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Abstract

This thesis opens up a line of investigation in graphic methods
for the display of numerical management information., A specific class
of graphic representations, called Matrix Displays, is defined as the
direct mapping of data tables into two-dimensional graphic matrices.

Each data item is represented by variations in the sizes of dots or bars,
or in the.density of grey shadings,

A threc-step research methodology is chqsen to assess the feasi-
bility of Matrix Displays for managewment inférmation reporting: . (1) ¥ind-
ings in other fields relevant to the thesis_of feasibility are identificd,
'(2) a theory of the usefulness of Matrix Displays and a corresponding
model are then proposed, and finally (3) the practiéal utility of the
Matrix Diéplay model is assessed in a real-life managerial environment, ’

First, it is found that two different fields of research provide
strong evidence that Matrix Displays are technicaily feasible, Experi-
mental results on human visuél performance demonstrate that Matrix
Displays éan aid perceptual tasks such as discrimination and pattern
recognition, Multidimensional analytic research suégests that simple
statistical structures (such as clusterings and linear or circular or-

derings) show up as density gradients around the main diagonal of a



similarity matrix where similarity coefficients afe mapped into shades
of grey. Both lines of evidence lead to a theoretical contribution on
the prober'distance metric for defining spatial relationships in Matrix
Displays; Then, a general—purposé model of data analysis with Mafrix
Displays is designed into an interactive computer program called MATBORD
(for Matrix Display Boards). This program incorporates three levels of
matrix dafé analysis, namely, raw, profile, and similarity data displays.
Rules for reorganizing any Matrix Display by permutation and/or grouping
operations are sﬁggested. Furthermore, a variety of scaling, binning,
and enhancement procedures for improving the graphic transfer of infor-
mation to the user are provided,

Finally, the practical utility of Matrix Displays is asSessed
in a real-life managerial environment, In a case study of implementation,
MATBORD is used to prépare two quarterly'reports eﬁabling a manager at
the'Departmeht of Labor Regional Office in San Francisco to evaluate
the performance of twelve subordinate entities, Iater, the managerial
feasibility of Matrix Displays is investigated in a session where the
above‘managey and his staff are invited to interact direcFly with MAT- -
BORD in a laboratory environment, As a result, it is found that Matrix
‘Displays are both technically feasible ‘and management feasible, in the
sense that managers accept this mode of representation. However, the
direct use of a Matrix Display of similarity dafa by a manager seems to(A
require a fair amount of learning and practice, This suggests that the
systematié implementation of Matrix Displays in a management environment

may necessitate the intermediary function of an information analyst,
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PREFACE

It Seems worthwhile to provide some historical background on
how I came to choose this thesis topic,

My interest for graphic displays was initiated while I was a
student of Professor Bertin, head of the Labofatbire de Cartographie
at the Ecole des Hautes Etudes, Paris, Dr, ﬁertin gave me a 5asic back-~
groundvin graphic display theory and encouraged me to observe empirically

the role of graphic displays for management., Under his direction, I

ran a field study on the formatting of management reports in a large

- 0il ‘company in France,

Later, Drs. Churchman apd Crbssmanlhelped me to pursue this
iﬁterest by guiding me in a pilot study of the use of graphic displays
in managerial documents, A case s£udyvof an airline'maintenance infor-
mation system (United Airlines Cowpany) and of stockmarket annlysis
repérts (American Express Company; Davis, Skaggs & Cowpany) confirmed
the results obtained in France, The study led to the definite conclusion
that two basic classes of graphic representations had some usefulness
for management, namely, tiwme-series and Matrix Displays.

The choice to focus on Matrix bisplayS'Qas a difficult decision,
guided by a belief and by some circumstances,

The beliéf was that, because two-dimeﬁsional data tables have a
prevéiling role in numerical management.reportiﬁg,vtheir‘direét repre-

sentation'as Matrix Displays might become a general mode of representa-

“tion., .The circumstances were determined by my involvement in a conjoint



_research project of the Lawrence Berkeley Laboratory and the U.S.
Manpower Administration, where it éppeared that Matrix Displays would
be of more immediate utility than any other fdrm of graphic :eprese’nta—“ -

tions,
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INTRODUCT ION

This thesis presents.and'analyées ways of improving the- transfer
of -information between the management data-base and the manager through

Matrix Displays, a specific class of graphic representations,.

Background

The notion that grgphig representations can help the human user
intefpret statisﬁical data can bé traced_back to Playfair (1805) and,
more recently, Brinton t1914). Until recently, however, the rational
aspects of_graphic displays were qnderéstimated, because of an empﬁasié
oﬁ thevaesthétic side of graphics.and the overpowéring significance
éttributcd to numbers.‘ Over the iast quarter century, several converg-
ing attempts have been made to briné graphics to a raﬁional definition;
fhét-is, to defiine formal rules for the process of mapping statistfcu]
data into graphic variables,

(1) Researches of cognitive processes show that perception and

cognition arerdefinitely related, For instance, Shepard, Hovland, and
Jenkins (i961) used a graphic display to support tasks of categoriza-
tion by human subjects, More generaiiy,'experimental results place
graphic on a par with verbal 1anguage as a mode of répreéentation
(Atwood, 1971). Coﬁsequently, the’ idea that human cognition has a’
dimensional spatial character‘is explored‘ih relation to human problem
solving (Newell and Siwmon, 1972).

(2) Statistics is another field where the rational side of-

graphics has been recognized, For instance, Wilk and Gnanadesikan (1968)



" systematize tﬁe QSe oﬁ'probability p16ts in qfdér to diécoVerithé_
.bropertiés of'paramefer distributions; Aﬁdér;on (1960).proposed usingi
graphic va;iables.auch as the orientation and length of bars to convéy
the mdltid&ménsionality 6f é datalsét._ Chernoff.(1973j_sﬁggests uﬁing

 the various'fééﬁufes of é féce'(for example; positioﬁ-of nose, shape : o _ ;"

”of mouth, éﬁc.) to conveyvmultidimensional variations. ‘More génetally,
the notion of a "non-metric épproacﬁ to multidimenéionai scaling
(Shepard,_19éué} 1964b) has resulted in a trend of research which em-
phasizes graphié_considerations (Shepard, 1974), | | |

(3) Finally, geogréphy éxemplifies an‘applied field'whete,the' 
consideration 6f graphic proﬁlems——such as'mgpping a‘three—dimensioﬁai:
earth onto a twﬁ—diﬁensiOnal map-—has been a tréditiqﬁ at least-sincev-
Mercator, Recentiy, a_Frenéh cartogfapher, Jacques Eertin, has prdpqseéﬁﬂ

" a set of fational rules f;r the constrqcfion and maniﬁuiatioﬁ‘éf.grabhi¢ 
displaysv(1967,v1969, 1970). ‘Since I have'had an opportunity to meéi -
aﬁd study with»Profésspr Bertin, this thésisvowes mﬁéh of itstEEEQ

francese to Bertin's ideas, -

PSSR S,

Problem
In this thgsis, I.adopt.é'managemeﬁt:scienée ?iewpoingbénd' 
addfgss'fhe queétibn of aow graphic displays canlhelp'thé manéger
interpret aﬁ avaiiable data-base. | ' |
Although there ekist‘many ways and modes of g;aphiq fepresénta— x
;tioh, éndieach might have different implication§ for.ménagcmenty.ﬁe'
shall restrict our étteﬁtion‘tb thé'specific.case of Matrix'Disp1ays;
-Matrix Displays are displays'organized in aimatfix-liké fashion; with )

lines (rows) and .columns such as those found in management data tables,
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For instance, the comparison of the performance of n managerial entities
on a set of p management criteria can be.visually realized on a n X p

Matrix Display with n profiles of p vertical bars, Because Matrix

Displays directly map tabular data into graphical representations, it

has been proposed that they can be of general use in management infor-

mation situations where data tables are used extensively (Bertin, 1969;

Kitous, 1972), Moreover, the lack of management science research on

Matrix Displays suggests that the research payoff would be higher with

Matrix Displays than with other well-studied graphic formation such as
time—Series,
Consequently, I shall address the reseafch‘qﬁestion of how

Matrix Displays can help the manager inquire into his data-base,

gethod

3

fhe method that I shall use is exploratory féther than confirm-
atory, becauée the ficld4of graphic display rcsearch~—aﬁd particularly
Matrix Disp}ay research--is still largely undevelqped. | |

The research mcthﬁdology is called "feasibility assessment' by
analogy with feéhnological assessment studies which aim.at evaiuatiﬁg
?he impacf of new.technologies on a compléX'of.social.variaﬁlég (Weis-
becker, 1974), 1In the éontext of management séiéﬁce, tﬁis feasibilify
assessmént approach obeys three requiremenfs. |

(a) To identify findings in various fields which support the
thesis of the feasibility of Matrix Displays.

-~  An exploration of the research literature had led to the
recognition that two dramatically different fields of
scientific inquiry contain findings relevant.to Matrix
Displays. Thesc two fields are Experimental Psychology
(human visual performance) and Data Analysis (multi-
dimensional scaling), .



(b) To translate the findings so that their relevance can be
clearly seen and to structure the relevant 1nformat10n into -
a theory of Matrix Dlsplays :

- One essential aspect of my contribution is to show that
‘the observations and results genherated by two different . -
lines of inquiry converge to a suprising extent toward -
a theory of Matrix Displays. Accordingly, I formulate
some hypotheses on how those results can be integrated
into such a theory, and I propose a set of quantitative
measures and guidelines for the use of Matrix'Displays.

v

(¢) To .assess the £easxb111ty of Matrix Dlsplays in a managerlal
environment,

-~ The idea here is to obtain some cues as ‘to how a mana-
gerial audience would receive and use Matrix Displays
for daily decision-making., I propose to focus on the
specific situation of management information reporting,

- and I provide an .implementation study involving the

. participation of managers at the United States Depart-

ment of Labor,

The means which I have used to achieve this methodology are
several-fold, 1Intellectually, I have contrasted in a dialectical man- -
ner the human subject ("HUS") of experimental psychology and the multi-
dlmenQ1ona1 data analyst ("MDA“) of StatlSt]CS so as to reach a syn-
thutlcal viewpoint, Practically, I have‘deSLgned an interactive model
on the basis of the above theoreticél contribution, and I have-written

~the corfespondingrcomputcr'program to permit interactive Matrix Display
~usage, EBmpirically, I have assessed the utility of Matrix Dispiays by
-Way of an interactive session where managers1themsc1ves prepared a
management report including matrix displays and numerical tables,: This -
session was actually the result of a long preparatory process, and it
gave an opportunity to managgrs‘and’acédémic faculty to confront their

views on the utility of graphics,

Results

The major contribution of this thesis is to show'thatvInteractivc
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Matrix Displays are feasible aids to management information reporting:
(1) On the one hand, I demonstrate the technical feasibility

of Matrix Displays. A three-step process of data analysis
transforms a Raw data matrix into a Profile (normalized)
matrix, which is itself used for computing a matrix of
Slmllarlty coefficients, "The Similarity matrix has a funda-
mental role as a basis for sophlstlcated multidimensional
analysis,

(2) On the other hand, I assess the managerial feasibility
of Matrix Displays.. The main result here is that managers
-accept the Raw and Profile matrices as a support to manage-
ment information inquiries, However, the notion of Similar-
ity and its corresponding Matrix Display seem much wmore
difficult to understand and, therefore, to accept. Conse-
quently, a suggestion is made that an. “information analyst"
be the interface management person between the manager and
the 1nteract1ve process of data analysis w1th Matrix Dis-
plays.

‘Thg.plan-of the fhesis reflects this_two—fola épprpach; Chap-
térs'II,.iiI, and IV present a“technical éontribution to'é theory of
MatrixiDiébiays; chapter VI deals with the manager1a1 fea51b111ty of
Maffix DisplAys for lnformatlon reporting. Chaptcr v has the difficult
:ole_of translating‘the theory into a feasible model, appl;cable to the
managerial reality; Finally--or rather: to-start with--the first
chapter‘is_a-general introduction to the issucé we shall deal with in
this thesis, and pArticularly to the relation between Matrix;DiSplays

and management:,



CHAPTER T
FROM MANAGEMENT INFORMATION SYSTEMS TO MATRIX DISPIAYS

The aim of this chapter is to provide a description of the
general area, as well as the purpose and method of this research, ‘Iﬁ"
the sections below; I shall attempt to‘preseht sequentially:

(1) The general area' of our inquiry; that is, management infor-
mation systems from the viewpoint of the relations between
the individual manager and his data- base;

(2) The"réstriction of our. research to the "mode of presenta-
tion™ variable, and more. 5pec111ca11y the use of graphlc
displays by managers; ’

(3) The general traits of a methbdology for a synthetic assess-
ment of the utility of graphics for management (graphlc
dlsplays as models);

(4) The choice of a SpLlelC type of graph:c represcntatlon
called "Matrix Display" as being the essential vehicle o£
our assessmcnt study,

1.1 Management Ihformation.Systems_and the Manager
One ggnefal"problem of a managemeﬁﬁ»inférmationvsystém (MIS)_is»..
the problem of: interfacing managers and management data'so that informa-
tion be perceived, Therevare many different ways to realize this.inter;
face, from the building oﬁ categorical codes, such as in Accbuntiﬁg,'to

the use of qualitative verbal reports, where intuition plays a lafger

role than numerical precision. There are also many possible. ways to
observe the information secarch in the organization setting, depending-
~on whether group phenomena or individual behavior is the relevant is-

Sue,
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The' present thesis focuseSiprimarily oe:the,information search
‘of the ihdi?iduai manager who seeks to extract éome meaningful informa-
tion out of a data-base, Here tlie notion-of a daea—base implies
(1) that the data are eveilable‘in nuﬁerieal-ferm and (2)_the informa-
tion syetemsvare computer-based, ’

Wifh this sbecification in ﬁind, the fellowing definition cerrs
mest of the gfound thae we shall explore in this’chapter:

An infefmation syseem censists of a person of a certain psychb—

logical type who faces a problem within some organizational

context for which he needs evidence to arrive at a solution,

where the evidence is made available: through some mode of pres—‘
entation (after Maéon and Mitroff, 1973)

This definition decomposes the 1nterfac1ng relatlon between the manager
and the data into its most noticeable elements.: However, these ele-
meﬁts are nof‘always independehf. Fdr instance; the mode of repreSehfa—
tion influenees the,fofmulation of the éroblem.which, in turn,'deper;
mines hew evidence is gathered in_a given ofganizationai ednfext;
’Similerly, the psychological type of the manager might iﬁfluenee the
choice of a mode of representation, Tﬁe abeve.definition thus provides
a somewhat artificial, but nevertheless useﬁu], framework for discussing
informatiop.systems.
Putting aside the question of the moée of repreéentation,vﬁhich

i shaii eddress in some depth'later,lthe remainiﬁg issuee cén‘be classi-
fied under £Qo headings: ' | ¢

| (1) How the manager S blases and models 1nf1uence an ;nformatlon

query 4 S .
\

(2) How the MIS itself can be made *“intelligent" by 1ncorporat1ng
" rules of inference

In order to integrate these two different approaches to the MIS problem,

we need to examine a third approach{



(3) An interactive paradigm for information transfer .

I.1,1 Aspects of Managerial Influence

There are fwo altérnative (and complementéry) ways to look at
| the relations Eetween the managér and the data-base: On theiohe hand,
it is possible to'consider that the.ﬁaﬁager uses his OWn,mental mbdels
and a priofi intuitions to filter and select some relevant information
out'of'tﬁe data universe. This approach, which cdnsists in going from

_the manager to the data, might be called the "influence“ approach,

since the manager is supposed to know beforehand whaf to look.for in

fhe data, dn-the_other‘hand, it is possible £p consider the inverse
:élation of goiné from the dgta-base to the ménager to desigﬁ'analytic
methods which Filter ané,pfébére the data in such a way.that they are
directly uséble by the ménager. This second approach. I call the “intel—» .
_ligenge" approach, since it amounts to developing intgiligent_meth@ds
for the recovery of data structures, The diagram‘beIOW“Shows how the

. two suggested approaches complement:

Influence

v

"MANAGER DATA

. Intelligence:
~

Lhe available MIS research literature divides equally between those two
approaches,
Researches on the influence aspects have emphasized the discovery

of factors which

explain how managers' mental models and/or attitudes
influence their search for information. We shall here focus on three

such factors: .



a, Cognitive Style

fhé ﬁotion of cognitive style has reéeivgd wide sﬁccgss in
studies of‘fhe implementation of management_scicngg proposals, where it
was observed that the difference in the "thinking styles™ oflmanage;s_
and researchers épuld account for some of”theif Aisunderstandingé. In
particular, it wés.obsgrved that managers tend‘t6\u3e heuriétic reason-
“ing where'éommon'sgnse, intuition, and feelings about future developments
have more pa:t than formal models."For instance;van expefimental study
by Huysmans (1970) showed that "heﬁristic" (manager-like) subjects who
received ihformatibn in an analytic form (equafiohs, nuﬁerical data,
‘etc.) advocate a lower degree of use of the infofmation than "analytic"
(scientist—vl‘ike) s.ubjects. Barbichon and Ackemaﬁ (1970) obtain the
_ same result in a French environment and differentiatg the "empirical"
(managemepp).type_from tﬁe "mathematical; (scientific) type. Mason
“and Mitroff (1973) use the expression "psyéholbgical type" to coﬁvey a
more complex typology where they distinguish modes of cognition from
" modes of évaluation of cognition, The alternate modes of cognition are
sensation and intuition; the alternate modes for evaluation are thinking
‘and feeling. Fach of the fqur typ?s 6btained by combining these binary
criteria has a different concept of info}métioﬁ. For 'a manager Qho?is
a'sensation-type,'information-will be "raw data" or '‘hard facts," while
an intuition type will. look for "stories" and "sketches of future pos-
sibilities," " On the other hand, the thinking tybe will emphasize the
formal, aﬁstracf characteristics of the data, while the feeling type.

will look for "stories: that have a strong moral component.,"
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.b;i.Organizational factors

The organiéatibnal context in which the managef is placed intro-
duées various biases, distorfions, and transfotmations in the way he
vperéeives data: | |

~-His task induces him to take a biased view at data, For in- .
stance, Cyert and March (1963) observed that cost analysts tend
to overestimate costs and sales managers to underestimate sales,
Dearborn and Simon (1958) show that, more generally, each execu-
tive perceives the aspects of the situation that relates specif-
ically to the activities and goals of his department.

