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Typicdly, disaussionsof datavisudization extd the wonderful powe's of the human eye.
Appaently instantaneous percgption of structuresin visua displays of datais contrasted to the
unintelighbility of masses of numbersin tradtiona computer outputs. Period. Little is said about
what the powes of that eye migt actudly be, or—more importantly—about the limits on those
powes. If thefull potentid of our investments in visudization is to be redized, we need to
understand much more both about the peraeptua characterigics of the human visud system and
about theinteyation of the perception of data displays into complex scientific thought processes.
This pape outlines some of the research issues and questions that must be addressed to gain that
improved undestanding.

To apsydologd, such as mysdf, who has studed human sendtivity to various kinds of
visud structure (Chipman, 1977, Chipman & Mendeson, 1979), it is striking that theillustrations
of visud powe admaost dway's show strong symmetry or gpproximate symmetry. Condder the
cove illustration of the NSF repat on the Visudization in Scientific Computing (M cCormick,
DeFanti, & Brown, 1987). Human vision is extremely sendtive to symnetry. There is a large
psydologd literature demonstrating the impact of symmetry on dmost any visua task—from
detection to search to visud memary. It is highly probeble that thehuman visud sy stem has spedd
computational mechanismsfor theperogption of symmetry. In contrast, there are many othe kinds
of structure that might be congdered equivdent from an abstract, information-theoretic point of
view that arequite ineffectiveperceptualy .

In my ownresearch | explored human sengtivity to structure in simple patterns of black and
white squares, either 6x6 matrices or comhinations of two of thesein various spatid relaionships.



Figure 1 illustrates 10 different kinds of structure that werestuded in oneof these expaiments
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People were asked to judge the complexity of these patterns, using a method caled magnitude
estimation (Sevens, 1957, 1960). Theinstructions for these judgments dlow the assignment of any
number to thecomplexity of thefirg pattern seen and request that the next judgment represent the
complexity ratio of thenext pattern: if thenext pattern is twice as complex, gveit a number twice
as large, and so on. Judgments are averaged using the geometric mean.  The resuts of this
expaiment areshown in Figure 2.
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For random patterns with no peragptiblestructure, thenumber of corners (tums) on the black figure

or theamount of perimeter relaiveto the areg deteminestheperceived complexity of the pattern.
Theplot of the 6x6 “bass’ patterns in Figure 2 illustrates this effect: these base patterns were




chosen on thebasis of previous expaimentsto haveminima percaived intend structure. Theplot
labded “none” shows the resuts for the comhination of two such unrdated patterns to make a
pattern of double size and gpproximatdy double perceived complexity. The position of the other
plots in between these two extremes measures therddive perogptud effectiveness of these othe
kinds of structure.

Notice that symmetry around the vertica axisis higny effective in reducing percaived complexity,
clo#ly reflectingtheamount of objective information reduction (to onehaf plus the spedfication of
symmetry) in thepattern, but even symmetry about othe axesis less effective percgptudly. The
structurd relaionships labded oppasition symmetries are much less effective. They were studed
fortworeasons. Visud peragptionis known to rely heavily upon oppanent progesses for contrast
enhancement, feature detection, and color peragption. Therefore, it was plausible that our nervous
sy stem would be equipped to percaive the oppasition symmetries. Also, dl of these types of
structure canbefound in art, particularly American Indian art (Appleton, 1971). Thisis akind of
evidence for therr perceptud effectiveness. An extreme case of oppasition symmetry, incidentaly,
is the familiar chederboard pattern which nests oppaosition symmetry a successive levds of
orgenization.

Asit turns out, thefrequency withwhich these kinds of structure arefound in art seems to rouchly
agoproximate ther perceptua effectiveness. Obviously, forms of structure which are nearly
equivaent informationaly differ gregtly in ther perceptua effectiveness.

Theevident lesson of suchresearch is that people will percaive structure in visud displays
of dataif andonly if thetypeof structure in the datadisplay happens to be wel-digned with the
anaytic mechanisms of human vision. Thus visudization is coming to be undeastood as, “...
transformations that convert datainto aformet amenable to understanding by the human peraeptud
sy stem, while maintainingdatainteyity,” (Haber, 1989).

