressively elaborated a complex ecosystem of factors that in�uence performance on

graph comprehension tasks. We can organize these factors into three groups: those pertaining to

the display, the individual, and the situation.

Display Factors

Research on display characteristics tends to centre on determining the most ideal encoding

of information; a question of design. Bertin offered the �rst experientially-deduced guidelines

for mapping data to graphic marks (1967, 1983)10, some of which were experimentally-tested

using relational judgement tasks and ranked by Cleveland & McGill (1984, 1987), and further

extended by Mackinlay (1986) who ranked encodings according to theorized perceptual accuracy

for communicating quantitative, versus ordered, verses categorical data (see 1.5c). If humans

10The oft-overlooked footnote to these heuristics is that the rankings are meant to apply when the reader'staskis
an 'elementary reading' (extracting a speci�c value).
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were perceptual computers, this might be the crux of visualization psychology. But we are,

of course, more delightfully nuanced creatures. Contemporary research has demonstrated that

effectiveness of encodings depends not only on the capacity of a particular type of mark to

carry a certain type of information, but also whataboutthat information the designer wants the

reader to most effortlessly perceive. Ensemble encoding, for example, relies on characteristic

performance of the visual system to inform encoding choice when the goal is to facilitate, for

example, identi�cation of an outlier, versus recognition of a statistical mean, or apprehension of

clusters within the data (Sza�r, Haroz, Gleicher, & Franconeri, 2016). Design choices within a

particular encoding strategy are nuanced as well, as evidenced by research on the use of color.

Color hue has been shown to be particularly effective for encoding data for nominal or absolute

value judgements, while color brightness is superior to hue when encoding the same data for

relativejudgements (Breslow, Trafton, & Ratwani, 2009; Merwin & Wickens, 1993). The plot

thickens—design choices become more complex—when visualizing more than one variable

and the interactions between encoding strategies need be considered. Smart & Sza�r recently

demonstrated that the shape of a graphic mark signi�cantly in�uences perception of color and

size (2019); whatever the designer's most informed intentions, their efforts can be thwarted by

interactions between decisions they make. Similarly, visual saliency (how 'attractive' an area

is to the eye) has been shown to in�uence how humans attend to visual stimuli (Itti & Koch,

2001) though recent efforts to computationally reconcile bottom-up saliency models top-down

'cognitive' models have proven ineffective at predicting gaze behavior (Livingston, Matzen,

Harrison, Lulushi, Daniel, Dass, Brock, & Decker, 2020). While display characteristics were the

focus of the earliest research in graph comprehension, they receive no less attention in modern

research efforts. Designers need practical guidance on when and how to use animation (Boucheix

& Schneider, 2009; Tversky, Morrison, & Betrancourt, 2002) and 3D (Shah, 2002), how to

use signals or instructions to augment a display and scaffold comprehension (Acarturk, Habel,

& Cagiltay, 2008; Fox & Hollan, 2018; Kong & Agrawala, 2012; Mautone & Mayer, 2007),

and how to most effectively use interaction (Pike, Stasko, Chang, & O'Connell, 2009; Sedig &
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Parsons, 2013). Since the time of Cleveland & McGill, research on display characteristics has

become increasingly nuanced, revealing more factors that in�uence how a display should be

designed, and the interactions between them.

Individual Factors

Research on individual differences, or factors that give rise to differential performance

with the same graphic display, is most common in cognitive and educational psychology and

learning science. As Carpenter & Shah argued, ”individual differences in graphic knowledge

should play as large a role in the comprehension process as does variation in the properties of the

graph itself.” (1998, pg.97). But what is meant bygraphic knowledge? In empirical work, graph

knowledge is tightly entwined with graph reading abilities and expertise. The terms graphicacy,

graphical literacy, graph sense, graphical competence and representational competence are used

throughout the literature in psychology and education to refer to a reader's ability to understand

(and potentially create) information displayed graphically. If graph comprehension is the act

of deriving meaning from a graph, thengraphicacyis its educational �ip side: the ability to

perform a graph comprehension task. Some have treated this ability as a foundational step in

cognitive development, akin to numeracy and literacy (Friel et al., 2001). Others treat the ability

as a practice, implicating the importance of experience and socio-cultural in�uences (Roth, 2003,

2005). In education in particular, researchers have pursued general learner characteristics that

might serve as pre-requisites or predictors of these graphing abilities, including mathematical

ability (Curcio, 1987), working memory (Carpenter & Shah, 1998), and spatial reasoning (Velez,

M.C., Silver, D., & Tremaine, M., 2005) Ulrich Ludewig's recent doctoral dissertation offers a

thorough reconciliation between perspectives of graph comprehension and graphicacy (2018). It

is slightly easier to differentiate between ability and knowledge with respect to speci�c graphs.

For example, domain knowledge of the information represented in a particular graph, and

knowledge of that particular representation's graphical formalisms. The act of graph reading

requires that we use our knowledge of a graph's formalisms to perform some task (e.g. extract
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a value, detect a trend) thereby 'learning' something about the domain. In my own research

I've demonstrated that this procedure is not reciprocal. It is much more dif�cult to use prior

knowledge of a domain to 'reverse engineer' understanding of a graphical formalism, such as

may be required to understand an unfamiliar or unconventional type of graph (Fox & Hollan,

2018; Fox, Hollan, & Walker, 2019). A reader's understanding of the concepts represented in

a graph have been shown to guide not only the reader's interpretation of the display (Postigo

& Pozo, 2004), but early perceptual processing as well (Shah, 2002). In some cases, a reader's

expectations seem to `inoculate' them from true relations presented in the data or lead them

to over or underestimate the magnitude of relations. Conversely, domain knowledge has been

shown to support comprehension by making readers more likely to ignore `noise' in data (Wright

& Murphy, 1984). More recently, Jessica Hullman & colleagues have explored the role of prior

beliefs (Hullman, J., Kay, M., Kim, Y., & Shrestha, S., 2018; Kim, Walls, Krafft, & Hullman,

2019) and even judgements of expectations of others (Hullman, Adar, & Shah, 2011) on graph

interpretation. Taken together, research on characteristics of individuals has provided strong

evidence for `top down' in�uences on graph comprehension.

Situational Factors

Factors that change comprehension performance of an individual with a particular display

depending on thesituationare the least structured, thus least understood pieces of this factorial

puzzle. Affect (emotion) and motivation clearly in�uence human performance of any task, and

although these are characteristics of an individual, we classify them as situational because they

are more situationally variable—in the context of a repeated measures study, for example—than

the relatively stable11 factors like prior knowledge or ability.Taskis the most-studied situational

factor, though it is at present a hierarchical concept poorly-operationalized across the literature.

The term `task demand' is used to indicate a variety of contextual factors, from a relatively

low-level step of information extraction (i.e. a micro-step in a larger process, such as identifying a

11Variability, of course, depends on the scope of time under consideration.
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location of interest in a graph), to a speci�c task or goal provided to a reader in an experiment (e.g.

extract a value, compare two points, characterize a trend), to the context of some cognitive activity

(e.g. analyzing data, making a decision, forecasting, solving a problem), to the communicative

intent of the designer (e.g. to inform, educate, entertain, persuade, etc.) In the beginning, there

was but a single task: Cleveland & McGill's proportional judgements (1984, 1987). Folettie,

followed by Simkin & Hastie elaborated further judgements (measurement, discrimination, and

(non-proportional) comparison) (1986, 1987). Bertin also addressed tasks, proposing three

”levels of reading” (1983, pg.141). Other tripartite classi�cations have been proposed in the same

vein, all structuring how much of the depicted information the reader need attend to, and how

explicit or precise their response should be Bertin, 1967, 1983; Curcio, 1987; Friel, Curcio, and

Bright, 2001; Wainer, 1992. In their application of ensemble encoding theories to visualization,

Sza�r & colleagues offer a parallel taxonomy of four tasks-types that require visual aggregation

(2016). These can be be partially but not entirely mapped onto the extant tripartite structures.

The most complete deconstruction of the concept of task can be found in Brehmer & Munzner's,

”Multi-Level Typology of Abstract Visualization Tasks” which surveyed an impressive volume of

prior task frameworks in computer graphics and visualization, visual analytics, human-computer

interaction, cartography, and information retrieval (2013). A fruitful undertaking for visualization

psychology would be to extend this typology to include the tripartite classi�cations that grew out

of education, the lower-level tasks elaborated in vision science, and higher level 'communicative

context' that's evident in the structure of the �eld of visualization itself (Fox, 2020). A strong

underlying assumption of most research in graph comprehension (and visualization writ-large)

is that the graph designer's goal is to clearly communicate, ”the truth” of some data to the

reader. Thus, the graph should be maximally informative, and minimally dif�cult—the graphical

equivalent of Grice's maxims for communication. But research in learning science has taught us

that sometimes dif�culty isdesirable. Perhaps if my graph is forlearning, I might encode data

differently so as to scaffold a reader's process of discovery and more deeply engage with the

data. Alternatively, if the context of my communication ispersuasionI might use more signals
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to direct reader's attention than I would if the context were exploratory analysis. The role of

communicative context is seen structurally through the emergence of specialized workshops at

the IEEE VIS conference, but has not yet been systematically investigated across a full range

of communicative tasks. My own theoretical intuition—reasoned from design experience and

engagement with the literature—is that situational factors are those that present mediating or

moderating in�uences on other individual and display characteristics, at either the time of design,

or comprehension.

A primary challenge facing designers and researchers alike is the sheer number of factors

found to in�uence comprehension and the fact that they are typically studied in limited clusters,

inconsistently operationalized between studies and across disciplines. This makes it dif�cult

to conceive of the complex interactions that may exists between factors, and how to go about

constructing nuanced guidelines for designers. The most comprehensive summaries of factors

can be found in (Friel, Curcio, & Bright, 2001; Glazer, 2011; Shah & Hoeffner, 2002) and

(Hegarty, 2011) which features a concise set of empirically-grounded principles for display

design that would make a useful addition to the wall of any graph designer.

1.3 Methods in Graph Comprehension Research

1.3.1 Task Paradigms and Sources of Data

There are �ve primary varieties of experimental task used in graph comprehension re-

search. They differ in the way participants are asked to engage with the stimulus representation(s)

and offer insights into different aspects of comprehension as a dynamic process. In tasks that

require explicit responses, accuracy and latency data are collected. Open-ended responses,

including producing descriptions of graphs and making drawings, require resource-intensive

content analysis techniques. If performed on a computer, interaction logs (including mouse

movements, clicks and keyboard entry) can be gathered, either as a proxy for attention or direct

measure of engagement with interactive graph elements. Eye tracking data can also be gathered
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for most tasks, shedding light on the allocation of attention across graphical elements. Eye

tracking data for graph comprehension are typically analyzed to compare relative �xation time

in pre-de�ned areas of interest (for example, time spent inspecting a graph vs. accompanying

text), and the sequence of saccades (scan paths) between graph elements.