-His hierarchical position may make him perceive what he wants
to hear, "If the recipient is a Superior, there will be a
tendency to make the information consistent with the transmit-
ter's perccption of what the recipient wants to hear (Ference,
1970) .** More generally, a process of uncertainty absorption
takes place in the organization so that the inferences, instead
of the data themselves, are communicated.

-His experience with the data over time enables him to select
important figures, recognize errors, and adapt to '"moise" ef-
fects (Cyert and March, 1963), There is, however, a risk of
missing the important information when it comes, since it takes
some time to recognize large incongruities in the data (Bruner . .
and Postman, 1969). ' o

c.,,MotiQatiouél Facto?s

The individual wotivation and beliefs of the ménagér~a1$0 play
a considerabie role in ﬁis pércéption.oﬁ the aéta. For instancé,vﬂammeru
"and Ringel (1965) show that the 1ack_of-confidence of é manager in tﬁe
_:data set cause him to-deiay action or even.td refuse to act.‘ Eérlier;
Tajfel‘(1957)'had shown that differences in thé_a Eridri'value Attributed
fovthé data influence thé perception of their objectivé_importaﬁce;
More generaiiy,1a'nbnmoti?ated”uéerrWOn'tj@aké‘usé'of.the data,;Whilé
a'motivatedvmanagér ﬁay unduly emphasize certain aspects in the data,
Mulhefﬁ (1972) presents an actual situation wherevmaﬁagefé preferred to

“ercate data which fitted their view rather than to use available data



00404600365«

11

which they did not understand,

1.1.2 ‘Aspects of MIS Intelligence
. The‘above section has shoﬁn that, accﬁf@ing»to one school of
research, thé manager is inevitably led fo loqk at the d;ta with his
own cognitive style and with tﬁ; biases which ﬁis task, position, and
béliefs iméose on him, Another school of research, oriented more toward
statistical -than behévioral considerations, focuses on the other end of
_the MIS problem; that is, data processing agpeCﬁs. The general idea is
to entrust the computer system with tasks of séétistical inference.so‘
;that-the manager is given a digest of the data:rather than the raw datal
themselves, |
Thisiapproach has resulted in proposals;for.makiﬁg the MIS be-
come inteliigent and, éonéeqﬁéntly, has resulfed invscales fﬁr judging
the intelligence of observed managemént information systems, Two such

scales are presented below:

Table 1.1
Zannetos (1968) - ’ Moﬁtgomery'(lQ?l)
1., Store modules of raw data 1. Pre-process raw data (Clean, '
2, Classify data (perceive Edit) _ 4 .
. differences) A 2, Create, organize, eliminate
3, Extract differences files .
L, Store simple cause/effect 3. Maintain and update files
- relationships L4, Retrieve information
5. Manipulate cause/cffect ' 5, Perform logical operations
relationships on data :
6. Infer probabilistically 6. Apply statistical trans-
‘and challenge models formations
7. Derive functional rela- 7. Generate digest reports

tions from experience
8. Appreciate own inferen-
tial behavior .




Although Zannetos' model is somewhat more idealistic than Montgomery's,

~ they both illustrate the same point; namely, that actual systems rarely

go beyond steps 3 or 4, while suitable systems should have capacitiES

;starting at step 5 and'up.b Consequently, the researchers advocating
“the intelligence approach, recommend that computer systems be refined

~and sophisticated enough to provide a level of "intelligence" (inferen-

tial power).

Some researchers have gone even further by proposing that moral

issues be added to the factual and statistical aspects of the managér's_;

information query, Kunz and Rittel (1970) propose that four différent

~typeé of issues be'distiﬁguished:

(1) Factual issues: Is x the case? -

(2) Moral issues: §Shall x become the case? =

(3) Explanatory issues: Is x the reason for y? v o

- (4) Instrumental issues: Is x an appropriate means for accom-

' plishing y? ' '
Types (1) and (3) above are included in Zannetos' and'Moﬁtgomery's frame-
works, On the other hand, Types (2)'and (4) include morél and teleo-
logical issues which are also part of the wmanagcment prOcéss; The . ex-
tent to which computer systems can replace management in;thiS'respect is

still not very clear at this point, We leave it here as an open ques-

tion~-our own observation being that present computers have no 'moral"

capacity.

Very little evidence is available on the utility of systems .

which present a modicum of "“intelligence"; that is, some data digesting,

: + o .
. One interesting experiment was with an interactive system in a production-

inventory situation (Chervany and Dickson, 1974): where data was pre-

- - - o ’ /. . «
 sented either in raw form, or condensed by means of summary statistics,

The results of the experience support the general contention that the

12
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~data had less confidence in their decisions,. -

.13

condensation of the data improves the managerial performance., It was

also shown that the performance of managers using the summary data was .
' /

more predictable than that of managers using the raw data, But one

unexpected and undesirable side effect was that the users of:the -summary

I1.1.3 An Interactive Paradigm for Information

Thé aboveresult——thatménagers usingbsﬁm@ary stétiétiés achié?ed
é Sétter perfofmance, But‘had less éonfideﬁce iﬁ their deéisioﬁs than
ménagers using raw daté}—:shows that the “intelligence"'of a ﬁIS may-
advefgely "influencé"‘its.usefs. A sophiétiééfed éyétém may haQe infbr;
métional beﬁefits_but ﬁehavidral costs in.tﬁe sense tﬁét\its ﬁsérs do
not “trust"™ it in various ways.‘ Reciérpcally,‘a s;stem whicﬁ produces
masses ofAfaQ data is beneficial cost-wise (thévcbst pér défﬁﬁ ig Qery

N

iow), but results in information overload dn'the user,side. There needs

~

to be a‘balahce between the level of sophistication of a system and the
level of sétisfaction of its users.
At the elementary level of the relation between the manager and

the data-base, it is proposcd that information results from the inter-

action of the managér's mental models with the data evidence: It is

the manipulation of event (data) to observer (manager) that allows him

tqdiscoveéﬁmeaning.(Johnson, 1969);: Accordiﬁg to thiéJQieﬁ, the infor-
mation searéh is”déscribed as an intéractivé_proééss between the manager
and his aata so as to reach a liné of evideﬁéé.ﬁhiéh éaﬁ%sfies the man-
ager's quéry. This description is generai.enough to,account for a whole

set of possible empirical situations of information search, Is it pos-

véible,to_describe the interactive relatiouship between, the manager and

4
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the data'into more specific terms?
- The notipn of a tradéfoff between thévéosts and thefbenefitsbof'u
information pfovides oneiinteresting.speéificatidn.of the inéeréctiQﬁ
R pafadigm. Acéordiﬁg'té thg cosf:benefit model (Marschak, 1968, 1974),.'
the int‘eragtion '.betwe.en the manager and his data ivs dictated by -tﬁe' '
economic objective of‘maximizing the‘utility of informatioﬁ :Thef
utility is defined'as a function of two criteéia beneflt (gross. payoff)
and cost, 1ncrea31ng in the former and decreasing in the latter The
.c05ts §f_a system are easily computed as the costs of the.informafidn v
services to the manager. On the other hand, it is more difficult fo
determine the economic benefits of a system,  Marschak proposed thén an'
ecohomic evaluation of the.benefits ié possiblg,bwheré "benefit"'is
Idefined as: The expecfed desirability of ﬁhe-putcomes of managerial
actions decided on'tﬁevﬁasiéﬂof the informatibﬁ prbduded bythe system;'
This cost:benefit formulation has been tested infexpériﬁents
where subjects are placed in a sifuétion of information-puréhase (irwin
énd Smitﬁ, 1957, Lanzetta and Kanareff, 1§62;fEdwards, 1965; Hcrsﬁmau
. ‘and 1nviﬁe 1970) . The experimental resuifs show that;
(1) The gcnoral strategy of Jnformat;on purchase obeys the ru]e
"purchauc another datum if it 1s‘guchct1vc]y woxlh more
" than it costs,*™ : v
.(2) Subjects' strategies satisfy the. above quaiitativc ruic
rather than optimize its utility-maximization formulation,
Depending on the circumstances, qubJecLs purchase less
information (Lanzetta and Kanareff) or more information

(Hershuan - and Levine) than the maxxm:zatlon of ut111ty
- . would indicates

-This general result points to.the value of the cost:benefit. approach
more as qualitative paradigm than a uniquély,qﬁantifiable model .

When the cost:benefit model is*used to evaluate a given MIS, it.



may be particularly difficult to estimate the system's benefits in the

same terms as its costs (for example, in dollars), Most of the benefits

of an information system relate to some behavioral change, over a period

of 'time, in a variety of ways, as opposed to the economic, immediate,
specific nature of costs, Consequently, it has_béen édvocatedtthat'thé
benefits of»a'given system be estimated in quéiitative rather than
quantitativeiterms, For instance, Swanson (1974) méasﬁres the management
benefits df.én actual system ﬁhrough an attitudinal (quglitétive) vari-
ablevcalledl"mauagerial appreciatibﬁ." More generaliy, it is prdposed
that the benefits of a system be evaluatéd in'reference to the quali{a—
tive appfeciation of its‘useré.

The emphasis on the uSérsf'apprecidtioh~is fairly new in ﬁénage—
meht‘sciénce,'where the natural tendency. for scientists is to measure a
system's benefits in accordance to their own technical'viewpoint (éhurch~
>man, 1972b), Consequently, it reqﬁires some effort on the scientist's
part to accept that users may have a say in the appreciation of system's

3

benefits, According to King and Cleland (1975), it may even requiire the

L

scientist to change radically his value system, and to adopt the belief
that
a techhically—optimumfsystem'which goes unused is inferior to a
system which is technically inferior, but perceived to be useful
. by the organization's managers. '
The present thesis is an effort to reconciliate the two sides of MIS
' design-~-technical optimality and practical utility. \Accordingly, it

will include deveiopments and results concerning the technical feasi-

bility as well as the'ménageriéf feasibility of gfaphic displays,

15



I.2 Management and Graphics

1.2.1 Graphic Displays in Management
It is a wéll—observed fact of management life‘that'graphic

displays are used in a-varietysof situatibns and trades. For instanCG;
in a field studyvrealized in Frénce (Kitous, 1972), graphic displayé
.were fouﬁd to be pracfically used in fhe building indﬁstry (Gantt type
charts), in tﬁe oil indqstry (inventofy'control charts), and in public
administration (scatter plots and maps to display stétistical data),
These'findings were éonfirmed by a subséqueﬁt empirical study‘made in
the Unitéd States; busingsé documents collected on-site sﬁow a definite-
tendency for managers t§ use'graphic displaysvés an aid tovdecision4v
vmaking (Internal‘feports were.collected at the United Airlinestompany,

Davis Skéggs Company, and the United States Department of Labor in San.

Francisco). There even exist specific business periodicals exclusively

devoted to the publication of graphiﬁ charts, such as the "3-Trends"
-sgries in the stockmarket business, | |

The variety of graphic formats used in management situations
seems overwhelming, However, it is pgssible‘to differentiate betwéeh

two bdsiCally different modes of graphic repfeﬁentation:

(1) Certain representations, such as those used in advertising,

present pictorial information:  people, familiar films, or
photos. The basic characteristic of these is to be aesthet-
ically pleasing, - S

(2) Another brancﬁ_pﬁwgréghiqs has developed formal displays
"7 ' based upon geometric and/or symbolic rules, where learning

has a certain role to play. By opposition with the immedi- -

ate, intuitive status of pictorial representations, fhese
representations have a rational or constructed status, .

At the macrolevel of a general theory of graphic displays, there are

undoubtedly relations between these two basic graphic formats., For tﬁe';

16
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purpose . of this thesis, howevér, only the second type of graphic repre-~

sentations will be considered, thus excluding purely aesthetic consider-

ations out of the boundéfies pf the present fcsearchf

According to a theoreticél frémewérk pfépoéed by.Bertin (1967),
the areé of rational, or constructed, graphicé can be divided into
three typés:- plots, graphs, and maps. In eaéh case, two- or three-
dimensionéij?epresentations'are possibie: Siﬁcé most management appli-
- cations are two-dimensional, and since two-dimensionality cérries the

essential implications of any such graphic representation, we shall-

limit our attention to two-dimensional displays.

Vo

(a) Plots

A plot is any graphic representation such that the two dimensions

of the plane are explicitly used, Each dimension represents a variable,
or some explicit set of differentiable variations such as categorics,
The table shown below presents different types and instances of "plots,™

with some corresponding management applications:

Table 1.2
IZESE' __— Instances Applications . -
Continuous plane Time-series Economic Forecasting
(Cartesian) . o Control Systems
 Scatter-Plots Market Analysis °
Discrete plane Matrix Displays . ~ Performance Comparisons
’ (e.g., Bar Profiles) :

~

-

The concept which is essential to the plotting of data is the notion of

two-dimensional position; that is, it is possible to determine a 2-D

17
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vaddress” for each available data item, .Depending on how the plane is
used, it is said to be used in a continuous or discrete manner, We '

shall.later examine the specific case of matrix displays in more detail,

(» Gfaphs
A graph is a set of pbints; called nodes, sﬁch'that'at least
some pairs of nbdes are connected by branches, called edgés. A whole-
set of mathematical methods, placed ‘under the néme_"graph theory".have
been specifically‘devised to solve graph probiehs (Be;ge, 1958, 1968;
“6re,'1963). The most impoftant definitions, with respectvtoAmanagement
appiicationsvare:

(1) A graph is said to be connected when there exists a path
between any two of its nodes. ’ :

(2) A circuit in a graph is a path which is closed on itself,.
(3) A tree is a comnected graph that has no circuits,

The table shown below summarizes some of the graphic aspects of graphs,

Table 1.3

Types T Tnstances Applicatiouns
Jraph - Networks of Group behavior in
relations . _ organizations
Connected graph PERY diagram and ~ Production scheduling,
: ' Gantt chart activity networks
Trees Hierarchical Organization Chart
' representations

The use of graphs has found a large application in the.managcfial world,
“which may be accounted for by the relative simplicity of their design

(Citrenbaum, 1972), , , . .
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(¢) Maps

A map is a constructed representation. of spatial relations in
the humanipﬁysical world, Maps are the most ancient graphic;representa—
tions to the been rationally constructéd for Huméﬁ ﬁsagét They present
éome faécinating problems of pfpjectibﬁ (proje¢ﬁiﬁ§ ?hree dimensions
into two) and fmappingn (p;oducing maps'at varipus resolution levels).
Méps ;re c@rrently used in almést a11‘manageriéivactiVities involving
§patia1 decisionmaking such as tranqurtation,-urban'planning; warehouse -

locations, etc,

©I.2,2 Interactive Graphics -and Managemént

'The éecent availability of low-cost computer graphics terminals
has triggered the process of implementation of:gfééhic aids in mana-
gerial envirénments. The rationale behind the déé of such terminals is
that:

(1) They insure repeatability and precision‘in the design “of
graphic displays; the displays are drawn by the computcr
- according to formal, repetitive rules (Sutherland, 1963).

(2) They permit obtaining several different displays (multiple
pictures) of the same data-base, which is an improvement
over the "one-pass' procedure where one dlsplay only is

. produced (Welsch, 1974b),

(3) The power of the computer is coupled with the generality of
~ the graphic formats, thus enabling heuristic search methods
to be applied to problems which ¢annot be solved by the
usual optimization methods (Newell, 1969; Garman, 1970),
P : :

The most important reasons why interactive computer graphics
have recently reached a large management audience is their low cost,
.The following table summarizes-some price data (in 1975-1976) for inter-

active graphic terminals, including computer interfaces:



Table 1.4

v : : : - : lease
Brand Device Model Purpose Price($) ($/month)
Digivue Plasma Display 512-60 All ~ $6,000 -
| Imlac Refresh Tube = PDS-ID All - 9,970 -
Princeton Storage Tube 801 All 8,150 -
Tektronix Storage Tube -4010 All : 4,000 150-350
' ' 4051 All 6,995 280-450
Quotron ‘Alpha-screen 800 Stockmarket - - 200-300
MM Alpha-printer MCP  APL-keyboard 5,500 -

As can be seen by comparing the upper part of thevtable (graphic termi-
nals) with its lower pa:f (alphanumeric terminals), the pfiée range for
 graphic terminals ($4,000—$10,000) is iny-slightly éuperior_to the
price range for alphanqmerié terminals., Moreover, it is expected that
the price of graphié terminals wiil still decrease in the yeafé ahead,
due to the devclopment ofbimproved technologies (Society for informationv
Display, Proceedings Los Angeles, 1975). On the basis of the prices
above, it is possible to estimate the display éost of an elementary plot .
produced intmractiQely at about $1.00, under the assumptions thaf‘the
terwinal is used 5 hours per day to producé an averégc'of 15 ﬁluts‘cach.-'
hour, Even with a thfeefold increase (to iﬁclude the'computér;prdcéssing4"
éosf), this cost remains‘faifly low compared to the cost of a human-made
plot. |
Managemént science research in interactivc-computef gréﬁhiéé

 has_d9v9Lopcq,QnAthegiian_pf,Suther}and's cémputer program called
: Skctéhpad (1963). Thq gcﬁcral ideca is'toiuse graphic dispiays as means
for communicating the results of ahélytical‘pfocedures_;ppiicd to'typical

\

problems, Sketchgég itself enables the user to measure the mcchanical

/.



tensions and forces which a graphic representation implies (for example,
_draw a bridge and measure the implied forces), Typical management sci-
ence applications include:

(1) Garman's Mags (1970) which uses Gantt charts as an interface
‘to the solution of simple and complex JOb shop scheduling
problems, .

