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Abstract —This paper addresses the use of visual analytics techniques in education to advance students' cognitive dimensionality.
Students naturally tend to characterize data in simplistic one dimensional terms using metrics such as mean, median, mode. Real-
world data, however, is more complex and students need to learn to recognize and create high-dimensional arguments. Data
exploration methods can encourage thinking beyond traditional one dimensional insights. In particular, visual analytics tools that
afford object-level interaction (OLI) allow for generation of more complex insights, despite inexperience with multivariate data. With
these tools, students® insights are of highecomplexity in terms of dimensionality and cardinality and built on more diverse
interactions. We present the concept of cognitive dimensionality to characterize students' capacity for dimensionally complex
insights. Using this concept, we build a vocabulary and methodology to support a studentOs progression in terms of growth from low
to high cognitive dimensionality. We report findings from a series of classroom assignments with increasingly complex analysis
tools. These assignments progressed from spreadsheet manipulations to statistical software such as R and finally to an OLI
application, Andromeda. Our findings suggest that students' cognitive dimensionality can be improved and further research on the
impact of visual analytics tools on education for cognitive dimensionality is warranted.

Index Terms —Visual analytics, object level interaction, multivariate data analysis
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1 INTRODUCTION

The phrase Big Data" is practicdy redundant. Today's datasets arg¢he students took a survey which generated a dataset with 25
big; at low cost,advanced technology has enabladhost every variablesincluding age, averagenumber ofstudy hours per week,
industry, scientific field, branch of govenent, etc., to collect new averagenumber oftextssent per weeklove of statistics(on a scale
and more data than ever. However, datasets are just tablesofd to 100), etcThe students were asked to create their visnal
numbers without humans to discover, processflece and mappings of the clasdased on the data. Very few students used
communicate information in thdata[l]. This means that, in the more than three variables. In fact, one preterttlatithere were two
presence of large datasets, humarescalled upon to assimilate whataxes and plottedove of math versudove of statistics Fig. ). To
they know with tens, hundreds, even thousands of atiméblesat provide comparisonan instructor completed the same exercise and
once. Is that possible? Data mining algorithms can scale to the siaasidered sevewariables in 8 map:age, exercise, study habits,
of today'sdata, but can humans? More spexfly, can today's alcohol consumption, politics,olrs sleep, ad television vatching
students?How can we train students to acquire these skills? (Fig.).

Education starts the process of teaching students homatgza In this paper, we show that thinking in one or tdimensions
data. Simplistic techniques are taught early on and sometimes edees not negate thepportunity to learrfrom data, but dramatically
applied to real world data, but not necessarily large or-higbonstains what can be learned. Physipabcesses are complicated
dimensional dataWe live in athreedimensionalworld, sohumans and often rely on multidimensional interactions of variables. Also,
naturally have the cognitive skilldo think about atleast three with the right exposure and tools, statke can improve their
variables. Furthermore, based on visual analytic research and abgnitive dimensionality and, as a result, make complicated
everyday practice of professional data adaslyit is easyto accept inferences from data. Namely, studemtsturally start with low
that humans can think about more than three variables at once. cognitive dimensionality and make rudimentary inferences. Then,

However, wehave observed inthe classoom while teating provided aninteractive visualization tool thave developed called
Multidimensional Scaling (MDS|2] that studets tend to limit their Andromeda, the students develop highritige dimensionalityand
cognitive processing of data to one or two variabMfS is a make insightful inferences.
method to visualize high dimensional data (e.g., more than 3 Given what we observed in the MDS classroome
variables) in atwo-dimensional scatter plot. Relative distancesimplemented a set of assignments to inveséigthe relationships
between observations in the scatterplot eynselative differences between cognitive dimengiality and increasingly sophisticated
between them; e.g., observations in a MDS visualization that &oels. We sought to discover answers to the following research
closeare more similar to one another than those that are far apauestions:
across all variables in theonsidered in the measure of distance. To ¥ Do students initially gravitate by default towards low cognitive
develop an intuition for theneaning of distancaye asked students dimensionality?

to create their own maps of student data in a provided circle. That is¥ When provided better tools, can studehtsn to think with
higher dimensionalig?

¥ Can students find more complex and tegtdimensional

¥ Jessica Zeitz Sel with Virginia Tech E-mail: jzself@vt.edu insightswith these tool8

¥ Nathan Selfs with Virginia Tech E-mail: nwself@vt.edu ¥ Can tools that support objelevel interaction (OLI) help

¥ Leanna HOUSE,W'tth'n,'a, Tech E’ma":_ Ihouse@vt.edu students find novel types bfgh-dimensionalnsights?
¥ Scotland Lemais with Virginia Tech E-mail: lemar@vt.edu

¥ Chris Northis with Virginia Tech E-mail: north@vt.edu

2 LITERATURE REVIEW

There has beemrevious work on using high dimensional data
visualizationin classrooms and on how to define and measure the
complexity of insightgjained from visualizations



Fig. 1. Students and instructors mapped one another in a blank circle. Fig. 2. The five-step process for object-level interaction.
Each letter represents either a student or professor. On the left is an
instructor’s map and on the right is a student’s. The red axes depict

what the student stated he was thinking when creating the map. provide studentswith similar dimensionally reduced, spatialized

overviews but with different interactional speeds and metaphors for
adjusting views, which impact pattern detection and ability to match
mental models. Liu and Stasko theorize that users interact with
. ) . R . visualizations by building mental models for external anchoring,
There ison-going discussion in visual analytics research owho  jhtormation foraging, and cognitive offloadinfp]. Users create
evaluate the quality of indigs users derive from a datad8]. mental models of both visualizations and data to create msigh
Several studies have recommended providing users with relatiVi{jeed, ziemkiewicz and Kosara®s study on the interplay between
unstructuredsessions for senseaking rather than executing short,ig 5| metaphors and usersO internal representations of data suggests
well-defined usabilitycentric benchmarkg3], [4]. Though several that appropriateness of fit between metaphor and representation is
studies have attempted to define insight, most settle for defining a §§telated with performand@0]. This is corroborated by calls from