1.3.1.1 Perceptual Judgments

Early researchers in statistics and psychology used a perceptual judgement paradigm

to investigate the `perceptual properties' of different types of graphs (Cleveland and McGill,

1984; Simkin and Hastie, 1987). Participants were shown two or more graphs with particular

data points marked in some way. They were then asked to make quick perceptual judgements

as to which of the noted aspects were larger (or longer, smaller, etc.). Speed and accuracy data

helped researchers develop guidelines for perceptually appropriate encoding strategies under the

presumption that the most important information in a graphic should be easily discriminable.

From this research we have guidelines like “data to be compared should be positioned along

a common axis” (i.e. grouped vs. stacked bars). The perceptual judgement paradigm is most

appropriate for directly comparing graphical forms or encodings on the basis of their perceptual

features, but not well-suited for studies involving higher order cognitive processes.

1.3.1.2 Graph Description

Substantial progress has been made in understanding strategies and individual differences

in graph comprehension via interview, talk-aloud, and written description tasks. In his anthropo-

logical studies, Wolff-Michael Roth presents novice and expert readers with domain-speci�c

graphs found in entry level college texts, asking interviewees to describe everything they can

about each graph. After transcribing both verbal and gestural data, Roth analyzes the interviews

through lenses of semiotics and activity theory (Roth, 2003; Roth and Bowen, 2003). More con-

cerned with speci�c interpretations, Carpenter& Shah (Shah and Carpenter, 1995) asked students

to describe a series of line graphs and then coded the verbal descriptions according to how the
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students characterized each variable (i.e. nominal, ordinal, etc.), and what if any effects were

described. Others have coded verbal descriptions for the type of information extracted—discrete

comparisons vs. trends (Zacks and Tversky, 1999)—or `operation' described—extraction (quali-

tative or quantitative), search, reasoning, integration (Ratwani, Trafton, and Boehm-Davis, 2008).

Mautone& Mayer took a similar approach in coding descriptions of written descriptions of

graphs in their geology classroom intervention (2007). Although content analysis of written and

verbal description is time consuming, it has proven a powerful tool in assessing what components

of a representation are salient to a participant, as well as the variety of language (often spatial and

metaphorical) used to describe the act of representing. Graph descriptions help us understand the

strategies underlying how participants use inscriptions to reason. Matching& Veri�cation. In the

sentence-graph veri�cation task, participants are presented with a graph alongside a short text

and asked to judge if the graph supports the statement in the text. Feeney& colleagues argue

this sort of semantic mapping task is a better approximation of goal-directed graph use than

more open- ended graph descriptions (Feeney, Hola, Liversedge, Findlay, and Metcalf, 2000).

Carpenter& Shah (Carpenter and Shah, 1998) developed a variant of this task, sequentially

presenting graphs of either the same or different data in two different formats. They asked partic-

ipants if the graphs represented the same information, �nding that students were often unable

to identify informationally equivalent sets. In a similar vein, Strobel& colleagues developed a

novel dual- representation task to test whether readers could select the most appropriate graph

for a particular task. Informationally-equivalent graphs were presented along with a question,

while the researchers measured graph choice, accuracy and response latency to see if participants

would prefer the more computationally ef�cient graph form (Strobel, Sass, Lindner, and Koeller,

2016). They found participants were generally capable of identifying the superior graph. These

sorts of graph-message and graph-choice paradigms are most appropriate for probing inferences

about the general suitability or message of a graph.
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1.3.1.3 Graph Drawing

A number of researchers have asked participants to produce representations in addition

to or rather than reading those produced by others. Carpenter& Shah (1995) asked students to

reproduce x-y interaction graphs by �lling in data points and lines after viewing the data from

an alternative perspective. They found students were often unable to reproduce informationally

equivalent interaction graphs when the prompt data was displayed with the variables depicted

on an alternative axis. In a now classic study, DiSessa& colleagues challenged sixth graders

to create their own representations (diagrams) of kinematics (e.g. time, distance, speed and

position) A. diSessa, Hammer, and Sherin, 1991). Though more commonly employed in domains

that support less constrained representations than graphs (i.e. diagrams in engineering, design,

math and physics problem solving) production and drawing is a method of assessing both an

individual's representational competency and structural understanding of a representational form;

akin to the difference between recall and recognition in memory research.

1.3.1.4 Graph Reading

The most straightforward task paradigm involves asking participants to answer semantic

questions using a graph. Sets of questions are designed by a researcher to determine how

well the participant is able `read' the graph, targeting one or more `levels' of reading typically

characterized as either: (1) �rst-order: extracting a data value, (2) second-order: comparing more

than one data value; identifying relations between values and (3) third-order: comparing multiple

relations; identifying relations between relations (Wainer, 1992)). Questions are typically posed

in multiple-choice form but might also include short answer or free response. This paradigm

is frequently used to study the temporal dynamics of multimedia learning and how students

integrate information from text and graphics (see Curcio, 1987; Hochpöchler, Schnotz, Rasch,

Ullrich, Horz, McElvany, and Baumert, 2013) the order of information processing (see Gillan

and Lewis, 1994; G. Lohse, 1993)) and the in�uence of prior knowledge (see Ratwani, Trafton,

and Boehm-Davis, 2008) on comprehension. While it is dif�cult to study comprehension as a
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process using only response accuracy and latency data from an explicit (multiple-choice) task, it

has been used in combination with eye tracking in the testing of computational models (Peebles

and Cheng, 2003) and to contextualize behavioural data (Strobel, Lindner, Saß, and Köller,

2018). As they are both scalable and adaptable, graph reading questions are the most common

approach to assessing graphicacy (graphical literacy) in education.

1.3.1.5 Sources of Data

The explicit measures available via the aforementioned paradigms allow us to assess a

reader's accuracy in answering questions (graph reading), as well as the depth and signi�cance

of their interpretation (graph drawing, veri�cation, description). Additionally, implicit measures

like eye tracking and interaction logging offer a window in the time-course of a reader's cognitive

processing.

1.3.1.6 Eye Tracking

The application of eye tracking to graph comprehension was largely inspired by its

use in research on reading. In reading and multimedia research, eye tracking is construed as

revealing the realtime information processing that occurs when viewing an external stimulus.

This application relies upon the assumptions that: (1) eye movements not only represent the

distribution of a reader's attention, but also evidence for timecourse of processing `in the

mind'—the eye-mind hypothesis (Just and Carpenter, 1980), and (2) that the connection between

visual attention and cognitive processing occurs immediately, such that as soon as information

is perceived, it is available for higher-order processing —the immediacy hypothesis (Rayner,

1998). Eye tracking data is incredibly rich, and care must be taken to determine what signals

(and corresponding analytical techniques) are appropriate for addressing any particular research

question. In graph comprehension and multimedia learning, the most commonly studied events

are �xations ( 200-300ms period of relative stillness of the eyes), and saccades (quick movements

between �xations) (Holmqvist and Andersson, 2017; Scheiter and Eitel, 2017). In many studies,
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the visual display is segmented into AOIs (areas of interest) and the relative time and number

of �xations is compared between different areas (e.g. Carpenter and Shah, 1998; Peebles and

Cheng, 2003). The ordering of transitions between areas of interest has also been studied to

test hypotheses about the integration of visual and analytical processing (Ratwani, Trafton, and

Boehm-Davis, 2008). More recently, sequence analysis techniques have been applied study

differences in the order of processing (Coutrot, Hsiao, and Chan, 2018; Eraslan, Yesilada, and

Harper, 2016).

1.3.1.7 Interaction Logging

Interaction logging has long been a foundational data collection technique in Human

Computer Interaction and Information Visualization research. If a representation is displayed on

a computer, a reader's interactions with input devices can be logged leaving a trace of the reader's

attention and engagement with any interactive elements. Like eye tracking, interaction logging

offers a rich array of data, depending on what components of the display the researcher chooses

to instrument for logging. Log �le analysis is non-intrusive and re�ects the actual behaviour of

computer users.

1.3.2 A Mixed Methods Approach

In this dissertation I leverage a variety of methods to examine the phenomenon of novel

graph comprehension. Study 1 includes observation of readers performing an arti�cial graph

reading task in the lab, before a didactic interview and design task. Study 2 includes an arti�cial

graph reading task in the context of a controlled experiment, followed by a graph drawing

task. Studies 3 and 4 leverage a graph reading task specially designed to differentiate between

alternative interpretations of the graph, with concurrent mouse cursor tracking. In all cases the

graph reading tasks utilize a Multiple Choice Multiple Answer item format to maximize available

information regarding the nature of participants interpretation of the graph's coordinate system.
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1.4 An Unconventional Graph

Most research in graph comprehension involves the kinds of statistical graphics taught in

secondary math and science classrooms. In order to explore how adult learners approach new

graphical forms, it is most advantageous to start with a formalism that represents information

about a domain in which we have reason to expect individuals share suf�cient prior knowledge to

perform a given task. This allows us to control for differences in behaviour that that might arise

as a function of individual differences in conceptual knowledge of the domain, versus conceptual

or procedural knowledge of the graphical formalism.

1.4.1 A Familiar Domain : Time

On a daily basis we make decisions about how to spend our time. These decisions rely

on our facility for reasoning about events in time, their properties and relations. While we are

not equally adept at managing our calendars, there is no particularly advanced nor specialized

knowledge of time required for one to consider two events and decide which came �rst, if they

overlap, or end at the same time. These types of questions were codi�ed by James Allen into an

“algebra” of temporal interval relations (1983). A time interval is de�ned as a duration (quantity)

of time, expressed as an interval between two numbers: a start time, and an end time. In this

algebra, Allen de�nes thirteen atomic relations that describe the possible relationships between

two intervals of time (Figure 1.10).

A number of representational systems for reasoning about intervals have been explored

in the visual language, mathematics and diagrams literature, due largely to the importance of

interval arithmetic in data analysis across the sciences and humanities. But unlike many diagrams

designed for learning physics, chemistry, and mathematics, to make sense of time intervals

we need only rely on our tacit knowledge from our experience of time. We have selected two

informationally equivalent types of time interval graphs, each representing information about

events: their start and end time, duration, and the relations between them.
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1.4.2 A Familiar Graph: The Linear Model of Interval Relations

When visualized on a two-dimensional surface (such as paper, or computer screen), time

and its corresponding intervals is typically conceptualized as a single linear axis —a timeline.

The sequence of moments along the line is typically consistent with the more generalnumber

line, but orientation (position in x and y space) is �exible, depending on the nature of the task

and constraints of the presentation medium. Humans are capable of remarkable interpretative

�exibility in interaction with external representations of time (Coulson and Cánovas, 2009; Fox,

de Vries, Lima, and Loker, 2016; Fox and Van Den Berg, 2016; Núñez and Cooperrider, 2013).