(2 wefsch's Troll (19745) where scattfer. plots and tree repre-
sentations are interfaced to statistical methods,

(3) Scriabin and Vergin's Layout (1975) which uses graphic lay-
' ‘outs as a means to convey spatial constraints 'in plant lay-
out problems

1.2,3 Management and Graphics:. A ‘Research Problem
The -aforementioned evidence concerning the relations between .
management and graphicé can be summarized into two propositions:

- P1: Graphic displays are Widely used 1n practical managenent
‘ situations, v

P2: It is possible to désign‘interactioe systems where the

interface between the user (manager) and the data analytic

-procedures is madc up of graphic displays.
These propositions are useful descriptions of what is practically done
and what can potentially be done. But they do not explain whether spe-
cific graphic rcpresentations would be useful, éﬁdfif so why. Only onc
study in management science seems to have thoroogh1§ considered the is-
sues associated with the usage of graphic displays‘(Scott Morton,'i971),
"~ Having observed how rcal—lifermauagers'reacted to the introdoction of
'anfintoroctive graphic system in their dircect environment, éoott Morton
in his research (Ph.D, thesis) reaches'the,conCIosion'that'graphic dis-
plays had a strong positive effect since they related precisely fo‘the
cognitive needo of the managers'involvedvin the planning process, Time-
series plots improved'the coordination between the production and mar-

keting policios of the firm, and furthermore in.the planningvof the



production itself graphs introduced organizatidnal changes.. . This evi-
dence drives us directly to the present dissertation which willsfocus'

on a specific class of graphic displays.

. I.3 A Management Science Approach to Graphic Displays -
In this section, we develop the view tﬁat graphic displays are
models héving definiﬁe cognitive implicatiohs for decision making.

Consequently, it seems possible to apply a management science approach

to an explanation of the relations between management tasks and‘graphic

-v:displays. A methodology.is proposed for assessing the feasibility of "

graphic displays in a managerial environment,

' I.3.1 The Cognitive Implications of Graphic Displayé

The common belief which has hindered the development of rational

graphic research is the idea that graphic_displays are essentially the

“cosmetics" of management life, This belief is itself related-to the

notion that graphic displays are used to make things "look pretty," and

that fhey must come at the very end of the data analytic process, - Too

wmuch attention to the acsthetical side of graphics has led to neglect of

its rational sidée and to belief that graphics have no *“‘thinking' impli-
cations,

Happily enough, this cbmmon credence has not prevented a number

of statisticians, economists, and geographers® from examining the think- -

ing side of gréphiés-~that is, graphic displayé as an aid to human cog;f 

nition, The results obtained to date are summarized below in a sixfold

categorization expressed in qualitative terms, This categorization pro=

vides explanatory guidelines as to why graphic displays might be useful f

interfaces in the manager/data relationship.

22
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(1) Graphic Displays convey relations of proximity between ob-
© Jects,

This is the most evident, yet least understood property
of graphic displays. The peréeption of relations of
proximity between objects enables the user to recognize
groups of neighboring objects.  Consequently, it may

be the basis for the determination of clusters, with
all its implications for categorization purposes (Zahn,
1971).

(2) Graphic Displays permit us to recognizé relations of simi-
larity.

Although, distant in space, two objects might be similar
(for example, have the same color)., Graphic Displays
permit us to recognize such similarities and, more
generally, to compare the features of perceived objects.
This is the basis for inferential activities based on
comparison: For instance, two time-series might be
compared according to their trends, cycles, and turning
points (Burns and -Mitchell, 1946; Box and Jenkins, 1970) .

(3) Graphlc Dlsplays lead to inferences based upon Smele gco~
‘metric structures, : -

~Scatter plots are interpreted in terms of “clouds' of
points, regression procedures in terms of a regression
line, and independence between.variables in terms of
orthogonality (right angularity). The appearance of
geometric structures in the display has strong implica-
tions for the associated cognitive process (cf, the
developuent of specific proccdures for recognizing
normality in analysis of variance, Wilk and Gnanades ikan,
1968) . : : _ : S e

(4) Graphic Displays reduce the amount of detail in the data,

The degree of detail available in a map can- be varied
simply by changing the mapping scale which relates-the
“map space" (in inches) to the '"physical space" (in
miles)., Similarly, graphic displays, in general, offer
an opportunity for mapping numerical items irnto graphic
variations which have less resolution, . This reductive
process may be detrimental to absolute precision, but
it often results in a better perception of the relative
importance of events (global trends and patterns) (Ber-
tin, 1967).

(5):§taphic Displays can be manipulated for better interpretation,

- Geometric transformations such as rotation, translation,
and (under certain assumptions) scaling by a positive



constant can be applied to cartesian displays. This
permits giving a substantive interpretation to spatial
configurations (it is of much use in Factor Analysis),
Other than cartesian plots, .there are display types
that also have their own manipulative rules: ' For in-

. stance, when a graph is known to be "planar," it can
be rearranged so that no two edges intersect, thus
facilitating the perception of implied relations (Ore,
1963), '

* (6) Graphic Displays require some implicit geometric knowledge,

‘Cross-cultural studies of visual perception (Segall,
Campbell, and Herskovits, 1966) have shown that other

- cultures than ours do not perceive displays the same
way, It is suggested that most 2-D graphic representa-
tions require some implicit knowledge of geometric no-
tions and conventions, Most such knowledge is of a
high school level. ' o

It results from the above sixfold argument that graphic displays

have a certain genefélity for déta aﬁalytic purposes..'Welsch (lgzua,
i974b5 and ‘Tukey (1971,.19?5) proposé fhatvthey be the eésential ﬁeans v
for»e#plofétory data anaiysis. Quenouille (1952) goes further and pro- ..
pogés_that graphic displays be used for stat;stical testing pufposés.

It ié sufificient, at.this point; to observe thdt graphié displays‘have
been recognized as é rational m¢ans;for aiding intéllectgai infercnce.
This may.éxplain why they have found such boﬁularity in maﬁagéﬁent

circles’,

1.3.2 Graphic Displays as Models

Up to this point, we have argued as if all forms of graphic dis- .

play had the same value and/or implications. It is suggested‘now that j
there are majoé-types—of~graphic'rcpresentatioﬁ and that each type has

its own assumptioﬁs and implications in much the same way as‘méhasém@“t
science models do, One subfle and interésting way't§ uuéover the_funda~

mental assumptions of a given mode of display is to consider the distance

o
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axioms on which it rests,
In any type §£ graphic representaiion,;there exists a metric;
~ that is, a‘séaie that assigns to.gvery pair of points a and b a distance
‘value d(a,b)., The following conditions are usdally regarded to be
reasonable “axioms of éistance (after Beals; Krénté, and Tvérsky,'i968):
. Equation 1,1 Positi&ity: d(a,a) = 01a$a d(a,b) 2 0 if a# b

- The distance between a point and itself is zero, The dis-
- tance between any two points is positive,

Eduation 1,2 Symmetry: d(a,b) = d(b,a)

Equatlon 1.3 Triangle inequality: d(a,b) + d(b,c) 2>d(a,c)
" Given any three points is graphic space, the sum of the

. distances from the first to the second and from the second

to the tlird is not less than the dlstance from the first

to the third,

1

L S _
Most graphic modes of representation satisfy these three condi-

tions, plus a fourth one, more specific and more constrained than the
above. Fbrvinstance, distances in the Cartesian plane obey Equations
1.1, 1.2, and 1,3, plus the Euclidean axiom:

Equation 1.4 d(a,b) = [kxa - Xb)z + (ya - Yb)%]
where x and y are the x and y-axis coordinates.

Quite in the sare manncr, most graphic Icprcscntatlons satis fy a “fourth
axiom," - |

Whén grapﬁic displays are used in management circumsiances,
attention is:almost never paid to the "Ffourth éxiom,*-which is maée
imblicitly by the chosen mode bf.graphic representation (consequently,
_one may “force" some data set into a.repfesentation which does not quite
correspohd to it). For instéﬁce, it hasvbeen récently.proposed to use
hierarchical tree representations to. indicate, clusters of attitudes in
.matkéting'anai§sis (Green-and Wind, 1975)., Nowhere in fhis marketing

proposal are the ‘distance implications of hierarchical trees clearly
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assessed, Suppose, for instance, that the perceived distances between

three brands A, B, 'and C are as follows (left):

Figure 1,1

Perceived Distances ‘ '~ Reconstructed Distances :
Distance
1.10
1
c 0 .
1.10 . A B C

The three objects A, B, and C presented on the left hand side diagfam
can_be hierarchically clusteréd (tree on the right) by thé foliowingv
‘operations:

(1) Start by clustering A and B which_havelthé shortest distance,

(2) Then join C to the object-cluster (A,B) at the minimum d]S—
tance of C with (A,B): that is, at d(B,C) = 1,10/,

Clearly the hierarchical tree on the right (Figure 1.1)dees
notAconvey the original distance relations within'the_data, because
vd(A,C) = 1,10 insteéd’of 1,49, This result;'fromvthe very pr§cess of
vbuilding é hierarchical tree, Itvhas.been shown indeed that distance

~relations in a hierarchical tree obey the following condition:

Fquation 1,5 d(A,C) & MAXTMUM [d(A,B), d(B,c) :
This axiom called the "ultrametric 1nequa11ty" (Johnson ‘
1967) is a nccessary and sufficient condition for a hier- : g
archical tree representation to hold, It is wore constrained S

- than the "triangle inequality" mentioned above (Lquatlon 1. 3) o ;E' -
~ since clearly: :

Equation 1.6 MAXMUM [d(A,B), a(B,C)] € d(A,B) + d(B,C)
Consequently, we might say that the "ultrametric inequality"

is the *fourth axiom'™ specification for hlerarchlcal tree
graphics,

In summary, the choice of a graphic mode.of representation--such
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as hierarchical trees, cartesian :plots, etc.,--involves using a particu-

lar topologieal model, It is proposed that the topological assumptions
corresponding to.a given graphic model must be elicited before such
model is extensively used, - This is' particularly important in a manage-

ment science context,

I.3.3 A Methodology'of Feasibility Assessment

Before we propose a methodology for dealing with the graphic
display issue, let us summarize the thread of our argumentation to this

point:

v(l) We choose to focus on the relatlon between the individual
manager and his data-base,.

(2) Graphic display seems to be a w1de1y used manager/data inter-
- face, with a large variety of possible formats

(3) Interactive computer graphic systems_illustrate the paradigm
of an interactive search for information through graphics,

(4) Besides the observation that graphics and analytical methods
.complement well, there is not much. management science cvi-
dence on the relatious between graphics and management.

(5) A line of research in statistics subgests that grapbic d1<
- plays are an ef£L01an support to cognitive tasks,

(6) Another line of resecarch (topology) shows that graphic dis-
- plays are spatial models with strong wmetric iwmplications,
This suggests to explore the - available research results in
the visual pcrception of graphic displays:

Thc purposc of our research is to put together a uscful structure

for management graphics as.suggested in (&) above

In view of this purpose and the laek of graphic knowlcdve within
manégement.seieﬁce, it is necessary to propose a methodology whxch coum-
Ibines safety-and.risk On the advice of C. W, Churehman a methouology
of fea51b111ty assessment ‘has - been chosen with the followxng foatuxcs

(a) Among the variety of graphic displays'in (2), select one
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graphic type and formulate the thesis that it is feasible
to use in this particular type of display as a support to
management tasks.

(b) Identify findings relevant to the thesis of the feasibility f
of the above type of display. 1In particular, qualify the
tentative lines (5) and (6) above for this specific type
of display.

(e).Structure the findings into some guidelines for a theory of
the selected .display type, and eventually provide a quanti-
tative formulation to those guidelines,

(d) Translate the above findings and the theoretical formulation
into management science terms so that their relevance is
clearly seen, :

(e) Develop a model of the utilization of the selected type of
graphic representation within specific tasks of management,
This model might receive an interactive formulatlon as sug-

- gested in (3)

(£) Implement the above model on a case-study basis, with the

' participation of one or a few managers., Record and analyze
their reactions to the proposed graphic displays (as sug-

_gested in 1.1.3).

The safety factors in the above methodology are (a), (v), and
(£); the risk factors.are (é), (d), and (e).,  The methodology should
at least confirm or deny the feasibility of the propoéed graphics and
gather some empirical evidence in a specific managerial environment,
The best result which it could provide is a theoretical framework having
an.expianatory value as to why the selected graphic mode is useful for
management tasks. Thus, the concept of "f&dS]bllJty assessment " as it~
is used here, 1nv01ves much more than merely the consideration of the
.. physical. realization of:graphics. It inclndes their justificatien on
4“the basis of scientific evidence available acroSsldISCiplines, their
theorization by a work of synthesis, and the observation of the procesa7'3

by which some managers cowe to incorporate and/or reject graphics into

their management process.,
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The plan of this thesis reflects its methodology (points (a) to

(£) above);

(a) In the next section (I.H), we select a certain type of
graphic representations called "Matrix Displays."

(B) Evidence supporting the thesis of the feasibility of Matrix
Displays is given in chapters II (Exper1menta1 Psychology)
and III (Data Analysis),

(b)_A contribution to;a theory of Matrix DiéplaYs is provided
in chapter IV (quantification procedures are proposed).

(d) and (e) Chabter V defines a model of Matrix Display usage
© for management tasks; an interactive computer graphics pro-
- gram (MATBORD) is designed on the basis of this model,

(£) Finally, chaﬁter Vi describes'the implementation of Matrix

Displays in a Manpower Administration context,

I.4 Matrix Displays and Management: An Opening

The first step recommended in the above methodology is the
selection of a type of graphic'representation for in-depth study. This
choice could be somewhat arbitrary; in our case, it has been guided by

empirical considerations, which we shall try to enunciate now.

I.4.1 Some Results of aun Empirical Stﬁdy

' In l971~72, I had an opportunity to carfy out a field stﬁd?l"
aimed at dé#ermining the emﬁiriéal formats which ﬁahagers use in E;Ser
to display their own data, On the advice of J, Bertin, I forﬁulégédA
“the explora%ory hypothesis that'these formats would indicate hoﬁ the

manager individually relates to his data, I interviewed a sample of

17 medium- to upper-line managers in France; three'United'States managers

wére latter added to the study., I required each manéger to designate
the informational document which he thinks most important for his own

-managerial needs, and to describe how this specific document is used in
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relafion to daily decisions, MofeoVer, I collected a copy of'thé docu-
ment for‘later analysis, |
The resulté-of this study are felevant to purvinquiry intQ: :
~ graphic displays'(Kitous,-1972). Of the 20 managers T interviewed;
6 were found to use graphic documents as an individualized aid to deci-
sion making; the éther lu.used numerical,daté‘tables.- I also found‘that
managers using graphics displays were careful to keep the numericél
sources of the data available, either by superimposiﬁg numbers on the
pléts, or by keeping a data table along with the graphic display. The
amount ofvdata *contained' within avgraphic display was found to Ee .. .
approkimately eéual to fhe amount of data made available thfough numgri~
'éél tables: In both cases, I found an average.nuﬁber of 100 to 150'data 
items per pagé. All the peréonalizedlréports were. found to be shortv
(2 to 3 pages maximum) . |
Among the six graphic displays which were collected, four were
"time-series” type and two were "Matfix Display”‘tybes. By "Matrix
Displajs" I mean disélayé organized.in a-matrix—like fashion, with
graphic variations located at the intersection of rows and coluumns, .be
instance, I.coliected a weckly matrix.profile ﬁscd by a marketling manager
to compare the éales of several food products over a variety of distri-
bution channels (sUpermarketé; co—oﬁ stores, eté.). The diffcrencg be;
tween time4series and Matrix.DiSPIays is severai—fold, including:
(1) Difference igrconégpt:*rTime-serieg emphésizeithe time 6:1— _
-entation of all events, while Matrix Displays show effects
in space (space of products X space of distribution channels),
(2) Diiféréhce in display: Time-series are based upon a carte-
~sian, continuous. representation, while Matrix Displays use

a representation with discrete, categorical row and column
entrics, '
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(3) Difference in preparation and updating: Time-series are
relatively easy to prepare and update on commercial graph
paper. Matrix Displays require either much work, or the
availability of specific office material such as magnetic
boards, card holders, color pastes;:étc. (One French inter-
viewee had such a material, TIn the United States, "Executive
Planning Inc." produces equivalent materials.)