SomeLimits on Human Perogption

What arethe” formats amenable to understanding by the human percegptua sy stem”? What
are some of the key known or likdy limits on the poweas of human vision that impact data
visudization? As genad background, it isimportant to know that primete visual sy stems seemto
be orgmized into a number of rather sepaae padle prooessing modues or streams: spatid
information, object or pattern recognition, color peragption, motion peragption. Theinteaction and
ultimate integration of infarmation from these sepaate streams is not yet well understood, but the
possble sepaateness and the problem of integration has many possble implications for data
visudization. Some of these will be commented upon in the disaussions of the perogptud topics
belowv. Human visud perogptionis characterized by:

Dimensionality: Ordinarily, we peraave three dimensional space, dthough conventiond data
displays aretwodimensiond. Often, atwo dimensiona display will be percaived as a projection of
somethree dimensiond entity, whether or not that is intended. On the othe hand, it is known that
when a three-dimensiona graph is represented as a two-dimensional projection, little quartitative
informationis convey ed for thethird dimension (Shah & Carpenter, 1992).



Newe virtud redity displays attanpt to provide a third dimension with binocular disparity in the
images presented to the two eyes and by representing the change in view (motion pardlax) that
occurs as aresut of motion in the environment. For datadisplays, it is important to undestand
that a signficant proportion of the popuation does not actually see depth as a resut of binocular
disparity. For dl of us, binocular disparity is effective only to adistance of about 20 feet. Workers
in datavisudization arewdl aware of thelimited dimensiondity of humen spatia vision because
they areoften strugdingto represent and explore data sets of very high dimensiondity. Motion or
change in timeis somdimes used to represent afourth dimension, but thistakes us over into another
perceptua proaessingsy stem; it is unclear whether it can provide another dimension on a par with
the firg three. In fact, motion information is typicaly processed in orde to arive a an
undestanding of thethres dimensiond structure of theenvironment (motion pardlax).

Sructural sengtivities and insensitivities. This was disaussed aboveiit is very critica singe data
visudization is essantialy about thedetection and comprehension of structure. There are not many
psydologa research investigations of this issue, beyond the many demonstrations of the
importanceof symmetry.

Rates of movement and change. Thereis a certain range of vaues to which we are sendtive. Sow
motion and timelgpsephotography, for exanple, fundion to bring phenomena into our perogptud
range. Visudization systems may have very high computationa demands in orde to bring change
into our perogptud range or in order to effectively represent a variable with motion and change. As
mentioned above, motion peragption is a speddized component of thevisud system with a long
evolutionary history. It may have many quirks or speda features that reflect the fundiona
significance of motion perception during that evolutionary history; that is, it may not aways work
in theway we expect from a rationd, engneering pergoective  As mentioned above, it may not
integrate well with space percgptionto provide asmoathly integrated fourth dimension.

Variables affecting thekingdic depth effect. Thisis aspead caseof thephenomena disaussed above,
theperazption of depth as aresut of motion. If possble, the human visual sy stem makes sense of
motion in a2-dimensiond display by intapretingit as astable array movingin depth. Aneadotaly,
the perogption of motion and kindic depth seem to be strongy endorsed as the most poweful
visudization tool. Martha Gdler's disovery (Gedler & Huchra, 1991) of the non-uniform
distribution of gdaxies in the universe, therr clusering in approximate surfaces, is an excdlent
illustration of this This exanple shows that this percgptud mechanism is quite poweaful and
genad, not limited to simple or familiar forms.

Preferred sizes of dements in the display. The human visud system has a well-known spatia
frequency sengtivity curve.

Furthermore there is somereason to believe that the computationd analysis of visud information
may proceed in sepaate spatia freguency chamels.

Spatid extent of theanalysis. It is likdy that the analysis of even symmetry reldions has some
capaity limitations ether in spatia extent or in number of eements, or both. Quite possbly, the
reason for the ineffectiveness of the opposition symmetries, despite opponent proaessing in the
visud system, is tha the spatia extent of opponent processing is very limited. Opponent
symetries are percaived, but appaently by atimeconsuming and effortful serid process. More




gengdly, highresdutionfoved vision is restricted to afew degrees of visud ande. Although we are
not conscious of it, our perasption of the world around us or of any large visual display is
condructed from the products of many visud fixaions, about 4 per second. Consequently, it is
important to undestand thefollowing topic.