The most common representation of temporal intervals provides the underlying framework for

scheduling artifacts such as Gantt Charts. In the Linear Model of Interval Relations (hereafter

LM), intervals of time are depicted as line segments along a one-dimensional timeline which runs

from left-to-right on a two-dimensional surface (Figure 1.11left). The left and right boundary

points of a line segment indicate their start and end time, respectively, while the length of the

segment indicates the duration of the interval. In the LM, the second dimension of the surface

(y-axis) is solely exploited to differentiate between intervals, for example, by use of a label. In

this way, the y-axis contains no metric information about the interval. As a result, intervals can

be sorted along the y-axis in various ways (e.g. in order of start time, by duration, alphabetically

by label, etc.). As noted by researchers in visual analytics this polymorphism prohibits the

existence of a “universal approach” to visual pattern recognition with the LM, making it ill-suited

for applications in exploratory data analysis as well as inspection of extremely large data sets

(Qiang, Delafontaine, Versichele, De Maeyer, and Van de Weghe, 2012).

1.4.3 An Unfamiliar Graph: The Triangular Model of Interval Rela-
tions

To overcome some of the shortcomings of the Linear Model, alternative representa-

tions have been proposed that represent intervals as points in two-dimensional rather than

one-dimensional metric space. Notably, Zenon Kulpa developed a series of diagrams to support
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Figure 1.10. Allen's Interval Logic, as developed in (Allen, 1983)

Figure 1.11. Two Graphs for Depicting Interval Relations. Linear Model (left) and Triangular
Model (right)
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different aspects of graphical reasoning over general (including non-temporal) interval relations

(Kulpa, 1997, 2006). One of these diagrams—termed the `MR' for `midpoint-radius' —employs

a novel, triangular coordinate system to explicitly represent both the start, end and duration of an

interval. In this way, the second (y-axis) dimension that is not used to display metric properties

in the LM is recruited to represent metric duration information in the MR diagram. Kulpa's MR

diagram was applied to the problem of intervals of time by Van de Weghe & colleagues—and

and termed theTriangular Model of Temporal Relations (hereafter TM) (2007). Their group

developed applications of the TM model in �elds that require simultaneous visualization of large

quantities of temporal intervals, such as archeology and human geography (2012, 2014.)

In the TM time intervals projects the interval relations into 2D space (Figure 1.11right).

Each point represents an interval. In the vertical dimension, the height of the point indicates the

duration of the interval. The intersection of the point's triangular projections (using diagonally

oriented grid lines) onto the x axis indicates the start and end times of the interval. Under this

formalism, every time interval can be represented as a unique point in the 2D interval space, and

the characteristics of a time interval are completely expressed by the location of the point. Note

that the angle between a point and the x-axis (de�ned by the gridlines) is an arbitrary constant

that can be varied to meet the constraints of the presentation medium (i.e. size and orientation of

the page or screen ( Qiang, Valcke, De Maeyer, and Van de Weghe, 2014).

1.4.4 On Informational and Computational Equivalence

Following Palmer's (1978) conceptualization the LM and TM can be considered informa-

tionally equivalent because they model the same relations. By Larkin & Simon (1987) all of the

information that can be inferred from the LM can also be inferred from the TM, and vice versa.

They are not, however, computationally equivalent, as there are some inferences than can be

more quickly and easily in the TM—speci�cally, thedurationof a given interval. In the TM, the

duration can be read off the y-axis via the horizontal intercept of a point; in the LM it must be

computed via the difference between an interval's start and end point intercepts with the x-axis.

47



Although computational ef�ciency must be evaluated in the context of the operator performing

the computations, if we presume an ideal operator tasked with extracting information using the

fewest and simplest operations possible, we can agree the ideal operator would more quickly

derive the duration of a given interval using the TM than the LM. Figure 1.12 depicts the full set

of Allen interval relations and relevant computations for each graph.

A brief inspection of the TM by even the most experienced graph readers demonstrates its

relative obscurity. Given this novelty, can we expect its theoretical ef�ciencies to be realized by

human operators? Qiang and colleagues (2014) evaluated the relative performance of the LM and

TM with human subjects. After 20 minutes of video training, students answered data analysis

questions with each type of graph. Participants performed signi�cantly better (by accuracy and

time) with the TM model on the majority of relation- questions (e.g. before, during, started-by),

and only performed better with the LM on property-questions identifying start and end times.

These results suggest it is possible for the TM to “outperform” the LM, despite its unfamiliarity

to readers. In the studies that follow, we will determine that an individualcomprehendsthe

Triangular Model if they able to correctly extract start time and end time information from the

graph. Will we will determine that they have realized its computational ef�ciency if they are

able to do so more quickly or more accurately than with a Linear Model graph.

1.5 Research Goals

Most research in graph comprehension and information visualization has focused on

behaviours associated with the kinds of representations that readers are most likely to encounter

in the world. This is a sensical allocation of limited resources. But understanding what happens

when we interact with new or unconventional formalisms opens up avenues for addressing

questions about the development of representational competencies across the lifespan of a human

(how are new representations learned?) and of our species (how do representational conventions

come to be?)
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Figure 1.12. Allen (Interval) Relations as represented by LM and TM Graphs.There are
13 relations (12 symmetric and `equals') in Allen's interval calculus. In this �gure, we see the
visual-spatial representation of each relation (listed on the far left) �rst using the formalism of
the Linear Model (centre column, intervals as bars), and the Triangular Model (far right, intervals
as points). In the TM representation, the area shaded in black indicates the geometric region in
which a data point can be found that meets the criteria for the described relation

Answering these questions is beyond the scope of a single dissertation. Rather, in this

work I offer a case study in the context of graph comprehension, describing the behaviours

that emerge when highly-educated humans with all the requisite perceptual and conceptual

apparatuses endeavour to read a simple but unconventional graph. For clarity, throughout the
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dissertation I will differentiate between four distinct activities:

• inventing a graph: developing a new graphical formalism; as Kulpainventedthe Triangular

Model of Interval Relations in (Kulpa, 1997, 2001).

• discovering a graph: determining the rules of a graphical formalism; as in a reader

encountering an unfamiliar graph.

• comprehendinga graph: using the rules of a formalism to accurately extract information;

as in a reader performing a task with a familiar graph.

• designinga graph: making design decisions within the constraints of a particular formal-

ism; as in a designer creating an instance of a graph for some communicative purpose.

In the studies that follow I address the following research questions:

1. Study 1: How do individuals approach interaction with a novel graph? What speci�c

behaviours do they perform and what interpretations of the graph do these produce?

2. Study 2: Can errors in interpretation be preventedvia scaffolding, by providing explicit

guidance on the structure of the graphical formalism? Does being asked to use the

formalism to represent (rather than read) information change interpretation?

3. Studies 3A-C: Can errors in interpretation be preventedvia impasse, by providing implicit

obstacles to incorrect interpretations? Further, does working memory capacity help explain

individual differences in interpretation behaviour?

4. Studies 4A-D: Can errors in interpretation be preventedvia design, by altering the visu-

ospatial properties of the gridlines, marks, axes, or orientation of the graph, ostensibly

leading readers to instantiate a different (more appropriate) graph schema?

The results of these studies indicate thatdiscovering the formalism an unconventional

graph is much harder than we expectand that performance is characterized by a combination
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of systematic errorsandindividual differences. In situating these results I argue that existing

theories of graph comprehension are inadequate to explain the how we interpret (and misinterpret)

novel graphs. Extensions to process theories and elaboration of their constructs (particularly

the graph schema) are needed, and integration of constructs from seemingly disparate areas of

cognitive research (such as problem solving, and conceptual integration) may be required.
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Chapter 2

Explorations of Explicit Scaffolding

How is it that we develop understanding of new graphical formalisms, when even familiar

systems (like scatterplots and line graphs) can prove challenging to interpret (Roth, 2003;

Shah and Hoeffner, 2002)? In this chapter, we build upon research on reading and graph

comprehension to explore how readers make sense of a simple graph with a novel coordinate

system. After generating hypotheses for instructional scaffolding techniques through observation

(Study One), we evaluate their ef�cacy in the laboratory (Study Two). We �nd that in the face of

an unknown graphical formalism, readers are willing to violate several graph-reading norms. It

seems that even with explicit (text or image-based) instructions, the in�uence of prior knowledge

from conventional graphs is dif�cult to overcome. Our results imply that when presenting novel

graphical forms, rather than simply telling the reader how it works, the most effective scaffolding

techniques will direct readers' attention to the most salientdifferencesbetween their expectations

and reality of the formalism. Designers must not take for granted that readers will even notice

they are dealing with an unconventional graph.

2.1 Cognitive Aids for Graph Comprehension

Owing largely to their importance in STEM education, techniques for supporting graph

comprehension have been a focus of research in the cognitive, computer and learning sciences

alike. The most minimal interventions have involved graphical cues—visual elements that guide
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attention, akin to gesture and pointing in conversation. Acartürk (2014) investigated the use

of point markers, lines, and arrows on bar charts and line graphs, �nding that they in�uenced

the way readers interpreted the message of the graphical content. Speci�cally, they analyzed a

combination of eye tracking (relative duration of different Areas Of Interest) and verbal protocol

data from participants viewing line and bar graphs with point marker and arrow cues, �nding that

graph inspection time was shorter for cued graphs, and verbal descriptions were more speci�c,

consistent with the conjecture that graphical cues serve to direct attention. Conversely, uncued

graphs were inspected for a longer duration and produced more global descriptions of content.

The data suggest that graphical cues can be effective in directing a reader's attention to areas or

“messages” of a graph that a designer wishes to emphasize.

In the Information Visualization literature, Kong& Agrawala (2012) proposed the term

“graphical overlays” to refer to elements added onto graph content to facilitate speci�c graph-

reading tasks. Reviewing a corpus of statistical graphs in popular media they identi�ed �ve

common types of overlays: (1) reference structures (such as gridlines) (2) highlights, (3) re-

dundant encodings (such as data value labels), (4) summary statistics and (5) annotations, each

aimed at reducing cognitive load for particular graph-reading tasks.

In Educational Psychology, Mautone & Mayer (2007) applied techniques from reading

comprehension to support graph comprehension in a university geology classroom. In a series of

experiments, they presented learners with scatterplot and line graphs augmented by signalling

(animations to reveal components of a graph, adding cues to highlight the relationship of depicted

variables), concrete graphic organizers (diagrams & photographs of the real-world referents

of variables in a graph) and structural graphic organizers (diagrams depicting a relationship

analogous to the one represented in a graph). In signalling, cues are added that make the

structure of presented information more salient without adding more information. (In this

view, information is considered as only what is explicitly communicated. From an information-

theoretic perspective, the addition of such signals may in fact constitute additional information.)