I.4.2 Research on Matrix Displays

‘Aécording to the results of the above research, two different -

’

possible graphic displays miéht be selecﬁed for é management écience
indhify: fime—scries plots.or Matrix Disp1ays. After some in-depth
thinking, i chose to focus on the case of Matrix.Displays; which is,
indeed, a ﬁanégerial decision,

In maﬁing the decision as to what problem he should work on,

the operations researcher is in effect making a managerial
judgment that working on some_parficular problem is a better use
of resources than any other .alternative use (Churchman, 1972a,
p. N.- '

The rational pért of this choice can be expressed as:

(1) The belief that Matrix Displays are potentially of general
usage in management, because they fit the tabular format of
numerical data (Bertin, 1968), '

(2) The observalion that there has been very little reflection
on the significance of Matrix Displays for management, 1t
seems that the rescarch payoff would be higher here than
on time-series displays, which have already benef ited from -
statistical research (from Burns and Mitchell (1946) to
Box and Jenkins (1970)). '

(3) The empirical finding that Matrix Displéys are difficult to
prepare and update through ordinary paper-and-pencil means
suggests that interactive computer graphics could find here
an interesting application, The "“cost gap" which seems to
prevent Matrix Displays from receiving a larger audience
could be bridged by interactive display procedures,

I.4,3 Definition and Example of Matrix Display

Definition, A Matrix Display is the two-dimensional graphic

representation of a data table such that:
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(1) The rows and columns of the table are represented as rows.
and columns on the Matrix Display. : '

" (2) Each data item of the table is mapped into a graphic varia-
tion 1n the Matrix Display,

(3 Homogeneous data items are repfesented by homogeneous graphic
variations, (It is recommended to use data tables containing

homogeneous data; that is, data expressed in the same units.)-

Illustration, I chose a published case of use of Matrix Dis-

pléys,'so that the reader may refer to it, Furthermore this éxamble
pro#ides a Matrix Diéplay of size 20 X 8:(20 rows by 8.coiumhs)_which
ris”typically in the medium—high portion of the range of matrix sizes
which we oxpéct.to meet, The field study which I montloned earlier
revealed that most data tables are within the range 5 X 5 to 20 X 20
(25 to 400 data items) .
In én:article'cOmparing the development of counﬁrios in tropioalz

,Africa, Mabogunije (1973) uses United Nations’data to show the differen~
.tial developuent of;siﬁ African couotrieé and two developed countrics
(Japan and the United States), Three Matrix Dispiayo are_used to pfesent
Industrial Emp]oymeﬁt, Value Added, Qnd Fixed Capitol Formation in

20 industries. I ¢ousidcf‘here fhc Industrial Employmenf variablé, ﬁnf

similar results are obtained with the other two variables, Table 1,5

(placed at the end of this chapter) represénts the percént distribution .

of people employed in the 20 industries for each country, - For instance,
Malawi has 6.8 percent of its industrial employment in the Textile in-

dustry, 29.6 percent in Food products, etc, Each such data item is

represented by a'circle‘of size proportional to the corresponding figure,
_ This provides a Matrix Display (Figure 1.1) where variations in the size
of dots is used to convey variations in proportions, Mabogunjé's com-~ .

ments relate to the large imbalance in the distribution of African work-
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ing population, as opposed to the balanced distfibution of Japan or the
United Statés.' |

Figures'l,Z_and 1.3 presenis two alternat;vés to the use of dot
sizes. Fiéﬁre 1.2 uses vertical ba£ profilés, and Figure 1,3 uses
shades Qf grgyrrepresented by the density of grid lines to display the
~ same basic information. The most interpretabié'display seemé to be
obtained wiﬁh bar profiles. This should not be:a surprising result
since it bas_long been known in statiétics (Gini} 1939) that graphic
profiie; adgéuately convey the concept of disfributioﬁ. The value-
shaded Matrix Display (1;3) is not as readily interpretable, and the
:comparispn of érey densities is difficult exceét'fér cbﬁtiguous-cells.
This suééésts thét perceptual effects may affe@t the recognition of .
“data within Matrix Displays, énd leads to the‘ideé that sdmé'gesults in
_fékperimgntglupgfchology would glarify the issues related fo the u;e of

Matrix Displays.
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THE DISTRIBUTI,ON OF INDUSTRIAL EMPLOYMENT IN AFRICA
COMPARED TO JAPAN AND U.S.A
(AFTER MABOGUNJE,1973)

PROFILE  MALAWI ZAMBIA  UGANDA GHANA  ETHIOPIA NIGERIA  JAPAN us
BOARD :

TEXTILES .068 .123 .294 071 .319 216 129, .059
PAPER 0. 0. .001 .019 - .003 .013 033 .036
PRODUCTS ‘ :
PRINTING .036 043 .025 072 .025 069 .041 .046
PUBLISHING
RUBBER 0. 011 .006 017 .002 .032 015 028
PRODUCTS _ :
CHEMICALS ~ - .041 0. .053 .068 .032 - .089 .047 .039
PETROLEUM 0. 0. 0. ©.009 0. .001 1004  .007
A COAL : _ _ o
BASIC "o, 140 017 .010 017 .002 .059 ' .0T4

METAL o - : . .
METAL 0. S0, - .020 .035 0. 076 .067 .073
PRODUCTS o ;

FOOD .296 .158 .303 067 .367 .078 096 .072
PRODUCTS ‘

BEVERAGES 0. .083 .023 .055 - ..042 - .027 014 .008
© TOBACCO 242 0. 014 044 .008° .029 004 .005 -
FOOTWEAR .066 0. 020 074 .050 - .049 .037  .100
LEATHER 0. 0. 0. .004 .010 .012 .005 .007
‘WooD .029 .101 .081 .261 .028 .085 .052 - .036

" PRODUCTS o .

_ 'FURNITURES - .029 = .039 .028 043 .023 .052 - .026 .026
OTHER © 051 .124 .038 .037 072 .039 .050 J634
NON-METALL : .

MACHINERY 012 0. .020 0. 0. .004 .086 .096
ELECTRICAL  .012 .010 003 .005 0. . 008 .095 . 096"
MACHINERY . 7 :

TRANSPORT J117 .133 053 093 0. .105 .072 114
EQUIPMENT ' .

MISCELLANE 0. .033 001 014 0. .015 .068 043
ous .

'XBL 767-8645

Table 1.5
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CHAPTER IT
MATRIX DISPLAYS AND HUMAN VISUAL PERFORMANCE

The objéctive of the present chapter is to provide an answer
to the question:

To what extent do experxments on human perceptlon support the -
feaSlblllty tbeSlS7 :

Given the‘multiple implications of this Quest}on, i-shall try
fb review and. to organize the available eyideﬁcé éo that the strong.
points, as well as.the weaknesses,‘of fesearch results.ciearly appear.
All over this section, I shall make use of the_acronym'yﬁs.fo sfandeor
“the human subject,' in relation to experimental dataf The~aéronym
provides a éoﬁvenient fiétion for fhe purpose ofvpaYing gttentioniin a
systematic manner to thé way HUS reacts to Mafrix Dispiays;

Praéfigally, when I say that s is.faced with a Matrix Display,'
I mcaﬁ'that HUS fties to‘ektract information from a métrix thch'is
filled with visual iteﬁs of vafying size and/or fbrm énd/o:'shgde;‘efc,v
':This practical situatiqﬁ.has never been studied as such in experimental
psychology, because of its inherent complexity, Theré;is, ﬁchVer, a
large numbér'of research.works which toﬁch on Qariqus aspects of this
_situatioﬁ, and which can be assembled together so aﬁ'to provide a.quité
complete”covéragc”of’the”HUS'percéptiOn‘of Matfix Dispiays, e

This éhapter is divided inpo»four seétionsbwhich organize*the
tépic so that the coverage of the issues goes frém the éimplest sitﬁati§h‘

- (only one dot in the Matrix Display) to the most complex situations (the



matrix is fully filled with graphic items). Although the research
evidence, which we shall menhtion, is mostly experimental, I shall at
times make use of some empirical results or observations gathered in
more general circumstances, Given the intent of this thesis to be &
contribution to an assessment of Matrix Displays, we shall adopt an
attitude of critique, inference, and synthesis; rather than the usual
descriptive tone of a review,
Ivfocus here on the petéeptual aspecté”bf the relation between
IUS and Matrix Displays., This will lead me tb'reﬁer extensiveiy to
tasks of perceptual judgment which have been defined in experimental
psychology. Two types of tasks will be referred to during this
chapter,
(1) Tasks of categorical (or absolute) judgment, where HUS
attempts to place a given stimulus into its proper category.
This includes tasks such as finding its proper name (Paired-
Associate tasks), or such as calling its size or reproducing
‘its position on an absolute scale (Discrimination tasks) .
(2) Tasks of comparative (or relative) judgment, where HUS com-
pares a given stimulus to a given standard. This approach
is used for thée development of psychophysical scales )
(paired comparison and other mecthods). Another instance of

" use is when HUS is asked to compare two visible dot patterns
in two different matrices.

II.1  The Discrimination of One Dot in a Matrix Display

The simplest perceptual problem on which we possess some experi-

mental evidence is one where the ‘user is asked to discriminate the posi-

tion of one dot in an otherwise empty Matrix Diépldy. By “discrimination®

is meant here the capacity of HUS to recognize the poéition of a dot
along the discrete x and y coordinates of a matrix, The experimenfal
‘procedure rests upon absolute judgment tasks such as:

(1) One matrix containing one dot is presented at a time,

’
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(2) HUS - responds by reproducxng or calllng the dot's pOSlthﬂ
within the matrix, :

The measure of the performance which is used is calledi"Infdrmation

Transmission" and it reflects the amount of discrimination which HUS -
shows,
The measurement of Information Transmission is based on Shannon's

!

theory of communication (19&9). The fundamental idea is that An éveﬁt

is more informative, the more unexpected it is: Since it is possible to

measure vexpectedness'"™ by way of a probability measure, -it is posSibie,
to evaluate information as a function of the event's probability, When' 
we con31der a set of‘events 1nstead of only one event, the same reasonlng
holds and a measure of "unexpectedness" or uncertalnty can-be computed
.on the.évent set, Shannon proppSed-the-ﬁollow1ng measure of-uncertalntyé
1= E (ps X logz(l/pl)) : Eq. 2.1
i=1 . .
‘This cquation brovides an additive measure of infofmaﬁion, sincé Iy +
Iy = 112 accord:ng to log p1 + log py = log(pl X py). The use of a
]ogalthmnc tunct:on-ot base 2 relates to the,det;nltlon of the basic
mit a$ a "bit"; that is, it represents an ambuﬁt of: uncertginty equiva-
lent to_thap of a‘binary:éigit.(O/l digif or ‘yes/no answer), A.ﬁupthér
characterisfic:oﬁ this measure of information is.ﬁhaf'it is éénSitivg'
tb.both thc number of évént set and to the rclative‘probability of oc-
currénce of these eventS'thémselycs. | |
 TheA1atter'isMVery uéeful!in perceptual ekpepimghts, sincc i£'
enables fhe experiménfer'tb compafe'the uncertainty of the‘Stimulﬁsiéet"
(which hebdefinés) with-tﬁe uncertainty of the feséonse set (Whiéﬁ HﬁS's'

answers provide),” Trom this comparison, it becomes possible to compute
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an Information Transmission (I.T.) figure which indicates by how much
HUS "recogniées" or "incorporétes; information (Garner 'and Hake, 1951).

; , ) ¥ ,
Suppose, for instanpe, an absdluﬁe judgment experiment where HUS is asked
to discriminaté the left vs., right poﬁition’of;a dot within a linear
field of two positions, Suppose further that HUS is presented 100 random
instandesv(SO left-sided, 50 right;sided), and that the distribution

of his responses with respect to the stimulus set show the following

pattern:

Table 2,1

' Table of Results (Fictitious Experiment)

Stimulus
Responses . left Right  Sum
left ug 5 . 53
Right 2 - us 47
Sum 50 50 100

If information was perfectly transmitfed by HUS, we would f£ind that
- Any "left"lStimulus fetéives a "left" response, and ahy "fight“ stimulus
is perceived on the right half of the field. .This is not the case here
siﬁce 2 "left" stimuli receiQed “right' responses,. and 5 “right" stimuli
received "left" respoﬁses.'

Hence.we need a measure of infbrmation_whiéh recognizes the
_ éxtent to which HUS responses correspond to tﬁe expérimentcr's stimuli,
Shaﬁnon's-measure has been shown to be suitable, since Information
Transmission can be'wfitten (Garﬁer, 1962, p. 56):

i.T.,= Total Possible Uncertainty —vActual Remaining Unccrtéinty

In. the case.shown above, the Total Possible Uncertainty is,uqugl to the

.
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sum of the marginal uncertainties of the stimuli and the'responses;

(1) For the st1mu11 (bottom marglnal row of table) the uncertalnty
is 1 bit since "left" and. "rlght" are equi-probable,

(2) For the responses (right and marglnal column to table), the.
uncertainty is computed on the basis of Equation 2.1, whlch
gives a ,997 b1t uncertalnty.

(3) The actual remaining certainty ié ‘the joint ﬁncertaint& of

: the stimuli and responses as shown inside the table which
is computed to be 1,356 bits,. : :

As a result, the information transmitted (I.T.) is estiméted here to be;
IT = 1, + .997 - 1.356 = .641 bits
In'tﬁis (fictitioUé) case, the‘experimentervwould say tﬁat HUS is able
to pick tp .641'bit§ out of the 1 bit stimulus information,
| ‘ Bésides the Information Transmission measure, other,experimentalt
measures have Proven‘to be of much uéefﬁlness: TﬁO'such'measures'ate |
the measure of the reactibn_timé whith it takes HUS to respond téfé
Stimulﬁs, and tﬁe measure of the rate of errors in his régpoﬁses.. In
vfact, Reaction Time (RT) and Error‘Réte (ER) measures are of_more_genéra}.v
apblicability than the I.T. measuré, and they adapt more eésily't6 c6m%
plex éxpcrimtntél aesigﬁs. In the following Ix.3 séctioﬁ,vl shalljshpﬁ
tﬂﬁt perceptual pheﬁomeﬁa oan qualitative nétﬁre, sﬁch as the recogni-~ -
,tioﬁ of patterns, are wore gaéily captﬁred by reactioﬁ time.and error -
rale measures than by the Informatibn TransmisSién mcasure., When the
latter is_ﬁsed, the experiﬁentet méy hgve some difficulties undcrstanding.
the meaning of thetresults, as:shown beiow by the discussion of the.

_potion of "redundancy.' .

1I.111 As imilation of Jnformailon kogaldlng the - Pos:tlon of a Dot =
The problem that I shall address here is how well does HUS dis-

criminate the position of a dot located as a 2-dimensional area,



Before we consider two-dimensional probiems, let us observe what
happens in the one-dimensional case where HUS must judge the position
of a pointe§ on a line. Hake and Garmer (1951) ran an experimént on
thig issue; by varying the number of pointer positioﬁs from 5 to 50
(that is, from 2.32 to 5.64 bits), they were able to observe tﬁe human
capacity to make absolute-judgments in one dimeﬁsion. The main result
_,which they obtained is that the human capacity is limited to an informa-
‘tépn t;gnémission level of about 3.3 bits, which is approximately equiva~
lent to an ability to discriminate ten positions in an absolute judgment
fashion, This pesults has been interpreted aé an indication that there.
is some form of a "éhannel capacity't limit in perceptual,discrimination
'and tﬁat it is possible to describe perceptual discriminationnability
for a given problem with a single number (Garner, 1962, P. 69).,';n_}
fact, the capacity obtained in fhe case of judgments of positions of a
pointer on a line is relatively greater than those obtained for other
visual variables such as hue, size, or brightuess (respectively 3.11
2,84, and 2,34 bits accofding to LEriksen and Hake; 1955); Acqg;diug;
to Fitts and Posner (1967, p, 49), this might be due to some‘ﬁqnghoping”
effect since, in judging the position'of a poiuter ‘along a line, HUS
can use the ends of the line as convenient references of "anchors."

The maiﬁ result, however, remains that the capaéity of HUS to
discriminate positions in-abéolute mannef along a one-dimensional axis
is severely limited by some form of *channel -capacity" effect, Dbes
the same'pbenomenon occur in two-dimensional situations?

In a particularly interesting experiment, Klemmer and Frick
(1953) héve stud;ed the question of how much information HUS ""takes in'

about the position of a black dot in a white square., The exposure time
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of the display.was .03 seconds.‘IThe.subject looked at a 40 XuAO incﬁes
projeétion_screén, and he was provided Qith answer sheets repreéenting
an empty squarevwith grid lineé.~ (This had the,effect of pfoviding
Matrix Diéplay type answef sheets to HUS,) The size of the square
matrix was varied from 3 X 3 to 20 X 20, hence generating Amounts of:
information from 3,2 to 8.6 bits. The main result is that Informa;ion
Transmission increased only up to about 4,5 bits (approximately 24 posi~
tions) where it became ‘constant, thus indicating again-a "channel capac-
ity limit"itype pf phenomenon, Since the channél capacity for judgments
of positions in a single dimension is 3,3 bits, we get the result thaf
information transmission is greater‘with two dimensions than with one,
but at a costvin information transmission. (See p. 44 for the effects
of using a variable number of dots,) Inlothér wﬁrds, if the effects
of_fhe two dimensions éimply added to each other wevwould get 6;6 bits
instead of the actual 4.5 bits, .This result fits well tﬁe general |

: obscrvafipm that an incrgase in the dimcnsioﬁality of the stimulus
increases total inﬁormation transmissions, but decreases the avcrhge

information transmissions per dimension (Garner, 1962, p, 120),

I1.1.2 Adding "“Third-dimension® Variations to a Dot in Two Dimensions
In a review study of experimental research at the University_of
Louvain, Fauville (1963) proposes the following framework of research:

A dot which can occupy one of the ten divisions of a line is the
simplest scheme for a l-dimensional perception, If it can occupy
a cell in a matrix, then we have a 2-dimensional perception, If
now, instcad of a dot, we choose to represent a geometrical form
with different modalities, then we have a 3-dimensional perception.
And so with colors, ovientations, grey shadings , ]

Since we alrcady presented experimental results regarding the first two

steps of this research program, therc remains only the last one to be
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considered, namely, the effect of preéenting a visual item which can it-
self be ﬁhoscn among a collection of items (iﬁétead of being a simple

. dot). |

;Thiéldireétion was explored by'Fauviiie‘(1963) wﬁo‘uéed 4 X 4
Matrix Displays where the position of an item chosén among four possible
items wés to be disériminated by HUS., Given that the total amount of
information which is presented in that situation is 6 bits, Fauville
;found that variations of shape, orientation, énd colpr respéctively
convey 5.7, 5.6, and 5.3 bits of information; ‘Oné impiication of this
finding is that different graphic variables.might impgir different
"losses" in therinformation transmitted, Another i@plication is that
¢compounding dimensions (two spatial ﬁlus one purely viéual) increases
the total informatioﬁ transmission to HOS, at the cost of a degreése in
the average performance per dimension. Her; the average discrimination
performance ié compriséd between 1.77 and 1.90 bits, tolbe compared with
Klemmer and»Frick's result of 1,99 bits, pef dimenéion for a 4 X 4 watrix
(1953) and with Hake and Garner's observation that the information
transmission‘is quasi pgrfect for the discrimination of five positions
on a line (1951),
This result’ is particularly interesting since it shows that an

aréifigial “third dimension™ variation can increase the information

transmission capacity of a 2-dimensional matrix,

I1.1.3 ELffect of the Length of Exposure Time on Spatial Discrimination

o I mentioned earlier that Klemmer and Frick's experiment was done
with a stimulus duration of ,03 seconds, More generally, all the experi-v

- ments of this type are run under conditions of limited time exposure
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(almost always lessvtﬁén a second), so.as to capture the effect of.ﬁcr;.'
ceptual limitations. Invthé'pfactical conditioﬁs of use of Matrix |
Displays, however, HUS has the choice of remaining exposed‘to thevgfaphié
stimulusAfér long periods of time, TFor instance, a manager who looks
at a.diéplay for a minute is looking at it‘2,000 times lbnger thaﬁ a
éubjecf in Klemmer and Ffick's experiment.‘ Henée, the question: Has
time exposufe significant effect on the discriminéfion of the pqsition
of a dot in a Matrix Display?