of measurable characteristics of insight. Saraiya et al. define insighiten et al. to keep users of analytical tools in the cognitive zone by
as a unit of tbcovery such that an insight is a distinct observation th-’:ducing the amount of translation from task to interaction and
a userf3]. Though their study was in the bioinformatics domain thed/onsidering humans and computers as partners in knowledge
stress_ that their definition and methodol_og)_/ can be ap_plied in %lécovery[ll]. Brown et al. deveped a system to allow users to
domain. Plaisant et al. offer that an insight may simply be frange scatterplot representations of distance functions to align with
Onontrivial discovery about the daf8p) In this paper we adopt the mental models of the dafa2] finding thatuserscould successfully

definition of insight as an observation by a student about the data.jnteract with spatializations to align them with their own internal
Researchers have alemrked on defining the characteristics ofepresentations.

insight, particularly ones that can be measured or coded. Saraiya et There are several ways to visualize and interact with
al. list several properties: the observation itself, the time it took §Q,itidimensional data. Paltel coordinate plots have been widely
reach that observation, value within its domain, whether it leads tQ &g to investigate high dimensional dafa3] as have
new hypothesis, and whether it is unexpected, correct, broad'd%ensionality reduction methods such as MDS and PI@j [15].
deep. Additionally, they categorize insights into overview, patterpgever, we prefer dimensionality reduction methotbr our
group, or details insight§3]. Later, North characterizes insights ag,qycation setting because of students@spsting understanding of

complex, deep, qualitative, unexpected, and relejgnBy way of re|ations among objects indmensional space and for the ability to
improving the definition of insight, Gimg et al. coalesce the idea o6 to arbitrarily large dimensionality.

spontaneous, unexpected insight from cognitive science with the

unexpectedness characteristic of insight from the visual analyts High Dimensional Data in Education
afcf)rgzgzm].rosgrr?izsmle;%sruirr?sstacnil b?hgsaeg:f:f %?tzztfaorutshe?? an Visual analytics tasks on large, multidimensional data have
prop prop : ! . nbeen used in education. In particular, instructors have used datasets
insight (measured as number of deéaes considered) can serve as

i . o ffom IEEE Visual Analytics Science and Technology contests, both
proxy for measuring the complexity of an insight. However

e ' . ihtegrated into existing coursesO classWiBkand as the focus of a
characteristics like relevance or usefulness in a particular domgin;: . )
: . L L dicated coursfl7]. Reports from these experiences find that the
which relies on subjective definitions of a base knowledge for t

. o . . e of realistic visual analyticenarios in the classroom increases
domain can be difficult taepeatably quantify. We adopt the idea_ ."~_.. ; . > ;
ST S motjvation while building teamwork, problem solving, and project
that an insight has several characteristics that can be encoded as a . ! : .
roxv for understanding its quality. In particular we consider eamanagement skills. These reports find that students improved in
proxy 1¢ A 9 q y. In pal o . .~ Terms of proficiency in building visual analytic tools and in analysis
insightOs cardinality (number of observations included in an insight) o . . =
. - . . : . o n‘general but not a specifically discuss their effects on studentsO
and dimesionality (number of variables included in an insight).

Amar et al. developed a taxonomy of tasks involved in visuc?gn't've dimensionality. In the Statistics Education literature, there

analytics [7]. To assemble these tasks, students were askedﬁ?cye been attempts to visualize high dimensional data for easier

generate questions about a variety of datasets and their quest?c?nsumptlon[m]' A study on using interactive graphics to teach

ns._ . :
were grouped into 10 analytic primitives. Using this taxonom RURivariate data to psychology students found that students enjoy

complex task can be represented as a collection of subktesies.we ifiteractive tools that do not require mathematical understanding to

approimate the deepness of insights (the idea that insig'ﬁ?e[lg]' These studies suggest that large, high dimensional data is

accunulates and builds upon itself) lspuntng the diversity of tasks gfseful i cla_lss_room:ontexts but work on its impact on cognitive
: h X e imensionality is warranted.
involved in each as a proxy for this characteristic.

Several studies have provided frameworks and models for
understanding how users gain insight from data. In their literatute /NTERVENTIONS & SOLUTIONS
review of how researchers discuss the capabilities of their toolsTio provide students with tools to improve their capacity for
information visualization papers, Yi et al. detlilir processes that generating insights thabmbine information from many dimensions
can be used to gain insight: provide overview, adjust, detect pattet@, turn toObjectLevel Inteactionand develop an implementation
and match mental mod¢8]. In our study, all three assignmentsof such a system.

2.1 Insight and Measures of Insight
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Fig. 3. Andromeda screenshot during an analysis. (a) The previous view panel depicting the previous spatialization. (b) The current view panel
depicting the most recent spatialization. (c) The detail panel displaying the raw data. (d) The dimension weights bar chart visualizing the
dimensionality reduction weight vector.

parameter space in order to retune the fitting procedure, so that the
userOs cognitive adjustments (if possible) are rendered through the