For text passages, this might include visual indicators such as highlights and underlines, and
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propositional indicators such as section headings. To extend this notion to graphs, Mautone &

Mayer (2007) employed a segmenting technique, progressively elaborating components of the

graph via animation until it was entirely revealed, adding colour shading and arrows to highlight

the relationship of variables more explicitly. In text comprehension, advance organizers such as

analogies or diagrams are given to learners prior to reading a passage to activate prior knowledge

relevant for comprehension. Applying this concept to graphs, the researchers developed two types

of graphic organizers: (1) Concrete graphic organizers consisted of diagrams and photographs of

the variables in the graph. For the geologic scatter plots used in the experiment, the concrete

graphic organizers were diagrams illustrating relevant geologic processes and photographs

of sedimentary particles. These organizers were designed to help connect the learner's prior

knowledge with the graph content, thus guiding integrative cognitive processes. (2) Structural

graphic organizers were de�ned as cognitive aids given in advance of a graph that directed

attention to the ”structural relationships” in the graph, independent of the content. For example,

a structural graphic organizer for a text about radar waves might be a diagram comparing radar

waves to rubber balls bouncing off objects. The researchers predicted that the different types

of cognitive aids would target different types of cognitive processing. Both signalling and

structural graphic organizers were expected to facilitate organizing processes: where a learner

tries to describe depicted information by mentally” organizing” it into a relational structure.

They measured organizing cognitive processes via the presence of relational statements from

learners that expressed a functional relationship between variables in the graph. Concrete

graphic organizers were expected to facilitate integrative processes: where the learner attempts

to explain the relational structure by integrating the new information with prior knowledge.

Integrative processes were measured via the presence of causal statements, where learners

expressed a causal mechanism underlying a relational statement. In a series of experiments,

the researchers presented groups of learners with a series of scatter plot and line graphs in the

geology domain. They measured the number of relational and causal statements generated

in response to targeted questions, in groups provided with only graphs, or versus different
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types of cognitive aids. As predicted, they found that learners presented with graphs with the

assistance of cognitive aids generated signi�cantly more relational and causal statements than

those presented with graphs alone. They found concrete graphic organizers produced more

causal statements, while signalling and structural graphic organizers produced more relational

statements independent of time spent reviewing the graphs. Taken together, the results of these

studies provide support for Mayer's “cognitive model of graph comprehension”, inspired by his

previous work on text comprehension. Mayer's model, however, is limited in its explanatory

power, as it describes only the relationship between “organizing” and “integrating” cognitive

processes, without discussion of how and when these processes occur in the context of human

cognitive architecture, or how they might be in�uenced by factors such as prior knowledge

and task demands. There is also a lack of granularity in specifying how to apply the cognitive

aids constructed to scaffold text comprehension to the domain of graphics: is the presence of

descriptive vs. depictive representations important? Do modality and persistence matter? This

leaves an opportunity to more precisely elaborate the structure of different types of cognitive

aids for graph comprehension, as well as their relative performance in the context of different

information processing tasks.

2.1.1 Scaffolding Discovery of the Graphical Formalism

Across all of the techniques described, from graphic organizers to overlays to graphical

cues, the design goal has been to activate (or provide additional) prior knowledge and direct

reader attention. However, in each investigation it is assumed that the reader has some familiarity

with the type of graph being read. Bar charts, scatterplots, time series and line graphs all rely

on the Cartesian coordinate system, serving as a common graphical framework. The goal of

Acartürk's (2014) work was to understand how different cues affect the message a reader gleans

from the graph; a type of gestalt description. For Mautone and Mayer (2007), the goal was to

connect the graph scale to conceptual referents to facilitate domain learning. In this way, the

existing literature does not differentiate between prior knowledge of the domain and knowledge
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of the graphs. The aids did not instruct readers about the “rules” for their representational system.

What happens if we're tasked with a graph that does not look like anything we've encountered

before?Might we need a different type of scaffolding to learn a novel representational

system?

2.1.2 Prior Knowledge and Graphical Sensemaking

Process theories of graph comprehension posit a combination of bottom-up and top-down

processing (Pinker, 1990; Shah, Freedman, and Vekiri, 2005). So while the design of marks and

use of space in a graph is clearly important, so too is the theprior knowledgea reader brings to

the task. When making sense of a graph, we draw on at least two sources of prior knowledge:

our knowledge of the domain, and of the graphical formalism itself (Shah and Hoeffner, 2002).

Scarcity from either source will impede comprehension in different ways.

Limiting all prior knowledge.

If presented with an unfamiliar graph, depicting information in an unfamiliar domain, I

will be unable use knowledge of one to bootstrap inferences for the other. Consider a novice

physics student endeavouring to decode a Feynman diagram: without the requisite understanding

of particle physics, they cannot reverse-engineer the formalisms of the diagram. Without these

formalisms, they cannot draw inferences about particle physics.

Limited knowledge of the domain.

Alternatively, if presented with a familiar graph depicting data in an unfamiliar domain, I

can draw on my knowledge of the graph system to learn something about the graph content. If I

know a straight line of best �t represents a linear relationship, I can infer that such a relationship

exists between the unfamiliar variables in a scatterplot. It is this situation we aim to optimize in

STEM education. When we connect our prior knowledge of graphs to the represented variables,

we can use that mapping to draw inferences about the represented processes.
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Limited knowledge of the formalism.

We are interested in the reciprocal case: anunfamiliar representation depicting infor-

mation in afamiliar domain. Importantly, by graphical knowledge we are not referring to

knowledge of graphs in general (graphical competency or literacy) but rather knowledge of

the rules governing a particular graphical formalism. We reason that existing techniques for

scaffolding are insuf�cient for this case, as the information added to the graphs serve only to

strengthen the relationship between the graph-signs and (real-world) referents. This fails to

address the learner's scarcity of knowledge for the representational system. If we cannot perform

�rst order readings—such as extracting a data value —we cannot hope to perform higher-order

readings, like inferring trends between variables.

With suf�cient domain knowledge, we expect that learners might be able to reverse-

engineer the formalisms governing an unconventional graph. We wish to scaffold this process to

support self-directed graph reading. As a �rst step, we leverage an obscure graphical formal-

ism using an unconventional coordinate system so that we might shed light on the graphical

framework: the foundation of the graph schema (Pinker, 1990).

2.2 Research Goals

We are interested in what happens when experienced graph readers (STEM undergrad-

uates) encounter an unfamiliar coordinate system. Further, we wish to develop and evaluate a

series of instructional scaffolds to support self-directed discovery of the coordinate system. In

Study One, we start by observing students using using the Triangular Model Graph to solve

simple time interval questions, and characterize the behaviours that emerge. We evaluate the

accuracy of students readings, and then elicit their design insights for how to make the graph

'easier to read'. In Study Two, we implement four instructional scaffolds inspired by these

observations, and evaluate their ef�cacy in supporting accurate interpretation of the graph.
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2.3 Study 1: Observing Interaction With an Unconventional
Graph

What strategies do we employ to make sense of an unconventional graph? In this

exploratory study we observed students solving problems with the Triangular Model (TM) graph

(Part A). After a short interview, we challenged students to design instructional aids making the

graph easier to read (Part B). From these data we generate hypotheses for how we might scaffold

comprehension for novel graphical formalisms.

2.3.1 Methods

2.3.1.1 Participants

Twenty-three (70% female 30 % male, 0 % other) English speakers from the experimental-

subject pool at UC San Diego (M(age) = 20, SD(age) = 1) participated in person in exchange

for course-credit. All students were majors in STEM subjects. Participants were recruited in

dyad pairs (9 pairs,n = 18) to encourage a naturalistic think-aloud protocol. In cases where one

recruit was absent we conducted the session with the individual (n = 5), altering the procedure

only by encouraging them to think-aloud as though explaining their reasoning to a partner. In

total, we conducted 14 observation sessions (9 dyads, 5 individuals).

2.3.1.2 Materials and Procedure

The Graph Reading Task

The Interval Graph Reading Task is designed to assess a reader's ability to extract

information from an interval graph: properly using the graph to reason about the properties of

and relations between the depicted intervals of time. Participants were provided with one sheet

of paper containing a Triangular Interval Graph with 15 data points, each depicting an interval

of time referred to as an ”event”. A second piece of paper contained task instructions, and the

context of a scheduling scenario, where participants were asked to assume the role of an event

planner, scheduling events in conference rooms. The scenario instructions were followed by a
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list of 16 questions. The questions were open-ended, prompting participants to identify either an

event (i.e. a data point in the graph)or a reference time (i.e. the start, end, duration, or midpoint).

For example, a question testing the “duration” property might read: For how many hours does

event [x] last? Figure 2.1 depicts the materials and spatial setup of the task. Participants were

provided with pens, pencils and extra scrap paper. A video camera (recording audio and video)

was positioned above the table space. After introducing participants to the task and administering

an informed consent, the experimenter turned on the video camera and left the room.

Figure 2.1. Study 1 (Materials) — Layout of the Graph Reading Task.Participants used a
TM graph (at right) on one piece of paper to answer questions on a second piece of paper (at
left).

Upon task completion, the experimenter conducted a short debrie�ng interview, prompt-

ing participants to explain how they would plot a new data point on the graph. If participants were

unable to do so correctly (misinterpreting the graph) we began a didactic interview, prompting

students to ask questions they thought might help them discover the rules of the graph system.

We responded by only revealing the information explicitly requested, minimizing the effect our

teaching might have on the designs produced in the design task to follow. Once students could
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correctly plot a new data point (correctly interpreting the graph), we proceeded to The Scaffold

Design Task.

The Scaffold Design Task

In the Scaffold Design Task we prompted participants to consider what they could do to

make the grapheasier to readfor the next participant. We offered pens and coloured markers

and invited them to add instructions and/or visual annotations to the graph. They were free to

augment or alter the graph in any way.

2.3.2 Results

2.3.2.1 Graph Reading Task

Overall, observed participants found the task to be very challenging. We evaluated

participants' interpretation of the graph by their ability to correctly describe how to plot a new

data point (leveraging the triangular coordinate system) in the post-task interview. We found that

participants in only 3 of the 14 sessions were able to do so, and their corresponding scores on the

graph reading task were high (M(task-score) = 12/16 points, SD = 1.7), (M(time) = 19 min, SD

= 30 s). In the remaining 11 sessions, participants could not (correctly) describe how to plot a

new data point. On average, these participants correctly answered only 2 of the 16 questions

on the graph reading task (SD = 2.1) (Note that the task contained two duration-type questions,

for which it is possible to give a correct response, even with an incorrect interpretation of the

coordinate system.) What is most notable in these low-scoring sessions was that participantsdid

persistin answeringall questions, and spent about the same amount of time on the task (M(time)

= 21 min, SD = 2 min). There were no sessions where participants interrupted the experimenter

to ask for further instruction or clari�cation.So how did these students answer the questions?