Role of eye movements in condructing perception. Sucaessive ey e movaments may be driven by
features that “ automaticdly” capture attention, in the absence of othe deteminants of atention.

Obviously, our visud systems must be adapted to do a good job of condructing a wholistic
representation of the surrounding environment, and we have a ged ded of expeience doing that
before we are ever expaosed to visudized data However, the mechanisms of this progess are not
undastood. Whatever they are, they arelikdy to haveimportant implications for the visudization
of data For example, it sees likdy that theinfarmation that patdhes togeher theislands of high
resdution vision may have quartitative limitations. We can probably prooess structurd
relaionships within these islands of high resdution vision that are not accessible across a wide
visud field. Obviously, the effective use of our eye moveaments to process structure in a visud
delay is something that migt requre a grest ded of leaming Some kind of intend memory
organization is also required to support a visud anaysis that invaves many fixaions. Either of
these factors may explain why thedevdopmenta course of structure perception wasfound to be so
protracted.

Colar in pattern vision. Intheearly stages of visud processing, the processing of color and pattern
or form information proceed sepaatdy. Color vision may be structure blind. It has been shown
that color differences without brightness differences are very ineffective in producing form
perception (Livingston & Hubd, 1987). Thus structure in visualized data that depends on color
coding may not be wdl-percaved. Yet extensive use of colars in the atempt to provide extra
dimensionsfor therepresentation of datavariables is common in datavisudization. Of course, color
asohasprobems as a dimensiona representation because the peraaived relaions among colors do
not provide an andlogue to aspatia dimension; instead they formthewell-known color cirde.

Object-likeicons andtextures. These aredsousedin our efforts to represent additiona dimensions
of data At thefird IEEE Visudization conference, a very inteesting pape (Enns, 1990) clamed
that someicons may engege spedd quidk and dirty visua mechanisms designed to spot objects.
These icons “ pop-out” of thedisplay, making themselves congpicuous Othe's do not. Even for
theicons that do pop out, it is an open empiricd quesion whether we can easily percaive the
structurein thevisud arrays they form How does the percegption of such an array compare with
theperceptionof an array basal on brightness contrast? Texture peragption is intimately invdved
withthenotion of spatid frequency chamnels.

Othe possbleintgactions. It might be, for exanple, that dement size and the nature of theforns
interact with other variables in our ability to percaive thekindic depth effect. In gened, whenever
one crosses the boundary between one of the low-level visud processing modues and another,
wherever oneis caling for theintegration of information acrass these sy stems, there arelikdy to be
important inteactions requiring research investigation.

All of these iters lay out rather obvious and large sets of research quegtions that require
investigetion. The exiging psydologd literature shoud be systematicdly reviewed from the



persgoective of the needs of datavisudization. That jobis beyond the scope of this paper, but |
havecaled out thetechnica terms that areusedto labd relevant work in the psy dhologd literature.
When that review is done the resuts will reved that many quegtions of impartance to data
visudization have not been studied by psydologds. In particular, onewill find that most of the
research hasemploy ed very simple and reduced display s of information. The contrast between the
patterns used in my own research and the illustrations of data visudization will prove typical.
There are two reasons for that fact. One is the desire to stat simple and maintain strict
expaimentd control. But many quesions which have inteested psydologss have not been
studied because of the past technica difficulties of doing the studes. Psydologdss have not had,
and genagdly still do not have ready access to the kinds of computational resources and display
systems that permit efficient investigation of these issues. The typica size of psydologd
research budgets doesnot permit purchasing Silicon Graphics terminds, let alone supercomputers.
Given thevery subgantia investments now being made in visudization facilities at supacomputer
centers, psydiologds shoud be incorporated in the research teams working with these facilities.
Othawise, it is unlikely that thefull potentid vaue of those investmentswill be redlized.

Undestanding thelimitations of human vision is critica if oneis goingto transform datainto
a form amenable to undestanding by the human peragptua system. But there may be a more
radical dtenativeor supplement to that basic visudization god.