3.1  Object-Level Interactions updated visalization. This process continues until the user is
Reasoned decisions with dataltimately require a cognitive satisfied withtheir exploration of the daf@1], [22].
understanding of the questions at hand. #hlgorithmic techniques While this 5step process creates a sequeméeupdated

are capable of resolving structures in high dimensional data, siéstializatiors and the original lowdimensional visual space conveys
techniques can fail due to noisy and unanticipated structurargormatlon to the user, it is also necessary to update the userOs
Analysts are not necessarily able to reason about such- highowledge about the underlying higimensional space, as
dimensional interactions; however, thag able to conjecture abbu contained in the data. For instance, when conwgftiom cognitive
which associations make senaed the subset of dimensions thato parametric feedback (step @LI models interact by finding are
drive their relatioships. Hence, through iterationsatonversation tuning ofthe underlying parametric modehich coincides with the
between human and computer perspectives, a consensus can bei$ei@s cognitive inputs. Théseableparameters are a subset of the
about meaningful relationshigin data: those thatre well supported full model tunables!(), and areresponsible for reveighting the
by the data andsimultaneously satisfy the uer mental underlying feature space ). Feature weights that substantially
understanding[20]. Objectlevel interaction (OLI) enable high support the us& mentaimodel are reported back tieem
dimensonal cognition by allowing userto operate and process One of theadvantagesf OLI interfaces, such as Andromeda, is
information at the spatial dimension. Whitkis spatial dimension is thata user may acquire insightbaut a highdimensional space by
traditionally bounded bywo or three dimensionghe number of operating in a twalimensional space. OLI effectively bridges the
structuresand understanding of their interactioase effectively a gap between the interpretation of a {diunensional model and high
much higher dimensional object. Connecting Jdwensional dimensional inferencegadingto higher cognitivelimensionaity.
interactions with higkdimensionalinferences is the basis behind
OLlI protoco]s 3.2 Andromeda

OLI entails a Sstep processhat facilitates a communication Andromeda isour implementation of theDLI process. In order to
between the userOs understanding of visual associations andsupgort the translation of visual interactions into transformations of
backend parametric models responsible for the data laffamt.2 the underlying parametric space, Andromeda supports ebjesit
describes this pcess. interactions which allow users to interact directly with dimensignal

Within this process, we denote data by the underlying reduced data plotdt hides the calculations of théimensionality
backend parametric space Bythe visualization by, and cognitive reduction algorithmso that the user can focus on tteta using a
and parametric feedback By, and!"'', respectively. In words, familiar metaphor that encodes similarity with spatial proximity
the process iterates by injecting data into tkeametric model which does not require any knowledge of underlyingtistical
fitting the tunable parameters through standard statistical methag@edels
and ultimatelydisplayingresults via an interactive visualization. At A typical usage scenario for Andromeda starts with loading the
this point,a user can decide that the visualization is sufficient fafata. Andromeda simply reads in a CSV file containtigh
their knowledge discovery pposes or interact with the display  dimensionalnumerical data and then performs a dimensionality
gather more insights. For example, given a spatialization of dagluction algorithmgspecifically Multidimensional $aling (MDS).
objects, the user could decide to adjust the proximity of points The new lowdimensional coordinate points are displayed inith
inject feedback. Moving objects closer would express desirgiualization paneb current view(seeFig. 3a). Within this pane] a
similarities; whereas, moving objects apart would expressuser can manipulate the data points and then rerun MDS. The
differences between the objects. This feedback-enomded into the



original visualization is now seen in a sepaEanelb previous view FrT—— B

(seeFig. &) band the current view is updated with the new-low (a) svei = eIEEs

dimensional points given the interactions. .
These two visualizations are accompanied by two other

elements: the detail panel and the weights bar chart. The detdil pane

displays the raw datésee Fig. ). A user can hover over any

specific point in either the current view or the previous view to see

all the dimensions with the associated data valliee. weights bar

chart visualizes the weight vector computed by thaedisionality high-D data ,

reduction algorithm(see Fig. 3d). All weights are equal for the UG ety

original visualization, but rerunning the algorithafter data point

manipulations ugates these weights to reflect the new visualization.(b)

The weight bars themselves can be malaiied providing direct

parametric interaction. e i

2D

3.2.1 Data Visualization Panels

There are two data visualizatigganels the current view and the
previous view.The lowdimensional data points created through the
dimensionality reduction algorithm are displayedhe current view.
The most recent iteration of the algorithm is displayed in the

. . . ! high-D data 2D
previous view.The views are linked so that when a user hovers over weights coordinates
a point in the current view it is highlighted in the previous view
provide ease in comparison.

OLI occurswithin the current viewA usercan manipulatéhe (C)
data pointsn order toperform analysis. P T
3.22  Weights Bar Chart weights coordinates

The weights Cor_nPUtEd by MDS are diSP'ayed to the user thrOUgh:i@. 4. Algorithmic pipeline (a) without interaction, (b) with parametric

bar chartThere is a bar for each dimension and the height of the b@feraction, and (c) with visual to parametric interaction.

depicts the degre® which that dimensiorcontributesto the current

spatial layout. For example,in Fig. 3d, the most pminent adjusting the distribution of importance, a user is providing cognitive
dimension is Odistance in miles from had@nly threedimensions feedback about which variables should be important while
contribute to this spatial layout meaning in order to explain thémultaneously providing the parametric feedback since this
similarities among the three manipulated points, a user must consigigtribution is just a visual encoding of the statisticabdelOs
the three dimensionsThe weights bar charprovides parametric parameters.

interaction to directhadjustthe weight value423]

3.2.3  Detail Panel 4 METHODS

The detailpaneldisplays the original raw dath.is linked with both We implemented a set of thrdterative assignments tcassess
the current view and the previous viefhe data for an individual students@ognitive dimensionalityin response to the interventions
data point is visible in this panel when a user hovers over a pointlife assignments were given ovetheeeweekperiod in agraduate
either view.This panel sipportssimplistic tasks such as retrievireg visual aalyticscoursein which therewere 18students enrolledlhe
value or finding an extemum which we discuss latefThrough an assignments involvednalyzingdata from a survey given to students
analysis, it may be important for a user to refer back to the raw dagg colleagues.

to further support an insight. We gave a survey to the class to create our-Higtensional
) data for the assignmentBhe surveyconsisted of 27 questionsitiv
3.24 Interactions numeric  answers. Questions ranged from unchangeable