Reviewing the markings participants made on the graphs while performing the task gives

us a window into their interpretations (Figure 2.2). Looking �rst at the lowest scoring sessions

(at left), we noticed participants appeared to superimpose the conventional representation for
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Figure 2.2. Study 1 (Results) — Artifacts of the Graph Reading Task.Participants in the
lowest scoring group (at left) appear to have superimposed a linear model system atop the
Triangular Graph, while the highest scoring participants (at right) have reinforced the angular
gridlines.

time intervals (the linear model) atop the triangular graph. We refer to this as theorthogonal

interpretationof theTIG, which relies on participants assuming the data points are situated in

a Cartesian coordinate system with a single x and y intercept, where the x-intercept is found

by making a single orthogonal projection from the x-axis to the given data point. To hold this

interpretation, must also infer that a point represents amomentin time, rather than aninterval,

and that the interval is represented by aline segmentwhich they must mentally project (or

physically draw) atop the graph. They must also decidewhichmoment along the interval the

point represents: the start time, or end time. In this sense, theorthogonal interpretationrelies

on two kinds of prior knowledge: �rst of Cartesian coordinates in which a point has a single

x-intercept, and secondly of conventions for representing intervals as linear extents, rather than

points. This interpretation also requires students to ignore —or assign no meaningful referent to

—the graph's diagonal gridlines. Once constructed, participants could extract information from

theorthogonal interpretationfollowing the same procedure one would follow for the conventional

linear model (LM) graph.

Alternatively, in Figure 2.2 (right) we see the artifact from the highest scoring session.
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Notably, participants have reinforced the triangular intersections for several points with the x-

axis. Wedo notsee reinforcement of the intersections with the y-axis, presumably because

this is a convention of the coordinate system participants did not need assistance to interpret.

Alternatively, In Figure 4-2-right we see the artifact from the highest scoring session. Participants

have reinforced the triangular intersections for several points with the x-axis. Noticeably, we do

not see reinforcement of the intersections with the y-axis, presumably because this is a convention

of the coordinate system participants did not need assistance to interpret. We were curious,

however, about the small number of orthogonal projections drawn on the graph. By reviewing

the video of this session, we learned that the few vertical lines drawn arose from two situations.

In the �rst instance, the pair was negotiating a possible answer to a 'start' time question. Not

�nding a data point that directly intersecting the vertical line, they 'veered' off to the next nearest

points (see faint line connecting data points F, C, E). The participants subsequently corrected

their understanding, and began to leverage the angular gridlines to �nd the two (correct) diagonal

projection to the x-axis. The second instance of orthogonal line drawing occurred when the

participants needed to reference a particular time (e.g. “ends by noon”), and (incorrectly) drew

a vertical line from the axis instead of a diagonal one. This suggests that even when readers

have correctly decodedthe graphical formalism, they may not necessarily have all the strategies

necessary to take advantage of the graph's computational affordances.

Figure 2.3. Study 1 (Results) — An Orthogonality Bias.When searching for events that end
by 12PM, participants erroneously draw orthogonal projection from 12PM, rather than the left
ascending diagonal (black shaded region). This gives rise to B as an (incorrect) response.
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As illustrated in Figure 2.3 the area shaded in black represents all events that “end by

noon”, and the black dotted line the optimal line for demarcating that area. The vertical line is

a misstep into Cartesian coordinates that promotes perceptual errors, as in point B (in orange)

which lays along this line but ends after noon.

Testing the Orthogonal Interpretation Hypothesis

From our review of participants' graph markings, which were consistent with the pro-

cedures they described for plotting a new data point during the interview debrief, we formed

the hypothesis that 11low-scoring sessionshad formed anorthogonal interpretationof the

coordinate system, which they subsequently employed to answer the graph reading questions.

To test this hypothesis, we constructed an alternative answer key. First, we constructed an

orthogonal interpretationgraph by drawing an orthogonal intersect for each data point to the

x-axis and construing this as the start time. We then drew horizontal line segments from each

point, with a length determined by the duration given on the y-axis. Using this alternative graph

graph, we determined the correct answer for every problem. We then re-scored the task for all

participants. Under this alternative answer key, the mean score for the 11 lowest-scoring sessions

improved from 2.2 to 8.3 (SD = 2.7 points), while the mean score for the 3 highest-scoring

sessions decreased 12.3 to 3.0 (SD = 2.0 points), supporting the hypothesis that low-scoring

participants interpreted the graph in accordance with the conventional linear model, by either

drawing or mentally projecting orthogonal intersects from the x-axis.

2.3.2.2 Graph Orienting Behaviour

What was the �rst thing participants did, upon starting the task? When presented with

this presumably strange looking graph, how would the dyads approach answering the questions?

Would they spend time trying to �gure out how the graph worked? Or jump right into answering

the questions?

The �rst question in the problem set addressed thestart timeproperty, asking participants

to identify the events scheduled to begin at a given reference time. In response to this question,
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Figure 2.4. Study 1 (Results) — Graph Orienting Behaviour.The highest-scoring groups
discover the coordinate system is triangular.

most students located the given start time on the x-axis and traced a vertical line up the page,

as one would do if reading a Cartesian scatterplot.The is the �rst indication we have in the

time-course of problem solving that the students are interpreting the graph relying on their

prior knowledge, rather than attending to the novel diagonal gridlines.Conversely, in two

of three sessions where students correctly interpreted the graph, they did sofrom the very �rst

question, either ignoring the orthogonal convention altogether, or “trying it out” before deciding

to follow the diagonal grid. (In the third session, participants solved half the questions before
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changing their interpretation, at which point they re-solved the previous questions.) In Figure

2.4 we see the series of interactions through which participants in the highest-scoring session

came to discover the triangular coordinate system. Across all participants, we observed a number

of behaviours that violate conventions of graph reading: (1) accepting that some questions had

no answers, (2) needing to add information (extra lines) to the graph to solve the problems, (3)

needing to read past the end of the numerical axes, and (4) accepting the presence of information

on the graph with no meaning.

2.3.2.3 Debrie�ng Interview

After completing the Graph Reading Task, we interviewed participants to see if they'd

understood the graph. For 11 sessions we had to explain to the participants they'd made a mistake

in their interpretation. The most common question students asked was “What do the gridlines

mean?” Once we responded they were meant to assist in �nding the intersections (emphasis

added) with the x-axis, students typically “saw” the triangles. Several students claimed they

would not have �gured the graph out on their own, but characterized it as a ”good” or ”clever”

representation of the time interval data.

2.3.2.4 Scaffold Design Task

We reviewed the drawings produced in the scaffold design task and grouped them into

three clusters based on the primary instructional approach: (1) emphasizing axis intersections

(Figure 2.5), (2) annotations/examples (Figure 2.6right) and (3) explicit text instructions (Figure

2.6 left).

In Figure 2.5 (left) we see examples where participants have drawn attention to the

diagonal gridlines and their intersections with the axes by darkening and colouring them. These

individuals explained the most challenging part of the graph was realizing they had to look for

two intersections with the x-axis. In Figure 2.5(right) we see a similar approach; this time the

participants have provided annotations to their highlighted intersections. On the left we see a
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Figure 2.5. Study 1 (Results) — Highlighting Axis Scaffolds.Some participants recommend-
ing drawing attention to the dual intersections with the x-axis via highlights.

partial worked example, via the annotation of “7 hours” to the span for the red interval, and on

the right, a full speci�cation of the meaning of each axis, in the context of a sample reference

interval at the top of the graph. Some learners also suggested differentiating the ascending and

descending gridlines with different colour to distinguish “start time” from “end time”.

Finally in Figure 2.6 we �nd more examples of both explanatory text (at left) and worked

examples (at right). Explanatory text included either explicit de�nitions for the meaning of

elements of the graph or procedure for how to extract data from the graph (at right). On the top
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Figure 2.6. Study 1 (Results) — Text and Hybrid Scaffolds.Some participants recommending
giving explicit text instructions describing how to �nd the start/end/duration for a particular data
point, or examples of the derivation for a single data point.

right we see a worked example where participants both highlighted the intersection and gave

explicit values for a sample point on the plot. Under the graph they added a production rule for

�nding the start-time of a hypothetical point “S”, indicating that some learners may prefer text

instructions. (triangular grid lines were faded in digital scanning)

2.3.3 Study 1 Discussion

The results of Study One suggest the Triangular Interval Graph is challenging for STEM

undergraduates. While the graph is elegant in its simplicity —as one participant noted,“once you

see [the triangles], you can't unsee them”—most participants failed to independently discover the
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rules of the representational system. Rather, they either re-constructed or re-imagined the marks

on the page as components of the more conventional representation for intervals. In interpreting

this graph students invoked prior knowledge of conventions for graphing in that domain (intervals

as line segments) and graphs in general (Cartesian coordinates). When prompted for instructional

aids, students believed they couldeasilyimprove performance of future participants by adding

instructions highlighting the multiple intersections of a point with the x-axis. It is important to

note that none of the participants recommended redesigning the coordinate system or providing

an alternative representation. Despite being told they had struggled for twenty minutes to

incorrectly answer a series of questions, they quickly developed an appreciation for the graph's

ef�ciencies. Further, the scaffolds they recommended are substantively different than those

explored in previous literature (Acarturk, Habel, and Cagiltay, 2008; Acartürk, 2014; Kong

and Agrawala, 2012; Mautone and Mayer, 2007). While some of the recommendations can be

characterized as graphical cues, rather than reinforcing the main argument of the graph (e.g.

local maxima/minima, salient trend, etc.) their function is to direct attention to the structure of

the coordinate system. Both text and image instructions focus on the graphical framework and

how to perform a �rst-order reading, rather than reinforcing the connection between the graph's

signi�ers and referents.

2.4 Study 2: Testing Explicit Scaffolds for an
Unconventional Graph

Inspired by the instructional aids produced by participants in Study One, we designed four

scaffolds for self-directed discovery of the coordinate system: two variations of text instructions

(positioned adjacent to the graphs) and two illustrations (highlighting x/y intersections). These

four designs (along with a no-scaffold control) serve as the randomly-assigned experimental

conditions for Study 2. Theconceptual description(Figure 2.7top left)speci�es each component

of the formalism and its intended meaning. Theprocedural description(Figure 2.7bottom left)
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describes a set of rules for extracting each interval property (start, end, duration). Thestatic

image(Figure 2.7top right) provides a partially worked example, displaying intersections

between a single data point and the x and y axes. The image does not move, and appears in the

same position while regardless of the question. Finally, theinteractive-image(Figure 2.7bottom

right), displays the appropriate intersections with the x and y axes when a participant hovers

their mouse over any data point.

Figure 2.7. Study 2 (Materials) — Scaffold Conditions. We tested the ef�cacy of two
text-based and two image-based scaffolds
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In prior work, Qiang and colleagues (2012) demonstrated that the computational ef�-

ciency of the TM graph can be achieved by novices after only 20 minutes of interactive video

instruction (including feedback). In Study Two we test the effectiveness of our designs by seek-

ing to replicate these results with scaffolding rather than interactive instruction with feedback.