In their expefiment on multidimensional stimulus identification,
Egéth and Pachella (1969) focus on the very question of fhe effect of
stiﬁulus duration on diSérimination. Using a tachistoscope, a 15 X 15
matrix énd an absolute judgment task,.they vary the presentation times
_froﬁ .1 second to 10 seconds and.méaSure the information transmissioﬂ
in both conditions where HUS is asked to_judge'only 1 dimension (unidi-
mensional situations) and where he is asked to judge on 2 dimensiopé.

(bidimensional situation). The results which they obtain arc as follows:

Table 2.2
Informmation Transmiticed
Information _ (in bits)
Presented Exposure Time
Task ‘ (in bits) .1 2.0 10,0 (seconds)
Unidimensional _ 3.91 2.74 3,39 3.49
Bidimensional 7.81 4,94 5,85 6.79

This table clearly shows that the exposure time has a significant effect’
(p <.001) on the discrimination of the position of a dot both in one
dimension and in two dimensions, It is particularly interesting to ob-

serve that, at a cost in time, HUS can recover the information about



the position of a dot so that almost all the information is transmitted.
Hence, the proposition that we should pay attention to the time factor

in situations of practical use of Matrix Displays is justified.

‘11,2 Mulfiﬁle Dot bisérimination-in“avMatrix Display

" Up to néw'I‘offered couients on’ the exéefimental'evideﬁce Tre-
garding the human capacity to discriminate the position‘of ohé dot in
‘an otherwise empty. matrix, let us now turn our attgntion to the more
complexﬂsituationvwhere HUS 1is presented a set 6f dété and asked to
«disqriminate their respective positions. 1Is a set of dots perccived as
the simple juxtaposition of.seyeral dots, Qr-dogs some‘form of global,

"pattern-like' perception take place?

11.2;1 Multiple Dots and the Dimensionality of the Matrix Stimulus

As we said earlier, a matrix st{mulus,is'baéically two-dimen-
siohal. It has been ogserved, however, than when increaéing the number
of dots to be presented on a single matrix; the overall capacity of HUS
to "ébsorb“-information itsclf increéses; For instance, Klémmcr and
'Frick (1953).using a 3 X 3 matrix increascd the number of dots to bLe
| ﬁresented from 1 to 4 and observed tﬁat HUS was able to follow up that
incrgase; In a further inquiry into thié phenomena, they varicd the
number of dots from 1 to 2 in a single experimént,.and similarly from
1 to 3 and from 1 to &4, Again, HUS clearly sthed his capacity to follow
up the increase in fhe information presented as appéars in the following
table (Table 2,3) of Klemmer and Ffiék;é resulté, :Féuville (19635 con-
firmed these resuits by eXperimenting‘wfth'2 d6ts in a 10 X 10 matvix.

Wﬁéf is ciearly shown hére‘is thét.there ié.véry little loss of

information in the multiple-dot matriées, Increasing the ﬁumbef of dots
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Table 2.3

Discriminatibn'of (1 to 4)'Dots in a 3 X 3 Matrix

Fixed number of dots Varied number
of dots
Number of Dots : Number of. dots
1 .2 3 4 1-2 1-3 1-4.
Information. presented - ) ' '
(bits) 3.2 52 6.4 7.0 | 55 7,0 8.0
Information transmitted , . ) ’
(bits) ‘ 3.2 5.1 6.1 6.6 5.4 6.9 7.8
Average I,T./dimension. 1.6 1.7 1.5 1.3 1.8 1.7 1.5

increases the information absorption capacity of HUS from 4,5 bits
maximum in the 1-dot case (see subsection III.1l.1) to 6.6 bits for
L dots, and up to 7.8 bits for the 1l-to-4 adfsAexperimentai situation,.
Since a comparable increase in Information Transmission could be ob-
tained‘only by compounding Visuél dimensions’bfvvariation (such as bolor,
brightness, éfg.), this érocedure of presenting more than one dot at:é
time has been interpreted to be a méthqd of iﬁcréasing the dimensionality
of the'Matrix Displéy (Garnér, 1962, p. 119). 1In othér_words; by muiti—
plyiﬁg the number of dots, the dimensionality of the‘matrii Spacd is in-
creased to m&pe than its basic two dimensions.» 1t each-dot anounts. to
a dimcnsion, then a matrix showing fouf doté is éix»dimensional. Ag a
matter of fact, this interpretatibn’suits the ggﬁeral pfinciplé that dn
increase'in.the dimensionality of the stimulus increases total informa-
tion transmission but decreases average iﬁformation transmission per
dimension (see bottom row of Table 2.3),

According to Garner (1970, p. 3535, the relative “efficiency" of
the addition of dofs on a Matrix Display might be due to the fact that:.

the two dimensions which serve as the matrix axes (vertical and horizontal)



are perceptually independent, A confirmation.of this notion has been
given by Egeth and Pachella (1969) who'showed that the horizontal and
vertical dimensions of a Matrix Display do not interfere in the dis-
crimination of a dot, There see@s, however, to be aléo a limit in the
number of dots which can be used to -increase the Matrix.Display dimen-
sionality: According to an experiment by French (1954a); the optimal
information transmission would be a;tained with seven déts in an 8 X 14 ,
matrix and would deérease beyond that number, This suggests an absolute
limit ijaboht 35 bits in the information transfer about matrix patterns,
-This 1imit'woﬁ1d be a valid indication of how many different patterns

a human can discriminate out of the same data set (about 3.6 X 1010

’pétterns).

11.2,2 Effects of Noise on the Perceptibn of Multiple Dot Patterns

When several dots are permitted at once a Matrii Display! it
becomes meaningful to inquire abqut the effccﬁs of noise oﬁ‘the pcrcép~
tion of the data., By 'noise," I mean any distortion and/or intecrcfercnce
which.modify the physical stimulus itself. At a very elewmentary lovel
it is remarkable that, in ovder for two dots to be discriminétcd.(i,e.,
perceived separately), they must subtend an arc of at least 1 winute
at the HUS'S eyes (Van Cott and Kinkade, 1972), 'This standard is valid
fo? normal subjects (i,e., HUS with 20/20 vision) and for targets per-
ceived under normal conditions of background luminance; it corresponds
to the capacity of the human eye to percecive at most a ,17 millimeter
érap separating two dots‘from a distance of 60 centimeters, If two dots
are shown closer than that, there is a good chance that they will be

perceived as one dot only, hence demonstrating some "noise" effect.
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If we put aside the issue of visual acuity, there are two ways

by which noise may affect the visual perception of a Matrix Display:

(1) The display might show noisy dots along w1th the true signal

dots (i.,c., there are extra "HOLSQ" dots),

v(2) The display might show the relevant number of dots but
these might be dis-placed (i. e., there is some nolse in the
positioning of the dots).

Experimental evidence is available on both aspects, as we shall see now,’

French (1954b) réquired HUS to find in a‘pattérn‘of noise each
of a series of multiple dot patterns, Since both the target pattern

and .the noisy pattern appeared on the screen, the task was to recognize

within a 5 seconds expoéure time whether or not the target pattern was ~

‘present within the noisy pattern. TFrench varied independently th¢ num-
ber of target dots (from 2 to 9) and the number of noise dots (from 1
to 8). The experimental results are as follows (figures estimated from

French's data plot):

Table 2.4
Number of Dots Percent Errors in Recognition Task
' 1 2 3 4 5 6 7 8.9
Increase Noise dots 22 26 30 30 33 35 34 39 -
Increase Target dots - h0 33 30 31 28 26 24 24

From this table it appéars that increasing the'complexity (i.e.; number
éf dots) of the target pattern improves progreséively the recognition
performance, On the other hand, increasing the visual noise produces

a progressiye decrement in recognition.of'thé targét, According‘to.

French, the recognition performance decreased when the signal-to-noise

ratio became inferior to 3:1, which indicates that HUS tolerates a cer--

tain amount of noise but that his performance is severcly affected by
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noise when it gets beydnd the proposed signal-to-noise ratio,

In avseries of experiments aimed ét the studyof spatial noise,
Posner aﬁd‘Keelc t1968) used dot pattefns varying in distortion from an
:original prototype pattern, All patterns had the same number’ of dots
(9 dots), but the positions of the dot were distributed by way of simple
rules of distortions, TFor instance, the 1-bit distortion rule was that
any dot ig a given prototype pattern was to be randomly moved either up
or down in the first adjacent matrix cell, Several levels of distortions
were so défined, and HUS had to learn tétassoéiate four'different dis-
tortions of each protot&pe (without knowing the prototype itself) with
a single key press (Paired—Associaté iearning). Thén the experimental
task was for HUS to‘recognize a series of pattefns somé of thch had
been learned before, some of which were ﬁew pattefns at thc>same 1evels
of. diétortioﬁ, and finally.some of whiéﬁ were the actuél un~disforfed
prototype patterns. One fundaméntal hypothesis that Posner'wanted to
‘test was whether HUS could learn the reference protofype through the
sole presentafion of'its distorted instances. The main result of Pos-
ner's experiments was that in fact'HUS actually recognizes the unknown
prototype pattern about as‘well as the learned disto;ted patterns, 1In
other wordé, HMUS is able to abstract a faithful representation of the
prototypé dot pattern through distorted instances of it: Hence, HUS is .
able to perceive a "central tendency"™ through noise in spatial positions,
Of course, this ié true as long as the levelvof‘disfortion of the dot
patterns is not too high, Posner suggests that up to an individﬁal
deviation of egch dot by two steps in any direction in theiadjécent
cells, the actua% prototype pattern is still recognized. Since there

are 24 alternative possible deviations, this amounts to saying that a



prototype can be recognized so long as its displacemeﬁt'does not exceed
4,58 bits per dot,

In.summary, then HUS is able to perceive dot patterns amidét
noiée dots_and/dr_in épite of spatial dis-placement, Thié is true;'how~.
ever, only up to a certain point where recognition collapses as‘noisé

.increases,

I11.2,3 Matrix Displays as "“Gestalts"

Besides noise effects, effects of a more “qualitative" nature
might affect the perception of dot patterns in Matrix_Disblays. For
instance, it was observed by French (1954a) in a paired-associate experi-

ment that, for patterns varying in number of dots from 1 to 12, the

easiest patterns for any number of dots were characterized either by an

approximation to symmetry.or'by some degree of “good éontinuation" or.
"stringing out' of pointé, Further evidence on this point was given by
Sekuler and Abrams (1968) who had HUS judge the identity ofv£w0 4 X 4 |
matrices prescnped side by side. Their conclusion_then wés that s -
was "proceséing métrices'asbgestalts, comparing the whole of a matrix
with the whole of the other.” Similérly, Tauville (1963) interprcted
the slight difference between inﬁormation‘presented-and‘ihformaﬁion'
transmitted in ﬁultiple'dot matrices (see Table 2,3 above) as the indi;
cation that Matrix DisplaYs“might be somewhat perceived as."wholes.ﬁ

Let us now go deeper into an analysis of this issue,

I1.3 Gestalt Effects in Matrix Display Patterns
The main result which we have reached thus far is that, if -an
assemblage of dots is presented, they are not perceived each sihgly’nor

as a chaotic total mass, but rather in some sort of a structurcd way.
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The perception of a structure depends parfially-on the objective features
of the constellation of points, and we aré now trying to £ind out which
of these objective features play a major role in HUS's perception!{ For
- this purpose it seems suitable to examiﬁe the-relafion between Gestalt
concepts (Wertheimer, 1925) and notions derived’from Information Theory
(Shannon and Weaver, 1949), 1In what follows we shall particularly ean
mine the relation between-the‘concept of "Goodness of figure" (Gestalt)
and the notion of “Redundancy" .(Information Tﬁcory).
The.concept of a good ﬁigure is based upon the ;bservation that
the set of ‘dots follows some uniform péttern: Dots might be linearly
o .

aligned, or they may be positioned in:a symmétric fashion, or. the total
figure may éhow some form of "balance" (Woodworth and Schlosberg, 1954,
p. 625), ‘In information theory, a message is said to be redundant if
there are ﬁore symbois than the minimum necassaf? to transmit a partich
lar -amount of information; redundancy is useful because it provides a
way to onhaﬁce certain aspects of fhe message and,.therefore, to overcoue
pertufhation and diétortions brought on by noisec. Because Gestalt. psyé
chologists have emphasized that symmetrical figutes, say, are nore
rgadily perceived than asymmetrical figurves, and because a property‘suﬁh
as symmetry can be described in terms of redundanéy, there has been some
speculation that information measures could adequately convey the meaning
of such qualitative expressions aé "goodness of figure,m In this sec-
tion, we shall address the‘issue o£ how Gestalt concepts of a quaiitative
nature related to information theoreticvmeasures. As a conéequence,

we shall consider: '

(1) A variety of performance measures (reaction time, error
rate, etc.) instead of the “Information Transmission" only,
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(2) A variety of tasks (paired-association, sorting, delayed
reproduction) instead of just stra:ghtforward dlscrlmlnatlon
(for example, Jmmedlate reproduction) .

(3) A variety of authors haviug attacked the problem of goodness -
" of matrix patterns in a variety of ways. Here I shall
basically contrast the approaches of Attneave (1955), Fitts
and Posner (1956), and Checkosky and Whitlock (1973),

II.3.,1 . A Study of Rédundahcy in Visual Pattern Recognition

;

This subsectiqn is devoted to the critique of a series of ex-
perimeuts‘on the effect of redundancy on visual pattern recognition
(Fitts and Posner, 1956; Anderson and Leonard;>1958). I shall expose
.in sedquence the problem, tﬁe experiﬁental approach, therresults obtained,
and my interpretation of the results! meaning,

(1) The Problem, According to Information Theqryl aﬁy event
which is a member of a large“set of'evénts is assigned a ptbbability of
.occurrence and.the total'uncertainty (dr'informativeﬁess)vof the set
depends upon the relative probabilities of the various eventsl(see
Equation 2,1); When applieé in the context Qf.psychological experimenta-
tion, thevinformatioﬁ measufe is Qsed to compute the uncertainty of the
set of potential stimuli; that is, Matrix Diéplays, which can be generated
through appiication of a simple combinatorial rule, Now suppoée that
the experimenter Qanté to restrict his attention'to a subset of the éo«
tential tot#l set of stiﬁuli only, then this'very restrictidn creaﬁes
some “rcdundancy" in the dbflnltlon of the stlmull since we have:

Subset. out Qf which

experimental stimuli
are actually chosen

Total potential
set of stimuli — -

Thc 1n£olmaxlon theorctic mcasure of redundancy (R) 1is deflned in ac-

cordance with the above diagram; that is:
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R =1 Actual Uncertainty of Subset Eq. 2.2
Potential Uncertainty of Entire Set .‘ o

The research question which can be raised is whether HUS is sensitive
to redundancy in the above sense; that is:
Is HUS'é response to & particular pattern a fraction of the
redundancy associated with the subset of patterns of which it

is a member?

Ahd) more specifically, does redundancy facilitate the recogni-
tion of patterns by HUS? )

(2) A Procedure., TFitts and Posner (1956) devised an experiméntal
procedure for dealing with these research questiéns. Starting with a
équare matri# of given size, they generate é solid vertical bar QithinA
each(column of the matrix, the height of the bar being determined‘bf
same sampling procedure, TFor instance, given a 4 X 4 matrix, it is pos-
sible to génerate 4“ different bar profiles since we have four possiple
heights for each of the four possible bar columns within the matrix;‘
Alternately, we might say that the process of generating bar patterns
randomly wifﬁin a square matrix creates 2 bits X 4 = 8 bits of informa-
tion, Now suppose fhat, instead of using a random sampling rule, we
use a rule of sémpling without replacemcﬁt, In‘other words, once the
height of the first column has béen cﬁoscn, the height of the secoﬁd
column can take only three values, etc.,.up to fhe fourth éolumn so that
there cannot be two bars of equal height within a profile, TFitts and
Posner call this procedure “constrained,' as opﬁosed to the "random"
initial procedures; the following figure represents the effect of the
~ two sampling rules (Figure 2.,1). Here the constrained profilés are
characterized by the property that no two columns may have the same

height, which in turn restricts the set of all possible such figures to



Figure 2,1
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L X 4 Matrix Random Profile : "Consﬁraine&'Profiie

be a subset considerably smaller than the set of all possible random
figures, 1In other words, constrained figures are "redundant™ in an
information theoretic sense, and this rédundahcy can be compared on the
‘basis of Equation 2.2 (in the & X 4 situation.wﬁich'we illustrate:_R =
1 - (log (4 )/8 bits) = 42,75 percent).

(3) Results. TFitts and Eosuér (1956) have investigated the
effect of thié form of_rcdundancy on pattern'rééognifioﬁ by préSénting
Hus alternately with “random"‘and ”constrained” stimuli, built on a
8 X 8 matrix, 1IUS was presented with each stimulus for 2 scéondé and
then he had fo sort out in syétematic.mannerjﬁ patterng identical to the
stimulus and intefspersed among 42 other fbreigﬁ patterﬁé. Mean rdcog»
nition time waslﬁhc petformance'criterion, and the battgrns could ﬁc
présented in‘single ﬁashion (oné profile only), or doubled-(two ideﬁtical
profiles), or mirrvored (the'érofile is rcproduceé by-Symhétry)f Thé
results are as fdllows: ” |

Table 2.5

Mean Recognition Time (seconds).