Andromeda supports two types of interaction: visohjectlevel —Characteristics such as age and shoe size to opinions such as do you
interactiors (OLI) and parametridnteractions OLI is performed like to cook to counts such number of camping trips or number of
through the manipulation of objects within the current vigig.(b). Smartphone apps owned. Opinion questions were based dro@ 1
Manipulating the objects creates a new set of-dimensional Scde. The final dataset contained information about 23 people across
coominates. This cognitive feedbadK!' in Fig. 2, is converted into 27 dimensions.Students had the option tanswer the survey
parametric feedbadk!?', which in the case of Andromeda takes th@nonymouly. ) - )
form of a new weight vector which is used to create a new 2D The classroom environmentas beneficial for thigxploratory
spatialization via MDS. For parametric feedback, Andromeddudybecause it allowed more freedom with the assigmsiand the
calculates the optimized weight vector that best fits the- lowlata. This study was not intended to be a formal study since the
dimensional points moved by theser. This is denoted as MB$  focus of the research is on the education of students and equipping
F|g c. The new We|gh’[ vector provides feedback as to Wh’ﬁ'tem with hlgh COgnitiVe dimensionality skill&\rmed Wlth these
dimensions contribute to the new tdonensional layout and by initial exploratory results, more formal stad may be possible.
how much. B create a new spatialization based on this cognitive )
feedback, Andromeda runs MDS again with the new weight vectbl ~ Assignments
and the original higldimensional data to calculate new low The three assignments required the students to analyze the class data
dimensional coordinates. using three separate tools with increasing complexity. The first
The parametric interaction afforded by Andromeda allosers assignment allowed students to use simplistic statistical methods
to directly manipulate parameters of the underlying spatializatiokescribed in more detain 3.1.1. For the second assignment,
model (sedrig. b). Andromeda allows this via manipulation of thestudents were taught basic functionality of the programming
weight bars in the visuaéd chart Fig. d). This chart displays the language R. They had the option to use MATLAB or another such
distribution of importance over all dimensions. This allows cognitivieol if they felt more confident with it. Finally, the students analyzed
and parametric feedback to be combined in one iciiera By the data using Androetla, which was discussed above.



conclusion. Some students included a description of the techniques

+"H 9% &' OHE™ and processes they used to discover their insights.
*|" ! Insights were coded for several characteristics that desitiébe
i\ ) u /01/2# complgxity qf eagh isight: . . S _
;\g (4 W 34.56758# ¥ Dlmen.sm_nallt)./D Eaf:h dlme_‘nsmn thaF Was.expllmtly listed in
= o 500:-<=0/# each insight is tallied. This way, dimensions that a student
X I"# ' voluntarily decided to name are treated as dimensions that were
:%ta &I"# important in the generation of that insight. Insights that
. 0plH mertioned no dimensions were given a zero for this measure.
$I"# I l ¥ Cardinality b Each data point that is explicitly listed in an
1"y - w0 insight |_s counted. Insights that do not mention any particular
x B 5K T # B ox o data points count as a zero.
AR e R ¥ Relationship cardinalityp Most insights in our study involved

comparisonsof points We categorize the nature of the
relationship such as one-t0-many, one-to-all, oneto-oneg etc.
To get a measure for diversity of tasks used the analytic task

For each assignment, students were asked to analyze the sut@¥gnomy of lowlevel components outlined ifv] to undertand
data and develop insights about their classmates. Instructions wReh insight. We broke down each insight into one or more of these
intentionally vague and asked students to find patterns @palytic primitives. Based on the definition of each task, we
relationships among students usivigualizations that use proximity developed a set of rules to classify which primitives occur in each

Fig. 5. Percentage of insights from each assignment against the
number of dimensions explicitly mentioned in each insight.

to encode similarity. The data hoped to provide a more fun alfight and to count their occurrences.

interesting analysis since they were learning about each dther.

¥ Retrieve vale B We consider each explicit listing of a

students related to the data about their fellow classmates and could numerical value, either raw or derived, as a retrieve value task.

start with an egocerit analysis by asking Owho is like me?0

411 Manual

The first assignment was establish a baselirfer studentsO current
cognitive dimensionalityvith limited visual and interactive support
The first assignmentwas operended. It required students to

calculate a similarity matrix using a metric such as the cosine

similarity to compute the similarity value for pairs of students. No

In the manual task, several insights listed computed similarity
scores or data values from raw data dimensions. Each unique
value that appears imansight is tallied as one retrieve value
task.

¥ Filter B As described iff7], filter tasks involve finding all data
that satisfy agiven condition. In our case, insights that listed
students that are older than x or have 0 siblings, for example,

other more complex mathematical techniques or algorithms were \oyld have contained filter tasks, but no insights did such

allowed. Then studest created a handrawn 2dimensional
representatiodepicting the similarity of the classemberaising the
Ospatial proximity equals data similarityO metapNor.guidance
was given on existing dimensionality reduction or visualization
techniques.Using his representationstudents listed insights they
discoveredabout the data.

4.1.2  Statistical computing environments

The second assignment built upon the first by addomgputational
and visual representations, with limited interaction. Students aised
statistical analysis tool such as R or MATLABhe assignment
suggested that students crestEndard data plots suchlastograms,
scatterplots scatterplot matrices, and parallel coordinptets To
add more computational complexity, the studergsied unweighted
and weighted mukdimensional scaling (MDS) plots and performed
a principal component analysis (PC/Students could interact with
the MDS by manually adjusting dimension weigl&sudents again
listed their insights and compared shdindings to the insights
gained during the first assignment.

413 OLl
The third and final assignmeatided OLI interaction. Studenisel

the Andromeda tool to perform the same task from the previous two

assignmentsfind insights about the relationships amontadaoints.