Emulating and Genadizing Perception

Moden thearies of visud perogption are expressed in computational form  The
computations that account for perceptua performance can become a basis for emulation of
peragption in an atificid system. For exarple, the expaiments on the percegption of structure
desaibed above were not limited to the clearcut cases graphed in Figue 2. Otha expaiments
probed sengtivity to approximate and partial symmetries, and computer progams were devdoped
to anady zethepatterns, detecting and measuring these partiad symmetries. Such progams could be
used to locae the symmetries and othe structuresin a datadisplay, to make masses of numbers
intdligble in thesameway that human vision does

Furthermore the mathematicd or computational expression of percgptua structures may
yield obvious genegaizations of them For exarple, a change of sign in the comparison progess
yields oppaosition symmetry rather than ordinary symmetry. In this way, we can build artificia
systems that are sendtive to kinds of structure that the human eye sees dimly, if a dl. Having
found them computationdly, we may be ableto convert themto a formto which human vision is
sendtive so that we can gppreciatethem

There areotha waysin which such a computationa synthetic eye could help us overcome
thelimits of both human percegption and computationd powe. The computationd equivdents of
perception can be carried out in N dimensions, a arbitrary rates. They need not be donefast enough
satisfy a human user. Mathematicians and statisticians interested in the examination of high
dimensiond datasets havespoken about leaming how to exploresucha dataset by bringng parts of
it into 2 or 3 dimensional view, by leamingto do somesort of grand tour (Banchoff, 1986). It seems
possblethat a user of datavisudization could have a computer do a thorough exploration, findng
thestructure that theuser would percaive as interesting and display ingit efficiently.



Beyond Perceptionto Scientific Cognition

Sientific data visudization invdves more than peragption. It is pat of a prooess of
scientific problem solving or scientific discovery. One seeks structure in the data that will prove
theareticaly meaningful. Onemay seestructure that implies known mathematicd relaionships, for
exarple.  Undastanding how the visudization of scientific data can be productive requres
undeastanding its role within the larger thought processes of scientists. Workers in data
visudization are dready seeing the need to provide users with guiddines congerning the most
effective ways to display and explore therr data (Rosenblum, 1989). For the simpler case of
conventiond statistical graphics, a stat in this direction has been made (Chambers, Cleveland,
Klener & Tukey, 1983).

In the past few years, cognitive sciantists have devdoped a strong inteest in the role of
imagery and diagams in thirking, scientific problem solving and scientific dismovery. Visudization
of datais a sophisticated extension of these more traditiond visud tools for thirking A key
contribution to this area of reserch is a pape by Larkin & Smon (1987), “Why a diagam is
(sometimes) worth tenthousand words.” Examining afew cases, they did a computationd anaysis
of thevaue of diagams in probdem solving. They conduded that computationd efficiency depends
on boththeorgaization of datastructuresand theprocesses operating on them  They suggest that
thehuman visua sy stem provides perceptua operators that gengate infaences a almost no cost.
There areperasptual productionsthat use visud pattern recognition to link into relevant knowledge
in memory. Seeing structure that implies aknown mathematicd relaionship in thedatawould be an
exanple of that phenomenon.

The predse nature of our avalable peraeptud operators remans to be discovered.
Presumably they are closdly relaed to or even iderticd with the kinds of structure which we
percaivein displays, as disaussed a the outset of this pgpe. One conjecture about this repatoire
of structurd kinds is that it is the set of structurd relaionships genaated by the motion in the
world that we arecapable of (Chipman, 1977; Pamer, 1983) Quite possbly, if a motion we could
maketransforms one display into another, or one part of a display into another regon, we will be
ableto peraave thestructura relaionships between thetwo.