Type of Profile " Single Double Mirrored Mean

Random 1.79 1.87 1.76 1.81]
Constrained 2,50 2,67 _ 2,49 2,55




Clearly, the random patterns are discriminated more rapidly than the
constrained patterns in all cases, This indicates that the effect of
"redundancy'' was detrimental to HUS's performance; in other words, the

fact that the constrained figures were bicked out of a restricted subset’

,

of poténtial stimuli did not'imp?OVe, but rather slowed down the recog-
nition peffofmance. Hence; the seemingly "st:ange“ result that set of
stimuli with largest variability (random set) gave a better performance
thén a sét'of stimuii with lower variability (constrained set)., This
result was further verified by Aﬁderson and Léonard (1958) with a similar
c1assifica£ion task, and with a different sitgation of pairéd—asséciate
learning,

(4) Comments, The fact that redundancy was detrimental rather

than beneficial to profile pattern recognition in Fitts and Posner's

éxperiment (1956) is not totally counter-intuitive, Suppose, for instance,

.thét we introduce here the qualitative>(Gestalt) notion of fgoodncss"

of figure: Clearly, the.constrained figures are nﬁt "good figures'
because, dué to the sampling restriction that no two columns have the
same'héight, theserfiﬁurcs always show irregular‘assymetric patterng,

On the other hand, the random figures have almost always some chance of
containing several doublets of bars of equél height; hence, facilitating

the fixation of the gaze and the structuration of the percéption (anchor-~

iﬁg effects) . Tﬁis suggests that the coméutation of an>amount of redun-
ggggz.accordiﬁg to an inforﬁatiop theoréticvformula tells only one side
of the patte#n recognifion process, and that it is equally important

to consider the more specific visual chéracteristics of patterns in order

to hypothesize whether the form of redundancy will be beneficial or

detrimental to pattern recognition,
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IX.3,2 1Information and Goodness of a Matrix_Pattérn

The question of fhe form of reduhdancy is of more qualitativé
nature than the question of the amount of redundancy, Inétead of conQ
sidering the statistical properties.of'samples of figures, it fequires
that we pay attention to the individual charaéteristics 6f figures in
terms of their “goodness ,* This in turn brings invfhe question of how
to harmonize the quantitafiVe notion of redundancy,‘or information, with
- the qualitative notion of goodness of figure so as to get a bettef ﬁndéf—_
standing what happens when HUS ié faced-with.é Matrix Display.

An interestiqg_attack of this issﬁe has been iilustrated by a
series of experimehts in which Attnéave (1955) compared the perception
of random vs, symmetric matrix dot patterns;

'(1) The Problem; Symmetry is one of the most important qualities
'which might characterize the goodness of a figure, Attneave's investi-
ﬁation concerns'the reiations befweenlsymﬁetry and information, where.
the information content of a matrix.pattern is evaluated in an informa-
tion theoretic sense, The specifiC’quésfion which Attneave addrosses
18 :

- Are symmctric patterns Better perceived than random ones becauée _
they contain less ‘information, or does their superiqrjty pcrsist
cven when information is held constant? = ' : '
(2) A Procedure. 'The geﬁeral idea is to compare how two matrices

of equal size are perceived) given thatvone éhows_a randpm pattern'éf

dots, while the other shows a symmetric pattern, ”The'Speéificvpfocedure

which is used is as follows:

(1) First generate a random pattern in a 4 X 3 matrix so that
the occurrence of a dot in any cell is detcrmined independ-
ently with a probability .5 by means of a table of random
numbers, This defines a 12-bits dot pattern,
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(2) Then duplicate this 4 X 3 base pattern by symmetry in a
4 X 5 matrix, and duplicate the 4 X 5 matrix itself by
symmetry in a 7 X 5 matrix, Hence, from one 4 X 3 base
pattern, two symmetric-patterns of same information content
(12 bits) are defined in 4 X 5 and 7 X 5, '

(3) Alternatively generate 4 X 5 and 7 X 5 random patterns by
using the same rule as for the generation of the base 4 X 3
pattern, Heré the information contents of the matrices
generated are respectively 20 and-35 bits. This procedure
then provides two groups of 4 X 5 and 7 X 5 matrices; one
group is characterized by symmetric patterns, the other by
random pattirns,

(3) Results, The differences in HUS performance on random vs,
symmetric patterns was assessed for a variety of tasks including immediate
reproduction of the patterns, identification of the patterns by names,
and delayed recall of -pattern names, (The two latter tasks are typically
paired-associate tasks,) Attneave obtained the following results, where

the index of errors is computed -as the ratio of the percent error rate

over -the. corresponding error rate with the reference 4 X 3 base pattern,

Table 2,6

Error Ratio :
(Data inflerred from Attneave's plots)

Symmetric Patterns Random Patterns

Task ' 4 x 5 7 x5 4L x 5 7 x5
Tmnediate Reproduction 2,25 3.75 2,75 4,63
Delayed Recall 1.50 1,63 -2.,00 2.38
Identification_ 1.06 1.09 1.40 1,57

(4) Couments, These results indicate that symmetric patterns
are conéistentiy recognized better than random_patterns in matrices of
equivalent sizé;A But since all error rates are greater fhan 1, they
also indicéte that HﬁS always made more mistakesiwith a symmetric pattern
than with its cérresponding source pattern in thé 4 X 3 matrix, In

other words, given the same amount of information (12 bits), a symmetric



pattern of iarger dimension (u'x 5 ané 7X S'matricesi is not reébgnized
better than a random patternhof smaller dimensions (4 X 3 matrikx). Here
we find that the rédundancy introduced by symmetry doesn't improve HUS
berfOrmance over a smaller reference pattern of same iﬁfo;mation con?ent.
It,is~rcmarkab1e;'however, that améngvthe selected‘threevtasks,
Identifiéation gave the smallestratedf errors;v Sinée this”task was
Lhe closest to belng a pure pattern recognltlon task, we mlght 1nfer
that HUS developed some form of an *organizing" process which the infor-
‘mation measure does not convey., Attneave himself observes that HUS
tended.to remember where dots were located with respect fb each .other,
rather than whether individual celis'were dotted, This amounts to_say—
ing that the.computation of matrix information aé the sum of individuél.:
cells information misses one iﬁportant aSpect.of huﬁén perqéption:'
namely, the fact that pattern recognition is related_to_glqbal-featuresv-'

of the patterns,

11.3.3 The Goodness of Matrix Patterns

On the basis of the two preceding se@tions, we may now perceive
an apparent incompatibility between an information theoretic apprOach"'
and Gestalt concepts:

(1) On the one hand, information Lhcory’ﬁnables us to dcal with:
the statistical properties of matrix paitcrua (samp]e qclec~"
tion, matrix size, etc.)

(2) On the other hand, Gestalt theory emphdsiéus the geometrical

properties of 1nd1v16ua1 patterns such as symmetry, good
_contlnuatlon ~and -other forms of regularity.

Is it poséible to reconcile both approaéhes so as to understand better

the factors which influence the human perception of matrix patterns?

(1) The ?roblcm. “According to an information theoretic Viewpqidt,



a critical factor in the percepFion of a singié stimu1us is the size of
its subset relative to the sizg of the total set, One critical aspect
of the applicatioﬁ of information theory to diéplay problems is then
the choice of which ¢riteria to use in order to define subsets of stimuli.
It seems that the Gestalt critefia ﬁould find here a perfect ground for
épplication, sincé they suggest that certain display features have a
more important role than others, ~‘- : . AN

Suppose, for instance, that we pick up'éyﬁmetry as‘beiﬁg an
important feafure in the perception of matrix patterns, then thg question
which we need address is: How dées the criteria of symmetry affect the
defini£ioh:of“suﬁsets of matrix pétterns in the universe of a11‘pos$ib1e‘
pattérné?, | |

(2) A Procedure. Iet us first observe'that, in order to;dgﬁer—

mi;e the uﬁiverse of all patterns fhat can be 6btained on a square ma-
trice each cgll of'which canvtak; any of two valtes (filled Qrwunfilled),
wé néed only know two paramcters, namely,

(lgTThe size of thg matrix (m X m)

(2) The number of filled positions (p)
If we know these two parameters, we can generate all possib]c'patterns
in a systematic manner, H

One such systeﬁatic manner can be definea by ﬁay of two geometric
qperatiohs:

(1)‘R, which operates a pattern rotation throggh QQO )

~(2) S, which operates a reflection in the middle vertical line,
i.,e,, the y axis -

According . to Prokhovnik (1959),;we can define the universe of all possib1e 

patterns on the basis of a smaller number of configurations, or equiva-
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lence classes,
(1) Symmetrlc conflguratlons are those invariant under any

combination of rotation R and reflexion §, 1, e., the group
[R Q] of order '8,

(2) Seml—symmetrlc configurations are ‘those invariant under the
' subgroups of [R,g] of order 4 i.e., [R J .

" (3) Anti-symmetric conflguratlons are thosc invariant under the
- subgroups of order 2, i.e., (rR2, s, sr?2, and SR J

(4) Finally, asymmetric configurations are those which are in-
' variant under I (identity operator) only.

In other words,.we.may generate at least one pattern for any
given configuration through use of the S,R, and I operators: Inyfact;
we know that We can.resPectively generate-S,’4, 2; and i patterps in

. asymmetric,. anti~symmetric, sémi—symmetric, and symmetric_coﬁfigurations.

This.approaéh provide§ a vehiclg for reconciiiﬁg informatiqn
measures and Gestaltrconcepts. Sincé-each cdnfigufation can be considf
_ered tb form an equivalence class, and since it is -possible to know the
size of that class (i.e., the number of patterns 1t Contaipsj, we have

- a means of n(asﬁrlng the rc]dtlvo Lnformatlvone s of Qach patLérn; At
the game timé, we are able to assess the gedmetric goodness‘of the paL~
terns in térmsvpf the symmetry they show, since cach pattern belongs to

an equivalence class which is qualified in terms of symmelry,-

(3) Some experimental results., According to what I said above,
‘good'" patterns should be those which are generated from configurations
possessing some amount of symmetry (i.e., symmetric, semi-symmetric, or

antl—vymmetrLc conflguratlons) while "bdd" pdtterns bclong to dsymmefrlc

equivalence classes.v This distinction was actually used by Checkdsky
and Whitlock (1973) in an experiment where the recognition performance

off HUS using asymmetric patterns was compared with that of HUS using



anti—symmetric patterns,

The experimental stimuli were 3 X 3 matrices containing 5 dot-
patterns, members of equivalence sets of size 4 (gdod battérns) and 8
(bad patterns). HU$ was asked to learn a set of 2 or 3 patterns which
were consisfently eiﬁher good or bad pattefﬁéf Later HUS was prescnted
with a series of patterns one at a time, and he was asked to respond
t'yes't ifvthe test pattern matched any of the learned patterns and "'no"
votherwiséL

‘In ofder'to assess the performance of_HUS, Checkosky:and Whitlock
" (1973) recorded both the recognition time and.the percent errors made

on “'good" and '"bad' patterns.

Table 2,7
ype of Recognition Time (ms) Percent Error
Answer ‘Good Pattern Bad Pattern Good Pattern Bad pPattern
no 629 : 688 2.88 3.50
yes 600 . 690 7.00 12,60

On.the basis of this table it appears quitc‘cleariy that "éood" patturns
vare recognized faster and more aécurétely than *'bad™ patterns, This
indicates that HUS is able to take advantage of the fact that good pat-
terns are selected out of subsets having certain characteristics of syu-
metry. Another interesting resﬁlt is that, when the patterns previously
learned had to be identified (the "yes"™ situation), HUS did much better
with good than with bad patterns (the increase in errors is less than
the corresponding increase for “bad" patterns, and the wmean recognition
time even decreased), This indicates that the identification task takes

"advantagemof-a global feature such as symmetry, which confirms the result



of Sekulef and Abrams (1969);

(4) Comments., The experimenf of Checkosky and‘Whitlock (1973)
demohstratés that the Gestalt concept of."goodness“ can.be apptoachéd
iﬁ,a.qﬁantitative manner, The choice.pf maﬁrix patterﬁs on tﬁé~bésis
of their symmetry sef membership is directly.related_to the information_. 
theoretic notion of redundancy, Iﬁ other wérds this experimentvprOVides
us with a case where the goodness.of a figure is properly assessed by
way of quantitative measures: Here the Gestalt concept of symmetry:is
directly.related to the information theoretic'notion of redundancy.

.Tﬁis‘has important implications for a theory of Maffix Dispiays.
. Sinée it provides somé evidence that the user of a Matrix Display'isaaﬁle
. to téke adyéntage of Gestalt effects, It reinforces the view (Fauville,
1963) according to which HUS can perceive‘matri¥'pattéfns:in'a global
fashion. vIt‘aISO confirmé Attneave's iﬁtuitioni(l955) that‘the user of
éjMatrix Dispiay is somewhat more able to perceive the.rélatiohs'bétwcgn
thc_displaycd elements (dbts) than thé precise location othﬁcreiemﬁﬁﬁs.
_ themsélvés; _In'fact; it écems that Céstalt eﬁfecté eﬁéble HUS tp gov
-~ beyond théllimits of hié»abéolute channel capacify iﬁ much the samce way
és "chunks" of letters incrgasc his capacity to absorb_v¢;ba1 information

(Miller, 1950).

IT.4 Frbm Lxperimental to_Practical Matrices

Up.to thisbpoint,rwe have focused:qﬁ those expcrimehtél résﬁlts
_ which present a direct interést,for thé thesis that Matrix Displays arc
’féasibIC'aidé to perceptual tasks, n partiéular, it is pdssiblé ta
“summarize those rcsulté into a set of six propositions:

(1) The capacity.of WS to discriminate the absolute position:
of a dot in an empty matrix is limited to about 4.5 bits
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(24 positions or cells in the_matrix).

(2) Multlplc dot displays improve HUS per£01mance up to another-
"~ absolute limit of about 35 bits, or about 3,6 X 1010 patterns
(as estimated from French's expcrlment (1954a) with 7 dots
"o in a 112-cells matrix),

(3) Besides the two- dimensional'position of a dot, HUS is able
to take advantage of any additional “third dlmen31on" varia- -
tion such as variations in the size, color, value shading,
etc,, of the dots., This permits to increase, if needed,
. HUS's information transmission capacity almost proportionately
to the information presented, at the cost of multiplying the
-visual variables, o o :

" (4) Gestalt effect (such as symmetry, goodness of form, good
continuations, etc,) have a considérable role in matrix
pattern perception, as shown by tiwme and error data, Appar- -
‘ently, HUS is able to recognize and take advantage of any
such regularity present in the matrix data. It is difficult,
but possible, to comnect the quantitative measurement of '
~information to the qualltatlvc characterlstlcs of Gcstalt
,regularaty :

(5) HUS can tolerate a moderately high amount of noise in the
- matrix patterns--both in the positions of dots and in the
organization of patterns as wholes. An cstimate of the
signal~to-noise ratlo down to which HUS can recover the
~proper plciure is a-3:1 ratio, Below this level, TS per-
formance is dramatically impaired, ' :

(6) MUS's performance improves as the observation time increases,
"~ Since it requirves about 10 sccohds for NUS to pick .up.the
absolute position of a dot in a medium-sized matrix (for
example, 15 X 15), we expect that the information pickup
on lavger and/or ful]y filled watrices will requjxc order
Oof minutes,

"The abové:expcrimcntal results provide solid guidelines as‘to

- theivaluc of ‘Matrix Displays for visual fecognitién pfoéedurcs. ‘Hoﬁevefg
‘it is remarkable that these results, which we as sembled here for thé~"

-_ purpose‘of-sﬁpporting our thesis, have becen 6btained undef limitcd_éx—

perimental conditions such as:

~

(a) Use of sparse matrices (raré]y filled.at.more than SOﬂperccnt)

(b) With o»qonilally andly SleUlL (each coll is cither fl]lcd
or awmpty) :
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(c)vSﬁowing.mainly_qategoricai data
As a result, the practical situation--which we expect ﬁd.méepé—ofia
'management user faced with a nearly full, muitipig valhéd, andbpossible"
non;caﬁegofical data métrix; seems to be far 6utside thé\ekperimental
‘éircuméténces, |

Hence, tﬁére'is a need for us to explore'the ways in.which_the
'empirical situation of matrix usage can be connected.fo the,important'>
fesuifs found in experimenfal settings, 1In thevéubsectiOﬁs_which foliow,‘
Wevexamiﬁe the three above points (a; b, énd‘c) so as to show that the
available experimental evidence is applicable to empirical»situatioué
as well.v Again, I sﬁallvusé‘experimental results cbncerﬁing HUS's‘per;'

formance in perceptual situations,

1141 rell Multilevel Matrices

| When a matrix is fiiled'with gfaphic éymbols taking'mnltiplc
values, the possibility.tb discriﬁinate_between "fiiled“ and:“empty;
positionsvseems to be lost, because all matrix positions are filléd.
This, hdwevér, does not mean that the matrix can no 10ngef b¢ used fbr_
discrimination‘purposes: In fact, tﬁe chtrary phénomenbu occurs, that
a filled mafrix is still morevadvautageous'to discrimin;tioh task; than
‘a nearly empty matrix, xOﬁly thé cbmplexity of the pfoblém‘ihcréases ﬁy:
(ét leaét) a factof of two, |

- This X 2 factor has a ratijonale behiud-if:i Giveh a fully filled

matrix, gbcqgiareutwo,ways iﬁ‘which discriminatiou bei@een cells may
:ogcur;\ On the one hand, HUS may discriminéte»differgnées'in the ovérall
drrgugement of ceils, i.e,; diﬁferenceé (or irregﬁlarities) in_bositibns,

- On the other hand, WUS may discriminate differcncés in the overall simi-



63

larity between the viéual cﬁaractefistiqé.of the dells., These two pos-
sible approaches'correspondvto two clémenfary compafative~tasks; which 
havé béeﬁ enuﬁciatéd'lohg ago by Gestalt £heorists (Wbrtheimer, 1925;
Woodworth and Séhloébefg, 1954, p.>625)3aé:>
,(}) The compqrativeﬁjudgment of'fﬂe pfoximity of itéms
(2) The comparative judgment of the similarity of itcms

Tor instance, consider the following display matrices:

Figure 2,2

(D | 2 (3

Thc.first matrix-shows a homogencous, fully fiiled field with cclls
having thq same siie and regularly positioned'ﬁith respéct to.ench othcr;
The second mattix_shows the samc.ﬁasic items, with a Slight modification
in th9 position Sf one cell at thé second row’_third columi, This modi-
fication disrupts th; éerccption oﬁ'thc thlé matrix, since the reader's
éttention-ié immgdiately attracted by-thé irregularity in thc.arrangqmcnf;
It illustrates the rolé.of proximity in thé'regognitibh of fully f£illed
hatrices, .Finally,'the']ast métrix, (3),vshoWs.the efféctsjof using "
'oqelifem.distinctly diﬁfering-im sizc fro@ the other:itemé; .