Students received a short tutorial on the basic functionality of
Andromeda including manipulation of observations and weights. For

things.
¥ Compute derived valu® Compute derived value tasks were
tallied for anyinsights that involved a derived value whether
derived by the student®s command as in the manual and
statistical environment assignments or automatically as in the
OLI assignment. For cases where there is more than one derived
value such as comparisons theen MDS plots, multiple
compute derived value tasks were tallied. In our study, nearly
every insight involved at least one compute derived value task
since nearly all involved similarity scores omménsionally
reduced locations.
Find extremumb Find extemum tasks were counted when an
insight dealt with some number of the top or bottom values of
any single dimension. In many cases, insights were of the form
person P is most similar to person Q. In this case the extremum
of person QOs similarity scoreéported. Cases such as persons
P, Q, and S are most similar to person T are also of this task.
SortBNo insights in our set included this as a standalone task.
As per [7], some tasks such as find extremum may imply
sorting but do not constitute fefledged tasks.
¥ Determine rang® Student conclusions that involved describing

the range of values in a dimension are counted as determine

¥

¥

the assignment, they were asked to provide screenshots to support'@nge tasks. These only occurred in the manual assignment.

their claims.

4.2 Data Collection
For our analysiswe aggregated all insights provided by the 18

¥ Characterize distributio® Insights that describe the general
pattern of all data points over a dimension are counted as
characterize distribution tasks. These tended to occur across all
homework assignments. Manual assignments often described

students across the three assignments. We define an insight as agew in histogram plots. Statistical environment and OLI

piece of knowledge specified by the student. Most students denoted
separate insights by a bulleted list within each assignment. Multiple

sentence might comprise one single insight with a single

assignments tended to explain the layout of data points in
dimensionally reduced space.
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As shown inFig. 5, 75% of manual insights did not refer to any
Fig. 6. Distribution of insights across tasks. Percentage of insights that dimensionMost of thes.e '.nSIthS InCIuded_flndlng e_xtr_er_nums based
contained at least one of the tasks. on the cqmputed S|r_n|Ia_1r|ty_ valuesomparing two |nd|V|dl_JaI_sor_
. . . - characterizing the distribution of the data based on similarity or
¥ Find anomalies B These tasks were tallied for insights thaHissimiIarity All of these insights made no reference to any
describe unexpected values or distributions including statistiGienson. Insights comparing individuals would state the two were
outliers. Across all assignments this tasks was used to identifipst similar based on similarity value, but would not offer
outliers in derived value dimensions such as similarity scordémension supportFurthermore,25% of manual insights only
and dimensionally reduced location. considered one dimension. These insights focused on the anomalies
¥ Cluster D Insights that identified members of clusters or@nd extrenums of a single dimension. For example, an insight
relationships between clusters were counted as cluster ta gnsidering one dimension statauho in the dataset was the
i i . . %Jngest (age dimension) or who wore the largest shoe (shoe size
Since dimensionally reduced layouts lend themselves eas'lyo‘i?nensim).
this type of interpretation, most of these tasks were found in the Similar to manual insightsp4% of statistical environment
statistical environment and Obksignments. insights did not reference any dimensionand focused on
¥ Correlateb Correlate tasks were assigném insights when a characterizing the distribution of derived values from MB&eFig.
correlation between two dimensions was discovere®- However, gatistical environment insights did start to include
Dimensionality reduction techniques do not lend themselviformation regarding clusters and anomalies. We feel this occurred
S . . In part because of the nature of MD®his algorithm displays a
well to this kind of interpretation and although some of thg,aiia| |ayout that encourages finding clusters of data points and
manual and statistical environment methods did explorgytlier data pointsin this assignmeng4% of insights included one
correlations, few were reported. dimension.Most of these insights stemmed from characterizing the
Based on this classifation, each individual insight can be thehistogram of that particular dimensioffor example, one such
result of more than one analytical task practice, most insights insight stated the students in the dataset have lived relatively few
were, especially because most insights maaeesconclusion based places (number of placed lived dimensioA)small percentage of
on derived data such as similarity scores. A typical manuakights did refer tawo to five dimensions, whiclis a step up from
assignment insight such as P1 is most similar to P2 is coded asamual insights.When two dimensions were listed within the
compute derived value task because it relies on a compuiesight, it normally stated a correlation stemming from a scatterplot
similarity measure and a find extremum task beeatifinds the matrix of the two dimensionsdost insights referring to thesto five
person with the highest value in similarity score. dimensions were gleaned from a PCA plot which explained that
We performed an affinity diagramming techniqua the certain dimensions contributed most to a particular compoheat.
insights of each assignmetot classify the types of insights found byfew cases, we start to see dimensions being clusters based on a
the studentsBy grouping reported insights by similarity we afale higher levelcategory such as travieéhavia consising of number of
to discover and compare the characteristics of insights across dbentries visited, number of US states visited, and number of places
three assignments. lived.
The spread across the number of dimensions considered
5 RESULTS increases foOLI insights.A quarterof insights reference onand
another quartetwo dimensions. The renmang insightsrefer to

To gauge the improvement in cognitive dimensionality gained OVEL o no dimensions or three ten dimensions as depictéiy. 5

the course of the three assignments, we focused on thEee L
= . o vén though the percentages are small, we see a shift in the
perspectives: insightzchniques, and cognitive processes. complexity of insights when using Andromedaleither tool
; supported many insights containing more thare¢ dimensions.
5.1 Insights ; o S
) o . ) When using Andromeda, students produced insights consisting of up
We classify an insight to be more complex based on dimensionaliyen dimensions and greatly increasing the number of insights using
cardinality, and diversity and type of tasks includadross all 18 o three or four dimensions.
students, there were 78sighs for the manual assignment, 121
insights br the statistical computinenvironment assignment, and5.1.2  Task Diversity
63 insights for the OLI assignmerll manual insights tended to be e ysed the following list of task3] to characterize each insight:
simplistic comparisons between individuals or small groups. retrieve value, compute derived value, find extremums, sort,



students performed more comparisons between spatializafid¥s.