Assigning each participant to a scaffold condition, we compare their performance on both the

LM and TM graphs, followed by a transfer task testing their ability to draw a TM graph for a

small data set.

Speci�cally, we hypothesize:

(H1) Scaffolding will not affect performance on the LM graph, because readers already under-

stand its conventional coordinate system ( i.e.the utility of scaffolding).

(H2) Because the TM graph is unconventional, it will require scaffolding. In its absence, readers

will perform signi�cantly better with the LM than the TM (i.e.the need for scaffolding).

(H3) Learners with (any form of) scaffolding will perform better with the TM than LM (replica-

tion of Qiang, Delafontaine, Versichele, De Maeyer, and Van de Weghe, 2012) (i.e.the

ef�cacy of scaffolding).

(H4) Learners who solve problems with the LM graph�rst will perform better on the TM

(relative to TM-�rst learners) as their attention will be drawn to the salient differences

between the graph types (i.e.order as scaffold).

2.4.1 Methods

2.4.1.1 Participants

A total of 316 students at UC San Diego participated (in person) in exchange for course

credit (gender: 30 % male, 69 % female, 1 % other; age: 17 - 33 years).

2.4.1.2 Design

The experiment employed a multilevel design structure with 2 �xed factors:
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(F1) explicit scaffold (between-subjects) @ 5 levels :none[control], conceptual description,

procedural description, static image, interactive image(see Figure 2.7)

(F2) graph (within-subjects) @ 2 levels :linear model, triangular model(see Figure 2.8)

and two random factors :

(R1) question(within-subjects) @ 15 levels

(R2) participant @ (n = 316) levels

Participants were nested within condition, which was fully crossed with graph. Two additional

�xed factors, (Block Order :LM-�rst, TM-�rst) ) and (Scenario Order:A-B, B-A)were counter-

balanced to facilitate the repeated measures design. Questions were fully crossed with condition,

such that each participant was randomly assigned to one explicit scaffold condition, block-order,

and scenario-order, in which they completed two blocks of 15 questions, one for eachgraph.

2.4.1.3 Materials

Graph Reading Task

The Interval Graph Reading Task was an extension of the paper-based task used in Study

1, implemented via a computer-based web application. Participants completed two blocks of

graph reading questions; one for each interval graph (Triangular Model [TM] and Linear Model

[LM]). Each block included 15 multiple choice questions (adapted from the questions used

in Study One). The questions were presented one at a time, and participants did not receive

feedback as to the accuracy of their response before proceeding.

For the �rst �ve questions of each graph reading task, participants saw a scaffold as

designated by their randomly assigned explicit scaffold condition. On the following ten questions,

the scaffold was not present. Examples of each scaffold for the TM graph are shown in Figure

2.7. Equivalent scaffolds were displayed for the LM graph. The order of the �rst �ve (scaffolded)

questions was the same for each participant, while the order of the remaining 10 were randomized.

For each question, the participant's response accuracy (correct, incorrect) and latency (time
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from page-load to “submit” button press) was recorded. Because each participant completed

the reading task once with each graph, we developed two matched scenarios: a project manager

scheduling tasks (scenario A), and an events manager scheduling reservations (scenario B) (see

Figure 2.8). In each scenario, an equivalent question can be identi�ed in the other pertaining

to the same interval property/relation. For example, in scenario A the question mapping to the

“starts” property reads: “Which tasks are scheduled to start at 1 pm?”, and the correct answer

consists of 2 tasks (Fig. 5 – left – tasks O & H). In scenario B, the equivalent question reads:

“Which reservations start at 8:00 AM?”, the correct answer referencing 3 events (Fig. 5 – right –

events D, C & L). For the LM graphs, intervals were sorted in order of duration, with the longest

appearing at the top of the graph. A pilot study on Amazon Mechanical Turk using the LM graph

revealed no signi�cant differences in response accuracy or latency between the scenarios. The

four graphs constructed for the study are shown in Figure 2.8, and the questions and scenarios

are available in Appendix A.1.

Graph Drawing Task

In the graph drawing task participants were prompted to construct a TM graph, and

answer two graph reading questions (These responses were not analyzed, but used to record

drawing response time). Participants were given a sheet of isometric dot paper and a data set of

10 intervals (see Appendix A). The isometric dot paper is ideal for this task as it equally supports

the construction lines at 0, 45 and 90 degrees, thus minimizing any biasing effects of the paper on

the type of graph the participants choose to draw. Participants were directed to draw a triangular

model graph of the data (“like the triangle graph you saw in the previous task”). They were

provided with pencils, erasers and a ruler for the task. Before continuing to the next page, they

were asked to verify that they had written a title for the graph, a label for each axis, a label for

each tick mark and each data point. Finally, they were asked to answer two questions similar to

those presented in the graph reading task but made more dif�cult by requiring the participant to

detect a pattern in the data set and identify an outlier. The task was designed to assess the depth
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Figure 2.8. Study 2 (Materials) — Stimulus Graphs. Note that each scenario (column)
represents the same underlying dataset (schedule of events). The position of the data points differ
in the second scenario. Scenarios are counterbalanced across graphs, such that each participant
completes the triangular task with one scenario, and the linear task with the other.

of participants' understanding of the representational system of the TM graph. This transfer

task allows us to assess each scaffold's ef�cacy in helping the participant learn the graphical

framework of the TM, beyond their ability to read inferences from it. We expect that accurately

drawing the graph requires deeper understanding of how the graph works. The materials for the

graph drawing task are available in Appendix A.1.
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2.4.1.4 Procedure

Participants completed the study individually in a computer lab. They completed the

two graph-reading tasks in sequence, one with a TM graph and the other with an LM graph

(order counterbalanced). Afterwards, participants completed the graph drawing task. The entire

procedure ranged from 22 to 66 minutes.

2.4.2 Results

Figure 2.9 depicts the mean response score by graph, scaffold condition, and graph-order.

We see that the mean scores on the linear graph task (green squares) are consistent across both

graph order and scaffold condition. In contrast, the triangular graph scores (red triangles) vary

by scaffold condition. It appears that accuracy on the triangular graph task only approaches that

of the linear graph in the interactive image condition.

Figure 2.9. Study 2 (Results) — Total Score.Mean response score by Graph, Scaffold
Condition and Task Order. LM scores (squares) remain steady across scaffold (x-axis) and graph-
order (right/left plot), while TM scores (triangles) differ by scaffold, highest in the interactive
image condition. Error bars indicate 95% con�dence interval.
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2.4.2.1 (H1) The Utility of Scaffolding

Inspection of linear graph scores in Figure 2.9 (green squares) suggests that explicit

scaffold condition (x-axis position) did not affect performance on the linear graph task. To test

hypothesis that scaffolding is not universally helpful, but rather is only necessary to facilitate

discovery of the triangular coordinate system, we compare performance across explicit scaffold

conditions onjust the linear model graph task. A Kruskal-Wallis rank sum test supports

this hypothesis, indicating the median linear graph score did not differ by scaffold condition

(c (4) = 0:4; p > 0:1) (seeA.1).

2.4.2.2 (H2) The Need for Scaffolding

Inspection ofdifferencebetween linear (green square) and triangular (red triangle) scores

in just theno scaffold[control] condition (�rst column of x-axis) of �gure 2.9 suggests that in the

absence of scaffolding, readers struggled to interpret the triangular graph. To test the hypothesis

that scaffoldingis neededto improve interpretation of the triangular graph, we compare scores

on the linear (vs) triangular graphs in only theno scaffold[control] condition. Based on our

observations in Study 1, we expect that in the absence of scaffolding, scores on the triangular

graph block will be substantially lower the linear graph. A paired Wilcoxon signed rank test (with

continuity correction) supports this hypothesis, indicating that accuracy scores in the control

condition were higher with the Linear graph than the Triangular graph, a statistically signi�cance

and very large difference (W = 1490:00; p < 0:001;95%CI[0:67;0:88]) (seeA.2).

2.4.2.3 (H3) The Effectiveness of Scaffolding

Inspection of the difference between linear and triangular graph scoresacrossscaffold

conditions in Figure 2.9 suggest that our second hypothesis is likely not supported: at least

some of the scaffolds were not effective in improving triangular graph performance. To test

the hypothesis that any form of scaffolding will replicate the �ndings of Qiang et. al (2012)

(signi�cantly better accuracy on TM than LM graph), we calculated a performance increase score
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(Triangular Graph score - Linear Accuracy score). Positive values indicate better performance

with the TM than LM, with a range from -15 to +15. In all but interactive image condition,

the median difference score was less than 0, indicating that only the interactive image yielded

more accurate performance on the TM graph than the LM graph. However, the performance

increase was very small: a one-sample t-test indicates that the average performance increase

in the interactive image condition was not signi�cantly different than zero (no improvement)

(t(67) = � 0:6; p = 0:6).

Inspection of the triangular graph scores (green squares) across scaffold conditions in

Figure 2.9doessuggest, however, that the type of explicit scaffold has an effect on triangular

graph performance, even if it does not improve performance to the extent that would realize

the computational ef�ciency of the TM graph. To quantify the effect of explicit scaffold on

TM performance, we �t a mixed logistic regression model on question-level accuracy (cor-

rect/incorrect) for the triangular graph task1. We included random intercepts for participants

and questions, and �xed effects for explicit scaffold condition, graph-order, and scenario-order.

A likelihood ratio test comparing a model with main effects to a second model including the

interaction between �xed factors indicates that the interaction term does not improve model �t

(c 2(22;9) = 11:87; p = 0:539). The explanatory power of the �nal model is moderate (condi-

tionalR2 = 0:47) with the part related to �xed effects explaining 9% of variance.

Wald Chi-Square tests revealed a signi�cant main effect for explicit scaffold condition

(c 2(4) = 32:12; p < 0:001). Consistent with our design expectations, each explicit scaffold

signi�cantly increases the odds of a correct response in the triangular graph task relative

to the non-scaffold control.The (unstandardized) regression coef�cients indicate that the two

text conditions each roughly double the odds of a correct response,(eb1[conceptual] = 2:42;SE=

0:744; p < 0:001;eb1[procedural] = 2:25;SE= 0:67; p < 0:01). The static image condition also

1We chose to model these data at the question rather than participant level because the distribution of total
triangular graph scores was bimodal, and an item level model allows us to differentiate between random variance
introduced by individual differences in participants and questions, and systematic variance introduced by scaffold
condition.
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doubles the odds of a correct response,(eb1[staticimage] = 2:23;SE= 0:66; p < 0:01). Most im-

pressively, the interactive image condition increased the odds of a correct response by over a

factor of 5, (eb1[interactiveimage] = 5:41;SE= 1:61; p < 0:01).