Tﬁg fundamental idea'whiéh is illustfatcd here is #hat a‘fuil
 métfix'offefs at.léast as much opportunity for discrihinatién,tésk?iési

a nearly empty matrix, WUS is able to make use of both spatial clues
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(relations of proximity between items) and_visuél C}ues (relations of
similarify between items) in discrimination aétiVities. The fact thaﬁ
a matrix is filled ddes not modify the‘basic problem of discriminétion;
rather it gives it more complexity, in the sensé_that elementary varia-
tions have now to 5@ Judged against background of other items, Very
few éxpétiments have been run with matfices.in'“filled" conditioﬁs,

- I would like to mention the one by Williams (1969) who used."qluttered
fié}dé" aﬁproximating the filled matrix situation, in order to |
evaluate the effectiveness of color vs..size vs, shapes variations for
discrimination, Another is the series of experimenté in cﬁildren\s'
cognitive‘developmént realized by Piage£ aﬁd Inhelder. (1967). Both ap-
proaches confirm that‘it.is possible- to extend té filled, multilcvél'matriceg

the results obtained on simpler, nearly empty matrices,

IT.4,2 Psychophysical Considerations

I mentioned'aﬁové that a matrix which is filléd offers an op—
portunity for.similarity cdmparisons between graphic items.v Tﬁis raisesz_'
the question Qf how the distribution of‘vhlues of the graphic items -
iufluencés'HUS ﬁcfformahce.

Alfhoughrno direct evidence is évailablc on-this'point, we pos-
sess sowe elements wﬁich comc'from the fiecld kno&n.as ﬁp;ichqphysigs.ﬁ
If we consider that HUS compares elementafy'items two at'a time, this'
perceptual situation is sowmewhat eqﬁivalent to the ¢omparati§e judgment
of a stimulus with a sténdard, ieading'tewsuch answers - as: Jsame,"}_,ﬁv;'
"bigger;" or "smaller,* The concépt-of psychophysics is to reiafe the-
psychoiogical sensation (that is, the hﬁman‘judgment) to the ﬁndcrlying

physical characteristics of" the stimuli. The fundamental result is the



‘observation that? as expected, psychological sensatién is related to
"physicai variation. As early as 1860, Fechner had formﬁlated a loga-
rithwnic law according to which, when two sfimuli increase proportionately
in size, their differénce (or “just n;ticeable differeuce"§ is perceived
asviﬁcreasing logarithmically (i,e., less than proportionately), Bertin
(1§67)»shows that this law holds fﬁr vafiations of sizes of dots,

| Howevér? reéentvresearch has definitely shown that the logarithmic

formulation of the péychophysical'léw is not universal. Psycliophysical-

ftransformations ofher than the logarithmig function havé been found to
'~.hoid, depending on the exact graphic variation used (e.g., size, shape,
density of shades, etc,) and depending on £hc userfs recognition tasks.
For instancé, Bertin (1967) proposes.that a logistic fuﬁction (S-shaped)
‘18 apprbpriéte for variations in value density. Jehks and Knos (1961)
define several possible transformations including the inverse logarithmic
function (i.c:,'the exponential), These results can be.applied to the
casc of Matrix Displayé} They suggest that a variety of psychophys ical
transférmaﬁions be available to the uscer, whicﬁ would apply them depending

on the specific circumstances and needs,

IT,4.3 Non-Categorical Data and Graphic Variables

Most experimentai evidcﬁce on the pérccp£ion of Matrix Diéplays
has been gathered in circumstances where categoricalbdata’only WaS'used_‘
Since management application may require the considerafiou'of other:déta
types, it.is important to observe how a varietly of.data:typcs'may affect
matrix pefcéptiOH. The figurc below (TFigure 2,3)'shoys the thyee basic_
data types which a management table may Qoﬁfain. The distinctiohbmadg

- here between categorical, ordinal, and cardinal data corresponds to the

,
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Figurev2,3

ol1[1]o0 12 a]1ls 2356 |.22].36|
oloj1]o 12! 8| s o _ .86 .40 |.16.47
1 ]ol1]o _ 11| 6|10 |16 72 ].52 .64 l.37
1110, 7 113 |18 {15 .36 |.60 [.75{.12
Categorical data. Ordinal data | Cardinal. data

distinction of measurement theory between nominal, ordinal, and quanfi—
.tative measufemenf (Ackoff, 1962),' In theé aone figure, the categorical -
data are binary items such és those classically used in perceptual ex-
periments: vGréphically, they show up us 2~stateé cellé feither emply
or filled); More generally, categorical data éhbw up as n-states cells
where the n-states are conveyed by means of any graphic variation (such
as size, value shadiﬁg, shabé; color; orientation, texture,;ctc.).
When ordinal or cardinal data must be glaph1ca11y IODIP"CD1(d

auvintercsiing problem of mépping oceurs, namcly,

Can ordinal and cardinal variations be conveyed by any kind of
?ldphlL variable? , :

Bertin’s research (1967) proves that not any graphic variable can convey
ordinal or cardinal variations., 1In fact, it shows that very few graphic
variables c¢an convey variations other than categorical;.-Namely,

(1) Variations of texture, shading, and size can convey rolatlous
of ordcr between 1Lems (ordinal data)

(2) Only variations of size can convey quantitative relailnns
between data itews (cardinal dde)

. The result is of considerable importance fior the practical usage of -

-Matrix Dis p]ays since it indicates a fundamental 1imitation in the
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capacity of.“tﬁird dimension® variablés (i.e., variables ofher than the
plane's 2-D) -to convey fully metric, quantitative data variatidns,

This limitation is nof critical to the use of Matpix”Displays; to.fhe
extent that it is arwéys possible to cbmbine graphic variables so as

to rcpfesent as'much_qUantitative variatioﬁ as needed., Onc of its éf—
fects, hOWeVer, may be to reduce the metricity, or quantitative prcdisiqn,

of the data which HUS absorbs display—wise.

In sum, this chapter based on experimental evidence, has shown
that:

(1) Matrix DLsplays can support perceptual tasks such as dis-_
crimination and pattern recognition.

(2) HUS's information abserption capacity is limited by various
perceptual characteristics, But HUS is able to reduce the
information overload by taking advantage of any structural
feature such as redundancy, symmelry, etc,, prescnt in the
-display.

(3) There is a difference in degree, not in kind, between the
experimental use of Matrix Displays and their practical
_usage, Experimental results apply to the practical situation
of a muuagcment user as well.

As a consequence, we definitely concTude that Matrix Displays arc feasible

aids to human visual perception,
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CHAPTER IIIX

MATRIX DISPIAYS AND MULTIDIMENSIONAL DATA ANALYSIS

The aim of this chapter is.tb assess the utility of Métrix,‘
Display for supporting Data Analysis, énd more specifically, thé(aha}ysis
of mﬁltidimensional daté»sets. As opposed to the previous chapter,
where we.dealt with tasks of immediate perception, we are now cducerned
with tasks of cognitive inference based upon the recognition of statist;-v
cal structufcs within the data. The sfructuresvwhich havé been reéogniZéd
of much uséfulnéss in'multidimensional,analysis are thoée related to .
ordering and/or clustering taéks; We shall hereaftér cvaluate the cap-~
abilities and limits of Matrix Displays as a modc of reércscntatio# and
discovery for such structures, o

As iﬁ the preceding chapter, I shall make use of a épccific 
~acronym to dvolrnate in & homogeneous and permanent fashion the uéer-of
Malvix Displays which we consider in this chaptef3  This character,
called MBA--for "Multidimensional Data Analyst“——,-Wiil be fhe actor
of our inquiry into the ability Qf.Matfix’Displays fof multidimens ional
anﬂlysis: As wé shall sec, MDA proceeds to an:analysis.by focusing - on
a specific ﬁype of data matrig, called the similarity matrix, The p?i—
mary rescarch question that we shall face will then be:

-To what extent does research in multidimensional scallng support
Lhc thesis of the feasibility of Matrix Displays?

There is very little research material avéilable to answer this

-

question, Only the works of Gutiman (1954, 19552, 1955b, 1966) offer a
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_direéyﬁattack.on the issues involved.with the discovery of struétural
patterns in a similarity matrix. There are, however, a lot of sca?tered
pieces of evidence ﬁhﬁt the Matrix Display of s;milarity data has some
payoff for multidimensional analysis., 1In ;hé sections which Eolldw i
'shall then attempt to combine and integfatc the ayailaple evidence iﬁ
the best manner, so as tb show that thé Matrix Display of simiiarity
,dafa,is'a feasible aid to MDA, - I shall, in ﬁarficular, demonstrate that
three typicél analytic tasks (one—diﬁensional ofderiﬁg, two—dimensioﬁalb
ordering; and clusfcrlanalysis) can be accomplished bvaay‘of Matrix. -

Displays.

iII.l Mﬁltidimcnsional Aﬁalyéis'and Matrix Displays

'III,1.1 Principles of Multidimensional Analysis ‘

A multidimensional data set typically consists of an n X B matrix
with n object entrics aﬁd p attribute entries, with each object sépred
-Qﬁ cach a£triﬁute. To the extent that thé scores are normalized,'it is
possible to describe the data matrix as a set of n prpfiles.ovcr p attri-
butqé; The basié aim of multidimenéional analysis.is to reduce the
complexity of thg n X P data sct to a.set of: 1owér complcxity,vg X q-
sucﬁ that g:is very small comparéd to cithér noor p.

The general principlc'yhich has been used to.solve this pfﬁblem
is based on the observation that fhe stafisticai reduction of an n X E
gpiversevinto‘an n X q universe (where ﬁ<§:vg,2) amounts‘to’an equivaight'
reduction in the space -of representation: 1f caéh of the p atfribufé;
was repfesentgd,as a dimension in space, ecach o# the n objects coﬁld be
,'.plottcd oﬁ this E~dimensioﬁa1 space; the problem of multidimensionali

analysis is to reduce the dimensionality of the space from p to q without
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losiﬁg the spatial coﬁfigu:ation,of the n objects in the proéess;"The
principle which is then used to guide the analysisiis that it is accept-
able to represeht E—dimensional data in a space.of dimensionaliﬁy much
Iéwer than g, if. and only if the relations of spatial proximity between
the n objects keep reflecting the relation ofvsimilérity.betwcen,fhesé
objects] | | . |

The concept which is central to multidiﬁenéional analysié'is
that of éimilarity: If.two objects have exactly the same profile'over
the‘E-attributes; they are said to be fﬁlly similar;.cqnvcfsély; objects
with exactly opposed profiles are said to be fully dissimilar, There
exists a whole variety of ways to cdmpare numerical estimatcs of simi-
larity, called simiiarity coefficients; Depénding on the type of data
af.hand, the objecfivés'of the.analyéisé.and the degrée of preéigion
which is requifed, MDA may uée various measures, from "assbciation_co—
“efficients"” for'nou;ﬁetric data to "resemblance éoeffigients" for fully '
'métric daﬁa (Sneéth ané,Sokal; 1973), One typical, Widéspreﬁd example
- of siwilarity coefficient is.fearsou's ﬁrbduct—moment correlation co-
efficient: (sce‘Equation 5.1) wifhiprbperties (for any two objécfs T and
J in the sct): |

(1):Corre1atiqn (I;I) = maximum = 41

(2) Correlation (i;j) = correlation (J,T)

3) Cogrelation (i;J) belﬁngs to interval [}1,H+i]
In general, similarity éoéfficients verify property 1 (ihe'siMiiarity of
an object‘with itse}f iguﬁéx;;;;; ang.broperty 2 (the similarity betﬁeen'
two objects is independent of their order). But propérty 3 is a specific:
feature of the Pearson proauct-moment cofrélation coefficient and related

measures,



In any case, as a result of similarity compqtqtions,,MDA gets.
an E X E‘similafity mafrix which ié symmetric around its mdin éiagoﬁél
(broperty 2 above), Hence, the first_steé in multidimensional aﬁalysis
can be'illustréted as the process of going from the n X p data matrix’

to an n X n similarity matrix:

~ Figure 3,1

Attributes ' Objects
1 2.3 4 5 A B C D
A , - A./
7

B . 2%;/ diagdnal of
‘ /] ~highest

@]

Objects

B

Profile Matrix ' Similarity Matrix

-

Once the n X n similarity matrix is obtained, the problem of wultidiwen-

siohal analysis is to find a representation of the n objects in a space.

of dimensionality ¢ (With q << n,p) such that the relation bﬁ proximity -

in space typically correspond to peiationé'pf similarity between objects:

‘The more similar two objects, the closer they should be in_ﬂ~spacc}

I11.1.2 Mcthodelogy “of Multidimensional Analysis
Originally, the methodology of multidimensional analysis has
developed upon the notion that it is possible to approximate the n x n

similarity matrix by one of lower rank (Fckart and Young, 1936). This

229/ coefficients
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has lced to Factor Anaiysisvand relaﬁed methods, where MDA looks for tﬁe
space of lowest dimensionality which is compatible with a stringent
criterion of statistical validity. Oné such criteriop, of general util-
ity,‘is the percent variance in the n X n similarity matrix accounted
for by the recomputled S_X q factor matrix, 'For'instdnce,>a 95 percent
level vhriancenaccounted for is‘generally regarded as a suffiicient guaran-
tee that the g—dimenéional;representation'faithﬁully reproduces the
D X n similarity matrix.

The proéedurc which is'used-in thé above épproach is fo set a-
priori a cértaip wanted ]cvel.of validity, and . then to search for the

lowest dimensionality compatible with it, i.,e

.3
Given the n X n similarity matrix, f£ind the space of lowest
dimensionality q which is compatible with a fixed criterion
level C, ‘ '
As a result of formulating a criterion level -C of high statistiCalbsig-
nificance, it has generally beecn observed that the "lowest" dimensionality
¢ which results is rvelatively high (a minimum of 5 to 7 dimensions).
This high dimensionality in turn affects the interpretability of tle
aalysis, since MDA cannot casily interpret configurations in a 6 or 7- -
diwcnsional space, As a consequence, an alternative approach has cmerged,
where the problem is "reVCrsed," i,e,,
Given the n X n similavity matrix, f£ix the dimensionalily of .
the space to ¢, and find the configuration which, within that’
spacc, gives the best fit to a statistical criterion C,
This formuiation is at the origin of the Multidimensional Scaling
wethods (forgerson, 1958; Shepard, 1962a, 1962b; Kruskal, 1964a, 1964b),
According to these methods,: MDA sceks primarily to obtain rcadily inter-

pretable configurations--hence, configurations in a space of low dimen-

sionality. ¥or instance, Shepard (1974) rccommends that one- and two-
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diménsional‘spaces would provide for suitable representations of similar-
ity data, In'aqcordance with ﬁhis view, the statistical cniteripn to
be uéed for jhdging the adequacy of a representation is iess stringent
than a criterion of absolute validity such as the variance criterion,.
for_instanco, non-metric measures of goodness-of-fit, based only on the
correspondence between ranks in the orderings of similarity coefficients
and proximities have bcen Specifically devised (Kruskal; 196&3,_1964b);
Iﬁ summary, the use of scaling methods betmits representations which are
'génerally less accurate but more interprgtable than traditional factor
anaiytinmethods._
Thc'methodoiogical debate which MDA must face wﬁen'dnciding upon
which multidimensional method -to use - is then whether to choose' accuracy
iAt a cost in intérpretability, or interpretability at a cost in accuracy.