("# 1-6)&%75-" of insights took advantage of the before/after interadimhnique
} u . /01/2# The tasksincluded in these insightsere fairly evenly distbuted
i 1 1 =34 567584 across@haracterize distributid¥13%), @ind anomalie€(16%), and
- @lusteO(16%). Students wouldlescribeclusters that formed based
fa &!"# l i 509:5<=9f# on their interactions and would use the weight distribution to explain
X the relationship among the clustergata pointsFor exampleone
i NH# 1 student dragged three data points from the main cluster far apart to
H see how this affected the similarity structure of the remaining main
I ' cluster. Her insight explained the shift in one dimension weight, but
; that the three muaibe very similar because the points remained close.
I"# The interaction supported a mozemplex insight that is based on

8=A;:=45A>=# E1>?D9=#F0;G2=9H= the relationship between not only a subset of points, but also the
BO>=:/C>D:0# relationship of the subset to the whole set.

Fig. 8. The bar chart depicts the percentage of insights that were ~ 9-1-3  Relationship Cardinality
developed using a before/after interaction or outside knowledge. We categorized the insights based on cardinality and described
. . o . ) relationships. An insight has cardinality if it specifigareferences

determine range, characterize distribution, findraales, cluster, ;.o or more data points (people) in the dataset. Our categories

and correlate. . - . o consisted of no cardinality meaning no reference to any particular
The 73 manual insights 121 statistical environment insights, y,t5 point or group of points, one, etweone, oneto-many, oneto-

and 63 OLI insights contained 156216, and 14lndividual tasks 4 many, mansto-many, manyto-all, andall.

respectively Fig. shows that ahigh percentage of these tasks were " ;o ) insights consisted of 27%d-all, 26% oneto-one, and

@ompute derived val@since allthreeassignmentsnanipulated the 1594 g1, Insights tended to focus on either one single person or the

raw data in some walost of the insights contained at least on@pire set of people. A great number of insights were egocentric

compute derlved_ d_at? taskor the manual assignment the m!ed_ . meaning the student compared herself to another peitwer most

data included similarity values and matrices. Both the statisticglyijar or most dissimilar or compared herself to the entire dataset.

environment and Andromeda assignments produced derived qaid example, a student stated the he is fairly compatible with most of

from dimensionality reduction algorithnf§IDS and PCA) his classmates. This insight was based on the student having overall
CIFlr]d extremuro was the most pre_:va_lent task Wlthln _thehigh similarity values with all girs.

manual insigts (seeFig. ). 31% of the 73insights contained this Insights for the statistical environment assignment consisted of

task. Most insights were of the form Person X had the 374 g 1705 many, and 16%ta-all. Given the highest percentage

highest/lowest raw data value for this particular dimeniihese ot insights for this assignment were categorized as characterizing the

insights also included the highest or lowest top two or three persgfsrinytion, it fits that most insights refedrdo the entire dataset

based on a single dimensiowe hypothesize this task is highly  hen describing people. The static MDS and PCA plots lend

prevalent sincd is a primitive task withiranalytic activity. themselves to discussing the entire layout of the points. It also
For the statistical environment assignment, the derived Va'%ﬁows that insights would describe clusters of poibtthe many

are static histograms of each dimension and a static dimensionaégydinamy category.

reduction visualizationThe most prevalent task within this context  Andromeda insightsomprised of 29% manto-many, 19% 1

was OcharacterizdistributionO28% of the 121 insights contained a 5 a1 and 17% all. This follows the same trend we séw with task

characterize distribution taskeen inFig. . Students would describe diver’sity' OLI supported more comparisons among clustertes

unique histogram distributions of single dimensioRer the satic dents,interacted with thoskisters.

MDS and PCA plots, students would describe the general location ol#

the data points based on proximity and visible grotips.example, 52  Techniques

many students stated that the data points formaember of groups. Students used a variety of techniques generate insightsA

Table 1. Overall Trends technique is approach a student used to learn about the data set
whether it was an interaction or ndthe most basic technique that
Statistical was used across the assignments was to simply describe the output of
Manual Environment | Andromeda the specified tool for the afgnment.This involved describing the
‘ 1D to 2D 1D to 5D 1D to 10D similarity matrix in the manual assignment, the histograms and
Insights 1.66 avg. 1.22 avg. 3.11avg. dimensionality reduction plots in the statistical environment
cardinality cardinality cardinality assignment, and the MDS plot and weight distribution in the OLI
Des_?nbe Describe | Z’Iampu,late assignmentln addition to his, each assignment provided for more
simifarity static spatia ata points interesting and specialized techniquEsr example in Andromeda,
matrix layout and weights g - - - .
. : : - this included manipulating the data points and weight bars.
Techniques Categorized Categorized Categorized - N . "
. . : . : . We took note of two techniques (Obefore/after interactionO and
dimensions dimensions dimensions A ’ ~ .
Spatialization Ooutside knowledgesdidents used for analysi/e discuss these
interactions two particular techniques becausany student responses contained
Similarity Similarity Test multiple instances using these technique& Obefore/after
Cognitive comparisons comparisons hypotheses mteractlonO_ specifically refers to the te_:chnlque thgt compares t.WO
Processes Coerce sets of derived ata. In the manual assignment, this would entall
outliers comparing two similarity value matrices; one containing all

They explained that the data points witliach group are similar, dimensions and another containing a subset of dimensions. One
however, they would not provide evidence as to how the data poistisdent removed one dimension to determine its significance to the
are similar. similarity among he class. In Andromeda, this technique would
define the comparison of two spatial layouts hwinteractions
By adding the interaction to what would be a statibetween the twod4% of Andromeda insights were developed using
visualization,students perform a higher variety of tasks to produdbe before/after technique as opposed to 3% of manual insights and
insights.Because of the reduced cost of adjusting the visualizatidi®2% of statistichenvironment insights. Only one student utilized a



before/after interaction for the manual assignment. Twahoge for the outliers to be similar to another set of data poiRts.