2.4.2.4 (H4) Graph Order as Scaffold

Wald Chi-Square tests did not indicate a signi�cant main effect forgraph-order (c 2(1) =

1:92; p = 0:17). Contrary to our (H4) hypothesis, completing the TM graph task after the

LM graph task did not signi�cantly improve performance with the TM graph . It is possible

that in order to glean salient differences between the TM and LM graphs, they need to viewed

simultaneously (as in Figure 2.8 or Figure 1.11).

2.4.2.5 Effect of Scenario.

As our repeated measures design (participants repeating the graph reading task once

with each graph) necessitated the use of two scenarios, for due diligence we tested for effects of

scenario in our statistical model. Unexpectedly, Wald Chi-Square tests revealed a signi�cant main

effect for scenario-order (c 2(1) = 32:30; p < 0:001). Speci�cally, pairing the event-scheduling

scenario B with the TM graph task increased the odds of a correct response by a factor of 3,

(eb1[scenarioB] = 2:97;SE= 0:57; p < 0:001). When answering questions in the “task scheduling”

scenario A (M = 9.20, SD = 4.12), participants had signi�cantly lower scores compared to

the “events scheduling” scenario B (M = 10.52, SD = 2.97). In an online pilot we found no

signi�cant differences in performance between the scenarios when tested with the LM graph. To

explore the source of this effect, we examined the data sets constructed for each scenario, and in

particular, the very �rst question students solved with the TM graph. In the “task scheduling”

scenario A (Figure 2.10,left) we see that if a learner makes the most common mistake—seeking

an orthogonal intersection from the x-axis—there is a single data point that intersects the line:

an available answer. However, in the “events scheduling” scenario B (Figure 2.10 ,right) ,

there is no intersecting data point. We hypothesize that students who were randomly assigned
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to this second scenario received implicit feedback that they were misreading the graph if they

sought the orthogonal intersect because there was no answer to the question. We suspect this

drove students to re-evaluate their strategy, yielding signi�cantly higher scores for the “events

scheduling” scenario. We explore this idea further in Chapter 3.

Figure 2.10. Study 2 (Results) — Non-Equivalence of Scenarios.The �rst question in the Task
Scheduling Scenario (left) has a datapoint intersecting the orthogonal projection from the x-axis,
thus providing a potential `orthogonal answer`, but the �rst question in the Event Scheduling
scenario (right) does not.

2.4.2.6 Graph Drawing Task

The graph drawing tasks allows us how to explore how each scaffold supports students

learning the graphical framework of the TM. We expect that accurately drawing requires deeper

understanding of how the graph works, and analysis of any systematic mistakes students make in

drawing may reveal sources of dif�culty in comprehension. Following the directed approach

to qualitative content analysis (Hsieh and Shannon, 2005), a team of 3 raters classi�ed all 316

drawings �rst into three distinct categories de�neda priori: [triangular, linear, other], and

subsequently into �ve distinct categories based on the data present in the sample: (correct)

triangular, linear, scatterplot, “asymmetric triangular” and “right-angled”. Inter-rater reliability
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was high (a = 0:96) and disagreements were resolved through negotiation, such that the �nal

assignment of categories re�ects rater consensus.

Despite relatively low scores on the TM graph reading task, the majority (73%) of

participants drew correct TM graphs. 17 individuals (5%) constructed LM graphs, while 3

participants drew scatterplots with start & end time on the x/y axes respectively. Most interesting

were the two alternative triangular forms constructed by 66 (21%) individuals: right-angle

triangle, and asymmetric triangles (described in Figure 2.11). At top left (a) we see correct

triangular graphs, produced by 230 students (73%participants). Alternatively, in (b)at top right

44 students drew “right-angle” graphs. They plot duration on the Y axis and the interval as a

point, but mistakenly use an orthogonal x-intersect for start time. In (c)bottom left22 students

drew forms that were also triangular (plotting the orthogonal intersection as the midpoint of the

interval), but the triangles were not geometrically similar because duration was not on the y-axis.

Only 17 students drew LM graphs (d)bottom right.

Figure 2.11. Study 2 (Results) Drawing Types.We classi�ed participant drawings into four
types based on how the allocated interval properties to each axis.
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2.4.3 Study 2 Discussion

The results of Study Two leave us with a conundrum: why were the scaffolds designed

by learners in Study One largely ineffective? None of our designs replicated the results of Qiang,

Delafontaine, Versichele, De Maeyer, and Van de Weghe, 2012 which yielded better performance

with the TM than LM graph, though there were notable differences in our tasks, including

their use of an interactive graph interface with hundreds of data points, and feedback in the

video instruction. Setting aside the differences in performance between the LM and TM graphs,

we assessed the ef�cacy of scaffold designs by looking at TM scores alone. The widely-held

assertion of Study One participants that simple text and image instructions would dramatically

improve readability of the graph were not borne out, as on average, participants who received

the static scaffolds per- formed no better than those who received (as participants in Study One)

no graph instructions at all.

We suspect the source of this discrepancy lies in ahindsight bias. Once students under-

stand how the graph works, they cannot “unsee” it, and therefore underestimate the strength of

their prior expectations. The unexpected effect of scenario on TM scores supports this inter-

pretation, as students who received implicit feedback they were reading the graph incorrectly

(because there was no available answer) performed better than those who did not (Figure 2.10

right vs. left). In this way, the structure of the task presented the reader with a form ofmental

impassewhere their expectations (based on prior knowledge of Cartesian graph forms) left them

with no solution, and their attention was actively redirected to reconsidering these expectations.

The role of attention can also address why the interactive image was superior to the static text

and image scaffolds. If it is the case that a reader does not realize they are misreading the graph

(as we observed in Study One), it is easy to ignore the static scaffolds. However, it is much more

dif�cult to ignore a stimulus that appears every time the mouse is moved over a data point.
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2.5 General Discussion

While the Triangular Model (TM) graph is elegant in its simplicity, the results of these

studies demonstrate this simplicity is deceptive. Without assistance, most readers misinterpret

the graph as the conventional representation for temporal intervals: the Linear Model. Even with

explicit cognitive aids, many students persist in this erroneous interpretation.

These results have implications for both the design of scaffolds and of new unconventional

graphs. First, when designing scaffolds one should consider the reader's expectations based on

the conventional representation for variablesin the domain of data being represented. It is from

that prior knowledge that readers begin their interpretation, not from a blank-slate (i.e. a generic

graph schema) as we might expect based on a graph's surface features. To overcome this, our

results suggest that techniques actively directing attention to salient differences will prove most

effective. The interactive-image scaffold achieves this through repeated, user-driven exposure to

the multiple intersections of a TM data point with the x-axis. Similarly, we believe the mental

impasse provided by the questions in our event-scheduling scenario actively directed readers'

attention to their mistaken interpretation. We explore this phenomenon further in Chapter 3

When constructing unconventional graphs, a designer's priority is the computational

affordances making the new graph-form suitable to the intersection of data, task, audience, and

communicative context. But as we learn from these studies, a designer should also ask, “What

expectations will be invoked by the marks on the page?” For the TM graph, we suspect it is

the orthogonal axes that drive readers to expect a single orthogonal intersection for each data

point. But there is —strictly speaking —no reason that the axesneedto be orthogonal. In fact,

one clever participant in our graph drawing task produced what we believe to be a substantial

improvement upon the TM graph, where the y axis was positioned diagonally on the left side of

the graph's bounding triangle. We explore this design alternative, and the in�uences of gridlines,

marks and orientation in Chapter 4

In this chapter, we have explored only a small subsection of the design space of scaf-
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folding techniques for this particular kind of unconventional graph. We expect our conclusions

will generalize to other novel coordinate systems. Our choice of scaffolds was inspired by direct

observation and participatory design, however, we suspect a wider range of techniques might

be effective in more instructional settings, including explication of worked examples, or seeing

the graph being drawn. While we chose to separate our text and image scaffolds to test their

differential ef�cacy, a combined text/image annotation could prove effective even in static media.

We started by reasoning that existing scaffolding techniques would be insuf�cient for

unconventional graphs because learners would lack the prior knowledge of the new graph system

required to make use of them. As Pinker (1990) suggests, when confronted with an unfamiliar

graph form, the reader instantiates a generic “general graph schema”. But we do not know

what the contents of this schema are, or how it guides interpretation. Our results suggest it is

possible for the reader to instantiate a schema that actively con�icts with the surface structure

of the marks on the page. The novelty of the salient diagonal gridlines in the TM graph was

not enough for most learners to suspend their Cartesian expectations. To overcome this prior

knowledge, we argue that successful scaffolds for unconventional graphs must not only show or

tell us how to read them, but to rather alert us that that we need to pay attention, and reconsider

our expectations in the �rst place.
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Chapter 3

Explorations of Insight Problem Solving

We've learned that despite the ef�ciency with which the Triangular Model (TM) repre-

sents interval relations, it lacksdiscoverability. That is, most readers without prior exposure

struggle to interpret its novel coordinate system. Inspired by research in problem solving, in

this chapter we ask whether treating an unconventional graph as a type ofinsight problemmight

yield new effective methods for scaffolding discovery.

In Study 3A, we test whether intentionally imposing a mental impasse improves inter-

pretation, and �nd that readers faced with our experimental manipulation are more likely to

produce (accurate) triangular responses, as well as other types of non-orthogonal responses to

TM graph reading questions. In Study 3B, we replicate and extend these �ndings to compare the

effectiveness of the impasse structure to the image-based scaffolds from Study 2. We �nd that

both approaches signi�cantly improve comprehension, and that the interventions have an additive

effect. In Study 3C we explore the role of working memory in graphical discovery, �nding that

the impasse structure is most effective for readers with high working memory capacity. Taken

together, these results support our claim that it is fruitful to consider the comprehension of novel

graphs through the theoretical lens of problem solving, yielding implications for the design of

cognitive aids for novel graphical forms, and the way we characterize the constituent processes

of graph comprehension.
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3.1 Problem Solving and Insight

In our �rst observational study with the Triangular Model (TM) of Interval Relations

(Study 1), most participants exhibited anorthogonality bias: systematically misinterpreting the

graph as a cartesian scatterplot by presuming that the relationship between any given data point

and the x-axis is de�ned by single orthogonal projection between the two. But we don't believe

this is a failure inperception: that readers did notseethe diagonal gridlines. Rather, we argue

it is more effective to construe this as a failure ofinterpretation: readers did not know what

meaning to assign to the gridlines. They were unable to “solve the problem” of how the marks

were related in space.

For a few successful outliers however, their production of the correct interpretation was

accompanied by a protracted struggle, a sudden clap of their hands and ecstatic exclamation,

“Oh! That's how it works!” What we observed were moments ofinsight.