Someof theperagptua mechanismsthat support peraeptud operators are undoubtedly built
into the gendicaly determined organization of thevisual system (cf Galant, Bran & Van Essen,
1993). However, there is a complex interplay between basic percgptua mechanisms and leaming
fromexpaience. Although theperceptud effectiveness of symmetry, especidly sy mmetry about a
vertical axis sears to be present very early in life (Fisher, Ferdnandsen & Bornstein, 1981),
sengdtivity to the kinds of visud strudure disaussed in the begnning of this pape shows a
surprisingy extended devdopmenta course (Chipman & Mendeson, 1979). When it comes to
“sedng’ mathematicd relaionships in a visud display of datg there is no doubt about therole of
leaming and expeience. In disaussingvisudization, thestatistica graphics community places a gredt
ded of emphasis on the notion of leaming to see via expaience with the visud presentation of
known mathematicd structure (Banchoff, 1986). But thisis not yet a skill for whidh a sy stematic
traning regme has been devdoped. Smilarly, leaming to see the graphic representaion of
mathematicd fundions and redionships was the fird educaiona application of computers to



gengae gred excitement in themathematics education comnunity . Despite educators' interest, | do
not believe there has been research on the most effective way to devdop this knowledge of the
mathematicd significance of graphica display s of data

Although our knowledge of perception gves us some hints about where to look for
perceptua operators and the pattern recognition end of peragptual productions, research on this
kind of scientificthirkingis a the most preliminary stage. What are some of the methods that we
could useto gveit aserious start?

Cognitive science has often relied upon the naturdistic study of expatise, and that seens
appropriatehere 1n acontext where visudization techniques arein use, onecan begn to study how
they areused effectively. The perogptud features that are noticed and used can be recorded, idedly
by obsaving the person a work, collecting“think doud” protocols. As a still more priminary
gpproach, or an dternativeif thecritica episodes of insight aretoo rare one can collect reports of
past episodes from experienced users of visudization. One can examine the exanples of successful
use of visudization that have been published. Analysis of these episodes shoud seek to idertify
perceptua features or structures that were criticad to the episode and to detemine how those
features werelinked to either genad mathematicd relaionships or spedfic knowledge of the subject
matter of thedata Oneof the aneadotes in the NS- repart, for exanple, invdved disovering a
display progam bug by noticing a conspicuous reflection (McCormick et.d. 1987, p.5) An
important category of exanples to study would bethosein whidh, as in this example, visudization
has been used to stea, modify, or correct an on-going computation.

A catdog of the perogptud features or structures that seem to capture attention and trigger
insightful discoveries about the data would have vaue in two ways This would genaae the
information that we would need in orde to produce a synthetic eye to do search and discwovery
work for us. For that purpose, we need a formdal spedfication of the features that we find
peroeptudly intaesting Thesameinformationwould tell us how to train new users of visualization
facilities.

Another category of phenomenathat we would wish to garner from our obsavations is the
intaplay of peragption and knowledge in theepisodes of insight or diswovery fromdatadisplays.

Let megveasimple example of thisintaplay from my own research on the percegption of
structurein patterns. Thebasepatterns shown in Figure 1 represent a restricted range of reldively
high complexity, but othe expeiments used a wide range so that it is intaesting to look at
complexity as afundion of thenumber of turns, and that fundion is not linear. Usudly, judgnent
data of this type are wdl fit by some powea fundion. On the othea hand, another method of
judgment was used to study children’s percgption.  When the data from the expaiment with
children wereplotted across thefull range of numbers of turns, thedatafor random patterns and the
datafor symmetrica patterns formed two pardld lines. SeeFigure 3, which shows datafrom the
adult group in thedevdopmental study .
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Twopadld linesis an exanple of the sort of peroeptud festure that we are well-equipped
to detect. | “saw” immediately that thismeart they wererdaed by atranslation fundion, that the
structure of thesy mmetrica pattern could be regarded as equivaent to reducing the number of turns
by some congant fragion. This is an exarple of gengad mathematicd knowledge of the
mathematicd meaning of graphic representations. My research collaborator, who was less
mathematicdly inclined, not only did not seethis he was quite startled by my clam. Furthermore
knowing that the two methods of judgment are usudly reladed by a log fundion adlowed me to
extend thisrelaionship to theothe data Thisis an example of theroleof spedfic knowledge of the
scientificsubject matter. (Theeffectsof the different kinds of structure can be expressed condasedy
by aset of reduction factors that apply to the undelying physcd “tums’ variable and account for
bothtypes of judgnent data) Thus thisminor discovery had its orign in the visudization of datag
but it depended heavily upon knowledge. The graph was of no use without the associated
knowledge.