insights explained what happened to the similarity values when ameample, a student moved four outly data points closer to a

dimension was removed from the dataskt. the Andromeda cluster and discovered these four students were similar to the main

assignments, th before/after technique oftetook advantage of cluster based on PC versus Mac, food spiciness and number of

compoundtasks. Students would compare the distribution of datpublications.This process is difficult to replicateith the manual or

points for two spatializations with the second being calculated basgatistical environment té& Students also performed theverse

on an interactionThey might also include information about clusterinteraction(equivalent to increasing weights in the weight vector)

betveen the two spatializations. see which groups of students were most similar along a subset of
Students often supported their insights with outside knowleddemensions.Two studentsncreased the weights @fl dimensions

not included in the datase&8% of manual insight$% of statistical having to do wih technology iumber of apps, number of phone

environment insights, an®% of Andromeda insights included minutes, PC versus Mac, numbersaofcial networlfriends, and love

outside knowledgeSuch knowledgemight explain the difference of computer science) to discover trendihin the classAs stated

between two clusters being international students and Americmove, tudents did perform this reverse interaction during the

studentswhen nationality of each student was not included in theatistich environment assignment as weiut it was more prevalent

datasetOne studentlescribed a large split between two clusters tm the Andromeda assignment

be based on nestudent vengs student roles in the dataséhother

student based the similarity of two students on them participatinggn D|scussion

the same research group in acaderBia.bringng in this outside gliough the comparison of insights from the OLI assignment with

knowledge, the students were connecting their analysis to the r-% . ; . .
world. those from the other two assignments, we find that the interactions

Often students grouped dimensions based on an overarchijifjerded by Andromeda allow fanigher cognitive dimensionality
description This occured across all assignments, predominantly andinsights of higher quality.
in the OLI assignment For example, most studentgrouped 6.1 Limitati
dimensions such as agghoe sizemiles from home and number of ™ imitations
siblings because they considet them unchangeable attributes, Even though oustudy has limitations compared to a formal
whereas they grouped dimensions such masferred outdoor controlled experiment, ourobservationalstudy in the classroom
temperature, love of computer science, and PC versus Mac sititlicates thahigh cognitive dimensionality can be improved with a
these dimensions are opinion basetith these types of dimension combination of teaching and appropriate tools. The classroom
categoizations, student would claim overarching insights about th@nvironment was morappropriate than a formal experiment for this
dataset. For example, multiple students combined all dimensigiddy-
having to do with travel (number of US states visited, number of The assignments were designed to exppmential changes in
countries visited, and number of places lived) and concluded tié{#dent work providedincreasingly comlex tools for visual
most stidents in the class were well travelled. analytics. hey did not specifically ask for more complex
Most of the techniques used throughout the three assignme#ftgclusions comparedo tprevious assignments particularly with
were possible in each though with different interactional eagggard to higher dimensionalitplthough the order of assignments
Andromeda, since it is an interactive visual analytics applicatiomay have confounded out results in tsatdents felt compelled to
supports Obefore/afteteraction® techniques. Manual and statisticdénerate new, more complex insigitssequenceor built insights
environment approaches require more gséren computation and Upon knowledgegained in previous assignmenissights gained
statistical knowledgeStudents tended to use techniques thatched through objectevel interactions would have been difficult to gain

the particular tool. using the other two approacheBor example,Andromeda can
calculate weights based on user interactions of data points. The
5.3 Cognitive Processes equivalent procgs using manual or statistical environment

approaches would require significant trial and erRegardlessour
results show that cognitive dimensionality is improved as the
h complexity of the toolincreasesWhether the OLI tool without the
Jreceding asgnments would have had an equal effect on cognitive
dimensionality isreserved forfuture work.Although arandomized
assignment ordecould have alleviated theseoncers, it was not
edagogically practical.

For the manual assignmerstudents were told to list useful
insights about the clasmd were giverthe example questiop®who
is like youO Because of thisast studentstarted the analysis wit
an egocentri@pproachThis tended to be the focus of most insight
Even though studentsere given this lead insomedid break the
egocentric approach to analyze other student relationsBegzeral
students braned out to discuss who was most similar or dissimilaP
from everyone or from some third persdtowever, insights still 6.2 Benefits of OLI
solely focused on the similarity and dissimilarity of data points.” ) ) - ) ) ]

Insights in the manual assignment rarely identified clusters £f we observed in class, higlognitive dimensionality was not
students with similarities and usually did not compound omaturalfor studentswithout tool supprt. However, with better tools
themselves towards deeper insight. students can think more higtimensionally.Studentssuccessively

In the statistical environmemissignmentstudents continued to gained higher cognitive dimensionaligs they progressetfom
ask basic comparison guestionand describe the histograms andnanual computation tostatic visual encodings from statistical
dimensionally reduced plots they madé¢owever,a few students €nvironments to interaciy OLl spatlallz_atlons.\/\/_e_lnf_er studentsO
began tdncrease the weights of a subset of dimensions in the weig@gnitive dimensionality based ¢imequality oftheir insights.
vector for the PCA and MDS plots. With the manual approach, students tended to discuss the

New Cognitive processes made possib|e by Andromedaaparkelationships betWee.n [ indivi-duals. In most cases, students
novel types of insights. These processes provokek exploratory adopted anegocentric perspectivewhere they focused on the
analyss that focused on testing hypothesather tharon simplistic  Similarities and differences between themselves and a single other
visualization SummarizationMany studentswould cluster da individual. Students seldom identified clusters of individuals that
points of studerstthey thoughto besimilar for validation Students shared similar charaatistics.Most students were concerneith the
did not follow one line of inquiry, bytursued alternative viewpoints €xtremes in a single dimension such as oldest or most similar with
which helped to thwart the tunnelling of their thought procességspect to one dimensiowhen using OLI, students focused less on
Coercingoutliers into main clusters was a gué cognitive process themselves and more on clusters of data poititstudents did
for Andromeda. During their analysis, most students would forégferencethemselves, it tended to be within a cluster of pedpld.
outliers into a bigger cluster to see atfdimension weights it took insights tended to focus on the way weights changed after an



interaction. OLIOs weight chart affordddntification oftheweights student. All of these characteristics (comjitgx depth,
contributing to the given layout. Students identified multiple unexpectednessand relevance) suggest that Andromeda insights
dimensions in support of their insights. were of higher quality