In a 1992 contribution reconciling contemporary research on problem solving with

information-processing accounts of cognition, Stellan Ohlsson offered a new conceptualization

of the term `insight'. Ohlsson introduced the concept ofimpasse, suggesting that rather than a

sudden appearance in consciousness of a complete, correct solution to a problem, insight is better

operationalized as what occurs after a problem solver breaks free from an impasse:“a mental

state in which problem-solving has come to a halt; all possibilities have been exhausted and the

problem-solver cannot think of any way to proceed”(Ohlsson, 1992, pg. 4). The implications

of this insight on insight were substantial, affording an information-processing account of the

phenomenon consistent with empirical research that found: (1) individual instances of insight

did not necessarily guarantee a correct solution to a problem, and (2) a fully-formed solution

did not always appear directly following a moment of insight. Rather, a problem solver might

require multiple, successive insights to �nd a correct solution, and for some, a correct solution

might never appear.

But what leads a problem solver to experience an impasse in the �rst place? One
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related construct (predating Ohlsson's conceptualiztion) that offers an answer in the context

of some problems isfunctional �xedness: the idea that the experience of using an object in

a particular way lowers the probability of �nding a solution in which the object is used in

a different way. Examples of functional �xedness abound in classic insight problems. In

Dunker's candle problem (1945), the solver is �xed on the function of the material BOX as

CONTAINER, ostensibly lowering the probability they envision the (correct) solution using

BOX as PLATFORM. Similarly, in the two-string problem, solvers are �xated on the function of

PLIERS as TOOL rather than the desired solution of PLIERS as PENDULUM BOB. When a

problem solver is �xated on the conventional function of an object and unable to envision an

alternative use, they attempt suboptimal (and ultimately incorrect) solutions, leading to a state

of impasse. According to Ohlsson (1992) it is only after reaching this impasse that the solver

is likely to restructure their (mental) representation of the problem, allowing them to derive a

correct solution.

In the case of graph discovery, it is reasonable to expect that substantial experience

using the most common forms of visualizations (scatterplots, bar charts, and line graphs) may

serve to �x our expectations of axes and their underlying coordinate system toward a cartesian

interpretation, where a point is de�ned uniquely by a pair of numerical coordinates derived via

its orthogonal intersections with a horizontal and vertical axis. We argue that the orthogonality

bias exhibited by many TM graph readers can be reconstrued as a sort ofgraphical �xedness,

where readers are �xated on the relationship between the point and x-axis as orthogonal—unable

to conceive of an alternative relationship between these marks in space.

3.1.1 Constructing a Mental Impasse

Unlike many classic problems in the insight literature however, we cannot be certain that

readers of even an unconventional graph will ever reach a state of impasse. In Study 1 we found

that most unsuccessful graph readers were unaware they had failed to solve the problems correctly.

That is, there was anavailable(though incorrect) solution to the graph-reading problem, and
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thus the reader did not necessarily reach a state where they were stuck, unable to think of a way

to proceed. This would be akin to one of the suboptimal attempts at the candle problem (such

as trying to use a pin or tack to attach the candle to the wall) being considered by the problem

solver as an acceptable solution.

Thus, in order to treat the interpretation of an unconventional coordinate system as an

insight problem, we mustintentionally crafta state of impasse in order to draw a reader's

attention to their most probable misconception. In this work we will refer to thisas imposing

an impasse-structure—constructing a situation which increases the probability of the solver

experiencing a mental impasse.

The most obvious way to invoke a state of impasse for the TM graph is to offer a reader

feedback that their solution is incorrect. In Study 1, we gave verbal feedback during the debrief

interview prior to the scaffold design task (e.g. “Your answer to question 1 was incorrect. Would

you like to take another look?”) In many cases, this feedback was suf�cient for the learner to

reconsider, correct their interpretation, and arrive at a correct solution. Simple feedback appears

to be very effective, and was also utilized by Qiang & colleagues (2012) in their evaluation study

of the TM graph, where they used a combination of video instruction and interactive feedback

to train students how to read the graph, and eventually utilize is computational ef�ciency to

answer questions more quickly and accurately than with the informationally-equivalent but

conventional alternative, the Linear Model. But this sort of feedback is not possible in a self-

directed learning situation, such as a reader of scholarly paper who encounters a unfamiliar

graph communicating study results. In Study 2, however, we inadvertently found a method for

creating an impasse-structure without didactic feedback, when after �nding an unexpected effect

of task scenario (which determined the con�guration of data points visualized in the TM graph)

a post-hoc analysis revealed that one of the scenarios did not have an available answer to the �rst

questionif the reader was misreading the graph as a cartesian scatterplot (see section 2.4.2.5).

This coincidence in the design of our materials meant that for readers randomly assigned to that

scenario, who tried to read the TM graph as a scatterplot, there was no datapoint intersecting an
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orthogonal projection from the x-axis. We believe this presented readers with an obstacle: `there

is no answer to this question' thus invoking a state ofimpasse.

3.2 Research Goals

In Studies 3A-C we systematically explore the potential role ofmental impassein

discovering the coordinate system of a novel graph.

In Study 3A we test the impasse hypothesis, and determine if our �ndings in Study 2

(an unexpected effect of scenario) are in fact attributable to invoking an impasse state, or rather

some other attribute of the stimulus scenarios. We replicate these �ndings in an online study, and

then in Study 3B directly compare the effectiveness of explicit scaffolding (static and interactive

worked-example images) verses the sort of implicit scaffolding we argue is offered by imposing

an impasse-structure. In Study 3C we explore a potential source of the substantial individual

differences in graph interpretation that exist (even with the support of implicit and explicit

scaffolding) by evaluating the relationship between task performance and working memory

capacity.

3.3 Study 3A: Testing the Mental Impasse

We begin our evaluation of the impasse hypothesis by directly comparing performance

on an interval graph reading task with the Triangular Model (TM) graph for participants who

receive materials that areintentionally designedto invoke a mental impasse, against those who

receive materials intentionally designed tonot pose a mental impasse. We argue that we can

lead readers to state of impasse by carefully designing the question paired with a particular

underlying dataset (i.e. the position of points) represented in the TM graph such that there isno

data point intersecting an orthogonal projection from the x-axis warranted by a cartesian

interpretation of the coordinate system.

Procedurally, this means that for any given problem, if a reader attempts to extract the
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interval relation posed in the question by interpreting the coordinate system as cartesian, they

will not �nd a datapoint intersecting their (visual saccade, �nger or mouse-cursor tracing) of

the graph: they will �nd there is no available answer to the question (seeFigure 3.1right).

Alternatively, readers in a (non-impasse) control condition posed with the same problemwill

�nd a data point intersecting the corresponding orthogonal projection (seeFigure 3.1left). We

argue that �nding an available answer to the question means that readers are likely to select that

Figure 3.1. Study 3A Experimental Conditions. For the question“Which shift(s) start at
11 AM?” the stimulus graph for the control condition is displayed on the left, and the impasse
condition on the right (with red and green lines added for explanation; these do not appear in the
actual stimuli). Note that across both conditions, the question and design of the graph (position
and orientation of axes, gridlines and labels) are identical. The conditions differonly in the
position of the datapoints that are represented. In both conditions, the green dotted line indicates
the optimal path to the correct answer: starting at the reference time [11AM] on the x-axis, and
tracing up theascendingdiagonal gridline (in green; which indicates start time). Only point [F]
intersects this line, and is the correct (triangular) response. Alternatively, if the graph is read as a
cartesian scatterplot, the reader would follow a suboptimal path to an incorrect answer: starting
at the reference time [11AM] on the x-axis, andprojecting an non-existent orthogonal line(in
red) through the graph space. Note that in the control condition, the datapoint [A] intersects this
line, thus providing the reader with a potential response to the question. In the impasse condition,
however, there isno datapoint intersecting this line, and therefore no available answer to the
question.
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answer as their response, while alternativelynot �nding an available answer to the question will

present the reader with an obstacle. The reader has a reasonable expectation that there should be

an answer to the problem, and when they cannot �nd one, they will enter a state ofimpasse.

Speci�cally, we hypothesize that:

(H1) Participants in theimpassecondition will have have a higher probability of a correct

response than participants in thenon-impasse(control) condition.

(H2) Participants in theimpassecondition will provide more transitional (i.e. incorrect, but

non-orthogonal) responses than participants in thenon-impasse(control) condition.

3.3.1 Methods

3.3.1.1 Participants

We recruited 146 undergraduate students at UC San Diego to participate (in person)

in exchange for course credit. Twenty participants were excluded for failing attention-check

questions, yielding 126 participants for analysis (gender: 37 % male, 62 % female, 1 % other;

age: 18 - 33 years).

3.3.1.2 Design

The experiment employed a multilevel design structure with 1 �xed, and 2 random factors:

(F1) implicit scaffold (between-subjects) @ (c = 2) levels :none[control], impasse

(R1) question(within-subjects) @ (q = 13) levels

(R2) participant @ (n = 126) levels

Participants were nested within implicit scaffold condition, and questions were fully crossed

with condition. Thus, each participant was randomly assigned to one implicit scaffold, in which

they completed all the questions (with the TM graph).
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3.3.1.3 Materials

Interval Graph Comprehension Task

The Interval Graph Comprehension Task is an extension of the tasks used in Studies 1 and

2, with two improvements. First, we simpli�ed the interval relations in the questions to improve

construct validity and ensure that performance on the task primarily re�ects interpretation of the

coordinate system, and not a participant's ability to perform algebra over interval relations (see

Allen's Interval Logic). Secondly, we carefully designed the combination of question/response

options/visualized dataset to beinterpretation discriminative . An answer designated as correct

can never be produced by both an orthogonal and a triangular interpretation of the coordinate

system1. This has the effect of pushing total task accuracy scores toward �oor (for orthogonal)

and ceiling (for triangular) interpretations.

The task begins by situating participants in a problem solving scenario where they are to

assume the role of factory manager responsible for scheduling employee work shifts. They are

instructed to complete the task by using a graph of the schedule to answer questions about the

timing of shifts. A shift is de�ned as an interval of time with a discrete start and end time (on

the hour). Thus the datapoints on the TM graph correspond to shifts, and shifts are identi�ed

with letters (i.e. A, B, C, etc). We chose to situate the task in the context of a scenario to give

participants a familiar conceptual anchor for the interpretation of datapoints. Rather than the

abstraction of `an interval of time' each datapoint refers to a shift in an employee's schedule.

The task proceeds with two experimental blocks, consisting of 5 and 10 ordered items

respectively. Within each block, participants complete the items in sequence, without feedback,

and do not have the ability to skip ahead, nor return to previous items. In each item, the participant

is presented with a TM graph, a question, and a grid of response options (see Figure 3.2). The

design of the TM graph (shape, scale, axes, labels, size and relative screen position) are identical

across items and conditions. The stimulus web application renders the graph as 700x700 pixels.

113 of the 15 questions have this discriminative property. Questions #6 and #9 do not, and were used for attention
check and exploratory analyses respectively. They were not included in analyses for hypothesis testing.
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