Afte theprdiminary obsavationd or retrospectiverepart gpproach, it is possble to move
on to more formal expaimentd research to test and confirm the hy patheses one is devdoping.
Cogntive scientists have often chosen to compare and contrast the performance of novices and
expets. Instudyingvisudization, we would want to detemine how what is “ sean” in the display
depends uponthe expaienceand formd training of theindividual viewingit. By contrastingwhat is
seen by persons with varying degrees of knowledge of the scientific area of the data one can
sepaae the influence of genegd human perceptud capaities from the influence of spedd
knowledge. For exanple, the gpproximate symmetry of thedisplay is what strikes me about the
cove illustration of the NSF visudization repart, but the ception says that it shows, “the
fundamentd ‘kink’ modeof instability in a supesonic ges jet.” Even for the expet, it is probably
accurate to say that the kink becomes visible against the background of sy mmetrical organization
that enades us to process thedisplay as awhole.

Given somedisplay s that areknown to be interestingcases, we can investigate how relevant
knowledge affects theunits and structuresthat arepercaived to be salient in adisplay. This can be
doneby collectingreparts as people with varying backgrounds inspect the displays or by requiring
people to recdl what they can from the display. Psydiologa studes have shown enormous
individud differencesin what can be remembered from a cirauit diagam as a fundion of knowledge



of elearonics (Egan & Schwartz, 1979)

Another intaestingareafor investigation would be the intution that there are way s one can
leam to explore a complex multidimengonad dataset effectively. |s this trug? Certainly we can
obsave expaienced users of visudization facilities as they explore new data sets detemining
whether and how they control thedisplay in a god oriented way. Is there in fact evidence of a
sy stematic search straegy, of doing some sort of grand tour of thedate? If not, then we probably
redly do need automated aids to exploration that take a brute force approach to exploration for
which we oursglves would not have the patience. But skill can go beyond mere exploration of the
dataasit isfirg presented. Thelikdihood of gaining visud insights into datacan be increased if one
devdops skill in manipulating and transforming displays or datain such a way as to engage our
maximum perceptud strengths. For example, workers in statistical graphics (Chambers et. a, 1983
havenoted that we arevery good a percaiving straght lines and even minar deviations from them
If 1 had had only data from the fira method of judgment, I migt have dismvered the same
relaionship by subjectingthat datato a logtransformation and seeing pardle lines. If 1 had been
moreskilled in intepreting graphed datathan | was, | mightt have detected clues in the curves that |
had that a log transformation migt be worthwhile. (At that time | did not have access to a
computer, so theeffort of suchan exploration was non-trivid.) Determining the ciraumstances that
cue an expat to try such actions is part of the characterisic cognitive science agpproach: books
written by praditionas often tel you what can be done but they rardy tel you how to decide
when it might be worth doing. Often that information does not seem to be readly available for
concious repart.  Once deteamined, that information can guide a heuristic gpproach to data
exploration, whether implemented by ahuman or acomputer.

Formdlization of skill with conventiond statistica graphics is just begnning: The far richer
world of datavisudization must havemany suchtricks waiting to be discovered.

Condusion

A systematicprogam of research that addressed the psy cdhologcd issues | haveraised here
could yidld these bendits:
-- An undeastandng of the peraeptud factors affecting display designs and effective anaytic
straeges.
-- A basis for guiddlinesin carrying out analy ses, a need recognized by workers in datavisudization,
a counterpart to Chambers, Cleveland, Kleiner & Tukey’s Graphical Methods for Data Anaysis
(1983).
-- Approachesto training anew gengation of scientistsin theeffective useof visudization facilities.
-- A basis for devdoping automated ads to the exploration of complex data sets for potentialy
interestingphenomena.

Footnotes

Dr. Susan F. Chipman is Progam Manager for Cogntive Science, U.S Office of Navd Research,
Code 1142CS 800 N. Quincy Street, Arlington, VA, 22217-5660. Phone: 703-696-4318. Email:
chipman@nprdc.navy.milTheidess in thispape wereorignaly devdoped in an effart to initiate
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a smdl targeted research progam on the visudization of scientific data That effat was not
sucaessful, and there areno spedaly designated funds for research on visudization available a the
Office of Navd Research.
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