In the statistical environment assignment, studgntgressed
from reporting extremes to describing overall trends for specific4  Implications for Education in Data Analytics

dimensions, however stibcusng on one dimensiarOLI tended to  Assignments such as the three we implemestgport education in
characterize the ein¢ distribution in reference to many dimensionsgata analysis. Teaching data analytics needfiappen earlier in
While describing static MDS plots generated by statisticalducation.Through the observation of the undergraduate class and
environments, students identified members of clusters withaue implementation of the first manual assignment in the graduate
offering suggestions as to why the data points might be clusteredejass, we found that both undergraduates and graduates have the
contrast, insigts from the OLI assignment tended wffer same low dimensional cognitioGiven OLU tools, we found that
explanations for which dimensions caused a given clustering graduate students improved their dimensional cognition. Would the
Andromeda insights show a better understanding of the dadame tend occur with undergraduates?
Andromeda insights about clusters have a deeper understanding |n the graduate course, the assignments were implemented
about why those clusterformed. For example, students wouldhalfway through the semestdiheory about data analytics proved to
inspect the weight distribution to make conclusions about whiglpt be enough since the studeperticipated in lectures concimg
dimensions were important for this clustering. Several times studepigh-dimensional analyticeefore @rforming the manual assignment
moved two to three points on top of each other and the resultiagd they stildisplayed low cognitive dimensionality.
visualization placethe points farther apart. Students deduced thatin  OL| is a good match for educatirsgudentsabout data analytics
the ways the selected points are similar, the data points are actuglhigh-dimensional datawhen added with a dataset they could

more similar to completely different points. Students had internalizggnnect with, it proved tbe beneficial for supporting and increasing
that by moving a subset of points, Andromeda is actually amgng cognitive dimensionality.

all the data points based on the similarity of the subset even if the
subset is not similar. In one case, a student discovered two d&&  Future Work
points that were only similar in one dimension. The student claimed

this insightl_base_dh on ﬂ:f.’ Lesulting s_pati;ltmtbhgt\:ving falld_data would high cognitive dimensinality be retaine® If students were
points in a line with one high contributing dimensidhese findings  5qy a4 1o perform an analysis of data given manual tools after already

suggest that students® mental models of the dimensionality redutf 8H1ing about and performingnalyses with OLI toolswould the
technique and the semantic interaction associated with OLI are fajy %ensionality concepts be transferred8 we discussed in the

accurate. introduction, a trained statisticiarperformed high cognitive

. . dimensionality when manually creating a dimensionally reduced plot
6'_3 Quality of Insigh  ts ) ) of high-dimensional dataFurther work is necessary to determine
With each level of tool, the students successively can find more highat, if any, techniques supported thibility. Is high cognitive
dimensional insights These high dimensional insights were Ofjimensionality improved by extensive trainiegher in theories of
increasingly better quality in terms of complexity, depthstatistics or analysis@r is familiarity with dimensionality reduction
unexpectedness dn relevance. In particular, imgits gained algorithmsenough to allowa personto performa quick analysis of
complexity in terms of increased dimensionality that maintaingfimensions based onish fundamental understanding of how
levels of cardinality. Depth of insight is measured by the diversity gfgorithms work Future research should delve into whether
tasks that were undertaken to build the ins[g#Hi. cognitive dimensionality an be improved by familiarity with

By complexity, we mean the amount of data synthesized in gfleractive visualizationthat implement dimensionality reductions.
insight. We use te number of observations reported in an insight

(cardinality) an_d th_e nur_nber of variab!es (dimensionality) as 2 ~oncLusion

measure for thisinsights in the OLI assignmenénded to be of

higher dimensionality and cardinality thahose fromthe other This paperintroducel the concept ofcognitive dimensionality
assignments adtiy to their complexityEven though the task countsrelative to data dimestonality. We conjectured that when students
(Fig. ) follow the same trend across assignments, AndromeHunk high dimensionally they have more complex insights from data
insights were of better quality because of the tyfdeasks included. than when they do ndhink high dimensionallyTo support thiswe
These insights made use of tasks such as cluster, find anomalies Pa@gented a classroom study using a series of assignments to assess
correlate more often creating more interesting insiglitsst insights ~ current studentstagnitive dimensionalityThe contributions of our
from the manual assignmenmtere of the form Opersofis most study are as follows:

similar to persorYO which involvesultiple tasks (compute derived ¥ Students by default demonstrated low cognitive dimensionality
value and find extremum), however, these insightsuld score in the baseline assignment.

poorly on most measures of insight complexdgcause of the lack ¥ when provided better tools, studentd learn tothink with
of understanding about what makes these people sirrlaslving higherdimensionaliy.

more tasks within one insiglatdds depthbut it is dependent on the . . . L
types of tasksAndromedagsupporteg finding unegpected insights. ¥ St.udentsfound more complex and high dimensional insights
For example, one student clustered a few data points that were under With these tools

the average for miles from home. The resulting visualization not only¥ The Andromeda toolthat suppos objectlevel interaction
portrayed ahigh weight for miles from home, but also had a high  (OLI) helpedstudens find novelhigh-dimensionalinsights.
weight for number of camping trips. The student stated this was a These contributions willead future studiesn furthering the
surprising find. Furthermore,some students explained the resultsresearchinto humancognitive dimensionalityand into educationin
they expected from an interactiom Andromedasuch ascoercing data analytics. An interesting open question concetodentsO
outliers into closer proximity to a main clust&@hese example were retention ofhigh cognitive dimensionalit and whether they can-re
indicative of insights gained by most studerg. considering how apply the learned skills when interactive tools are not present.
actual results differed from expected results, students were able to

generate unexpected insighMany insights from the Andromeda AckNOWLEDGMENTS

assignmenincluded outside knowledge suggesting that the student
was connecting her analysis to the real world. This connecti
provided for more relevant insights that were more meaningful to the

The open question remains, after working with better tools,

moved for blind review.
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