- This debate resewbles very closely what Tukey (1971, 1975) calls the

~debate between "exploratory'™ data analysis vs. “"confirmatory" data analy-

~sjs: On the one hand, an expioratory approach aims at finding low-
dimcnsionul, rceadily interpretable configuvations; on the other hahd,

a confirMutory approach seeks primarily to obtain a high level of sta-
‘tistical significance, As we shall sec nbw, thﬁ use of a walrix repre-
soutation‘of similarity data changesAthc.nﬁturc of this‘debaté;_bccéusc

it l¢nds -itself to both an exploratory and a confirmatory approach,

117.1.3 Multidimensional Analysis with Matrix Displéys

In the classical formulation of multidiménsional analysis which

N

we gave in JII1,1,1, MDA attempts to reducc a p-dimensional space, obtained

by interpreting each attribute as a dimension in space, to a space of

lower dimensionality, ¢, The goodness-of-fit of the configurations in
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q dimensions to thg original B—dimensional data is mcasured thfough-ref}
erence to the p-space in‘which simila;ity'coefficiénts have becn
computed for ecach couéle of objects (I, J). This mcthodology
then involves a comparisbn of the relations of proximity between the
objects in two different spaces: the Euclidean ¢-dimensional space of
representation and the stétistical space of similarity coefficients,

When multidimensional andlysis is based upon Matrix Dispiays,
it is proposed that the similarity matrix itself be the display space
(Czekénowski, 1932, Guttman, 1955a; Shepard, 1974), As a consequence,
the brevious methodology of comparing relations of proximiﬁy ip space
to rclatiéns.of.similarity in data becomcs more involved, The general
idea is to éompafe the strucfural features of thé‘coﬁfiguratjons thch
appear on the similarity matrixlwithv“ideal pattern gfédients." These
ideal pattern gradients correspond to the geometrical tcmplaiés which
Degerman (1972) pfoposes to be the:fundumental simplp structures which
MDA must seek‘to discover:

The Dimension” structure, which reflects thg notion-of a line in

space where neighborhood relations and rank-orvdering can be

figured ‘

The Circular strnctﬁro, which conveys the notion of an ordercd

structure closed on itsclf in a circular fashion (like a ving;

:Knuth5‘1968 : :

. The Discrete class, or Cluster structure, which permits the

representation of "the concept of mutually exclusive, independent,
and nowinal classes ' ‘ '

These idéql simple s{rﬁctures pervade the whole ﬁield of multi-
“dimensional analysis becaﬁsu'they are the tools which permit the organi-
zation of cognition and the sépting up off the appropriate infcrcnces when
. MDA is faced with a'givén éot of data, They have, however; groarér

“lwportance for the method of using Matrix Displays because it has been



showh--ip a more or 1ess_dir§ct £a§hi6u~—thq§ to cach of these ideal
templates, there cOrfesponds speéific=patterﬁs.on the similarity‘matrix
(Guttman,;1954; Dunn, 1575)._.As.a qonsquence, the problem of multi-
dimensiohal anal&sis 5ecomes one of:
(15 Reorganiéing the row and column entries of the matrix so
that it shows a pattern which approximates one (or a.com-

bination) of the ideal template(s)

(2) Evaluating the goodness-of-fit of the actual configurations
to the postulated corresponding template(s)

This in turn implies that the nature of the methodological issue of
Qaiidity'vs.‘interpretability; which éppéafed above as cdnflicting re-
:qﬁirementé; is chapgéd., I shall observe here‘that»the wore valid a' 
matrix cohfigufation—?in the séﬁse that it fifs a pattgrn—4thc'greéter
Cits interpretability; “This observation Qill itself be at thc root pf
‘the quaﬁtitative assessmént of Matrix Di#plajs that’I‘Shall deliver in
chapter»IV. |

‘In the present chapter I shall focus on the available research
cvidencc“which is scérce and needs to bcrrcintcrpreted fblapp]y to the
"Mﬂtrix Display issue., 'The following scctiéns;'cach of whicﬁ focus on
one ‘of fhc three Simplc stfﬁctures of. Degerman (1972); bréviﬂc'n trang-
1ation and . a reqrgauizution of the available evidence so that it supporxé
" the fhésis oﬁ the féqsibility of Mqtfix Disp}ayé.for mﬁltidimcnsiohal

analysis,

111,2 Matrix-Displayé and One-Diménsional Order Analysis

I11.2,1 Principle of One-Dimensional Ordering
A one-dimensional ordering is a perfect ordering along & dimen-

sion, i.e,, an ordering such that, given n objects, they are perfectly
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ranked at equally-spaced intervals from:first to last along a certain
contiﬁuum. This pontinuum, or dimcnsibm.rcprésenté tﬁc_critcriou of
ranking. -In the case which we are concerned withvnpw,'this criterion
must be discovered by analysis: The é objects are known thfough thcif
similafity relations, and the problem is to arrange them in rapkéorder
o) thgir distance rclations along the rank-ordering inverscly corfcspond
to their rclations of similarity.<vThis is a direcf apbiication off the
principle of proximity-similarity which I presented earlief as a general
principle in nultidimensionai analysis (ﬁ.?l); In essence, the principle
of broximity«similarity states that the relative positions of'objécts
in'spécc stould be direcily’fcléted to their relative similarities——fhe
closer two objects,.the-more.similar:they be, This principle.has a key
role all over multidimcnsional analysis bgcauée the Spatial represcenta-
tion of objccts is so central to the inﬁerpretatiOn process (Torgerson, -
1958, Coombs;‘196g; Shephard, 1966; Benzeeri, 1973). |

 ‘WﬁCn applied to.the sifuation of rank-ordering, Lhc principle
of. pfoximftywsimi]afity needs some morc.spgciﬁicatioh-hécausc the rela-
tion of nfﬁer has been strictly_dcﬁined'iﬁ an axiomatic watncer by way uf;

(1) The uxiom of -transitivity:

IS T and TS KeDT < K, when ¥, J, and K are objects and .
< indicates precedence and = indicateés coincidence

(2) The axiom of anti—symmetry:
1< Jand J I=>1 = J

(3) The axiom of conncctedness:
Yor any T ¥ J, either 1< J or J <1

When all these axioms hold on a given object-set, this set is said to
possess a complete ordering, When axiom 3 does not hold, the ordering
is said to Dbe only partial (Debreu, 1959), The interest of the notion

of ordering more generally lies in its iwmplications for cognitive infer-



ence: Because order is the most clementary measure of the fclations
between quects in a set (Ackoff; 1962), itsvfinding-permits multiple
‘cognitive opcrations to take plaée. In the context of managcmcnt;‘thc
rank-ordering of wanagerial ﬁntities 6n the basis of their performance
prdvide_thc manager with (at least) a framework for control and for
instrumental activity (Miller, 1969). | -

"In the Matrix Display formulation of the problem of finding a
one~dimcﬁsibna1 ordering,.the similafity-matrix p]éys an esscntial role
both as a "container'" of the nXn simildrity data, and as a wode of

representation by ‘itself, Considering the mode of representation, it

3

has been sbggcsted tﬁat'the numerical values of fhe elementary similarity
coefficigntsvbe vishally "translated" by'wa& of shades of grey with
black meaning maximum:similarity and white meaning minimumtsimilafity
(Bertin, 1967; Dgnn? 1975; 1ohrding, 1975), This convention will be
adopted hereaftef% Qﬁérc the cells of the similarity matrix will be cross-
hatched according to .a shading scheme, TFor instance,:with:corrciatioﬁ
coeffiéicnts belonging to the interval (0,1) thé darkest shade will be
assigned to fhe value 1 and the lightcst_shadcbto the value 0, ail.inlcrn
mediary values being représentcd with‘cqrreéponding intermediary shades,
Thc_iuterest of using this visual equivalent of th‘similhrity
matrix stews from the fact thét, in‘thc casc where the objcct:eutries
of the matrix éan be perfectly rank»ordcred; this sths-Qp‘aé_a épccific
gradient over the matrix, 7This gradient has been put inté'cvidénce by
Guttman (1954, 1955a, 1955b, 1966), who calls it the “simplek" patiern
since it indiéétes‘é’simple lincar order among, the»pbjccfAeutries, The
Vsimplgx is characterized by the fact that the largest coeffipichtsvére

next to the main diagonal and taper ofiff as. one goes to the upper right
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and lower left corners of fhé mafrix. In other words, fhg further away
two objeccts are invthe matrix entries, the smaller their similarity
cocfficients, Guttman (1954) proﬁoses é fﬁnctional formulation of this
relation as: |

‘Similarity (I,K) = Similarity (I,J) X Similarity (J,K) Eq. 3.1
where I J <K _ ' v '

Sﬁppose, for instance, that five managerial entries (A,B,C,D,E) are
perfectly rankable along é'dimensiop indicating their quality.bﬁ per~
formance, Then their matrix of similarity will show up this propofty
5y displayiug a peffect simpléx pattern (see Figurc 3.25,

In'summary fhen{ the discovery of a onc~dimensional ordéring
‘between objects_amounté to the fiﬁding of a simplex pattern in'the

matrix of their similarity coefficients,

Iil.2f2 Method for the DiéCovery of a Simplex Pattern

In‘gehcral,‘thc order in which MDA finds the objects (1.e,, the
rows and columns of the matrix) at the outsct of the #ua]ysis is purcly
randow, - The Qnalytic.problem bcénmes then one of recovering a simploex
pattern on the basis of a similarity matrix which shows a random ordering

of objects, This might itself be a difficult process{ For‘instancc;

a slight perturbation of the ordéfing shown in Figure 3.2 (ﬁcrmutiug,‘.
the objects C and E) results in a completely diffcrept displéy (Yig-
ure 3,3), The process of analysis.is, in fact, to go from.rcprcsenpations
like Figure 3.3 to representations like Vigure 3.2, In other words,vMDAv
must £ind the specific permUtation$ simultancously along the row aﬁd

column entries such that, except for random fluctuations, the entrics

decrease monotonically with distance from the principal diagonal

(Shepard, 1974), 'The row and colummn entrics necd to be rearranged
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AN EXAMPLE OF PERFECT SIMPLEX PATTERN
(AFTER GUTTMAN,1954)

'Slq;;ﬁRITY 0BJECT A OBJECT B OBJECT C 0BJECT .D OBJECT E
ARD . . ol

OBJECT A . - -

OBJECT 8

0BJECT C

0BJECT D

OBJECT E

XBL 767-8641

Figure 3.2



78b

THE PERMUTATION OF OBJECTS C AND E
TS SUFFICIENT TO BREAK THE SIMPLEX PATTERN

Slﬂ;LARITV OBJECT A 0BJECT B OBJECT f 0BJECT D 0BJECT C
0ARD ' - :

OBJECT A

OBJECT 8

0BJECT E

OBJECT D

0BJECT C

" XBL 767-8640

Figure 3.3




simultancously in order for the matrix symmetry to be kept,

The principle of proximity-rescmblance applies to this problem
of matrix reorganization in the following manner:
(1) On the one hand, it is possible to determine distance rela-
‘ tions between objects on the basis of their positions along
the rank-order,

(2) On the other hand, the similarity data provides estinates
of the resemblance between pairs of objects.

" The analytic’problem is.then to £find that one-dimensional ordering which
' maximizes‘the.corfespondénée between tﬁe“intqr;object proximities and
the inter-object similarities, |
:That'a-rank—ordering of objects.impliés distance reiations be-
‘tween tﬁcm can be seen .in the following cxample, _Shppose théf four
-objects_A, B, C, and D are raunked in fhat Qrdcr,_thén é‘sét of order

relations between the inter~05ject distarices also holds:
Figure 3.4

Complete Ordering (objects) Partial Ordeving (distances)

e ey _ _ AB = BC = CD < AC = BD < AD

A B - C D ' ' '
The most noticeable result is that;»fo the comblcte ordering nf the
‘four objects (A,B,C,D), there corfespondé onlyvﬁ péftial ordering of
their six intcr—objcét distances, Equivalentf, we might say'fhat a
rank—ordcr of objécts implies a series of_tiés in théir'distances (for
n objects, Lhefe érc no- 1 tiés in the léwest diStéhéc Qalde,'ctc., oo ey
up to 2 ties only for thesecond-highest distance value;;in all: (n - 1)’X
(n - 2)/2 ties). The analylic problem_ié then to asscsé;'at any éoint

during the process of rearranging the matrix rows and columns, the extent
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to which the‘implied.relétions ﬁf.distanceé effgcfively £it the éiﬁilarity
»datévthehsélves,

Thisvproblem is formally equivalent to a problem which is known
és thcr"optimal.linCAr ordering!" or thél"electrical layout problem™
in operations research (Adolphson and Hu, 1973; Goldstéin and”lésk,
1975): ° | |
Given a sét of ﬁ'clectricalvéomponenté (i.e., objects) and their
nX (n-1)/2 léevels of wire interconnections, assign the n com-
ponents to n successive, regularly spaced positions in line so
as to minimize the overall length of connecting wire which'is
used,
Since the notion of "interconngcting hire" is strictly equivalent_to
the notion of similarity, the problem of finding an 6ptima1 linear or-
dering is identicai to the problem éf rcarranging the rows and éélumné
off the éimilarity matrix so as to approximate a simplex pattern, The
critcrioh.wﬁich has been proposéd for optimal linear ordering thus apblics

as well to the discovery of a simplex. This criterion has been specified

as:

‘n-1 n , . . .
Minimize (zz S D(IL,T) SCL,I), _ I, 3.2
: I=1 J=1+1. ; : ' ' :

“where DLL,JT) is L:l.u;:'di.staﬁc:cv bctwc:(;n T and J along th.é rank—qrdu_r (cllei.;i_
digtanéc), nnd_S(I,J) is their cocffiicicent of similarity, Tﬁe summation'
is done only'ou ohc~half of.thé'similarity'matrix, p¢c4uSe thé mntfiﬁ.is
symmctr@c.around'its masin diagonal, An intuitive iﬁtcfpretafion of tﬁc
above crifgrion can be given by observing that it amounts to putting
furthest abart objects having the iéast similarity, and, rcciprbcaliy,v
pufting clqsést together objects which have the wmost Similarity.

Given the above ;ritcrion, the process of soarchihg for a simplex

can possibly be done visually by MDA, Until recently, bhowever, this
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eventuality could not be reasonably proposed

due. to thce cost of mani-
~pulating similarity displays only by way of papcf.and pgﬁcil (Sneath
and Sokal, 1973). The present availability oﬁvlow—cbst interéctive
graphic tcrmingls permits one tqvenvision a sfqtc—éf;tﬁc—art where the
~burden of coustructing the display would be left to the computer, freeing
MDA for more creative wak (Lohrding, 1975)., In the éase of the search
féy a simplex, tbis 'more creativet work would eventually ponsist in the
permutation oﬁ.rows and columns so fhat the configuratioﬁ approximates
the géneral fcatures of a simplex pattern.

'

This process,.however, wmight be a tedious otie, sincc there are

n!/é pqssible different permutations of n objects, and since the visual
load impﬁsed on MDA may exceed his recogﬁitidn'agiiitics. (1 shall
develop £his theme in chapter 1IV.) Consequently, it ig prbposcd that
ngmericél methods be used to hglp MDA in his scarch for a simplex paltlcrn,
‘Begause of "the very high numﬁér of éossible pérmutations, the numerical
methods proposed in data analytic situations cquivaleut to that of the
scarch for a simplex, are local scarch procedures:

'Star.‘ting with ann initial arrangement (usually chosen at: randow) ,

one seavches a small set of modifications of it for an iwproved
arrangeuwent, We call this a local secarch procedure, 7The iteration

can be made (Goldstein and Lesk, 1975, p. 15). .
Among the variety of availablévlocal search tcchniques, two scem to be
particularly suited to the secarch of a simplex ﬁattcrn in a similarity-
matrix:
(1) Permutation algovithms, which test for all the possible
permutations of a small number m of contiguous objects in
the present rank-ordering, and shift the w-window along the

n-ordering until no further improvement is made

(2) Insertion algorithms, which sclect one or several objects
and insert them in every position, searching for an improved

81



arrangement

The compufational cost.is of the order.of n X (m!).for,permutation al-
gorithms and of the order of n? for insertion algorithms. It is possible
to combine both types of procedures with more elaborate seéréh schcmcs.
sﬁch as branch~andgbound techniques (Laﬁler‘and Wood, 1966; NilsSon;
1971) .

In éummary, I have shown in the two previous sections that it
is possible fbr MDA to usec a'mcthod‘of'oné—dimeﬁsional analysis based
upon a Matrix Display of similarity data, The thrust of my argumenta-
tion has been és follows:

(1) A one-dimensional ordering_of the objects shows up as-a
'specific pattern in the similarity matrix: the simpler,

(2) The scarch for a simplex pattern necessitates multiple
permutations and rearrangements of the matrix entrics,

(3) The process of permutation can be helped by a formal cri-
terion of optimization which estimates the correspondence
between the known relations of similarity and the observed.
proximities between the objects, ‘ '

(4) Tinally, it is possible to envision an interactive process

whereby MDA uces both visual wmethods and numerical Jocal
search algorithms to. rearrange the matvix entries,

TIE.2.3 Unsolved Problems in Simplex Analysis

As we said:carljcr, the reseafch litératﬁrélﬁhich'is'availabl@
to infer the feasibility of Matrix Dispiays isvscﬁrce and ingomplctc,>b
I w0uid like here to point out sevefai of the éreas in which more rescarch

. - .

results arc nceded in ovder for the Matrix Display of similarity data
to become a tool for analysis, T shall iater in this thesis (clhapter IV)
provide a set of originql résulté which partially answgf the pyoblems_
mentioned below, -

Problem 1: What kind of distance wetric should be uscd to

e e e

£
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.account for the computations of inter-object distances on the
similarity matrix? . :

I have shown that it is possible to help the process df\rcorganizing

matrix entrics by way of a numerical criterion (Equation 3.2) which

however, camot

incorporates a diétance’measure. This distance meaéuré,
possibly be'the usual Euclidean diétanée, becaqse the matrix spacc doces
not.correspond to the Euclidean model: It offers discrete, cqually
spaced variations, inste&d of the continuous interval-scale variation
of a Euclidean space. Hence, the neéd fér a réfléction'on;fﬁc nature
of fhe metfic which;undcriiés a Matrix Disblay_A

Problem 2, How can MDA assess the extent to which an actual

contiguration fits the perfect simplex pattern?
Even when.the entrieé of thg éimilarity matrix are fearréngcd in the
best manﬂer (i,c., so that thé'partial ordéring of the intér—objcct
distanées inversely cdfréspond to the complete ordering ofvthe similarity
coefficients), nothing guégantees that the‘aata themselves do conform

MDA must

to a perfeet simplex pattern, - In all practical situations,
expeet the observed objects to be rankable only to a limited extent;

by way of consequence, the actual pattern which the similarity matvix

shows must be expected to approximate the. perfect simplex only. Since

the inferences of MDA ave essentially based upon-the use of the rank-order

model as avcognitivé template, tﬁcre is a need for validation procedurcs:
. The degree of Validity of MDA's inferences clearly depehds ubon the de-
gree of validity of the empirical pa£tcrn observed, as compared to thé
perfect simpicx. Hence, the need for some research into pchedutcs
vspecifically suited to the validation 6? matrix patterns,

Eﬁgklfﬂ_g' Can simplex,analysis.be helped by graphical methods

off wapping the similarity data into a smaller number of shade -
variations? , : ' '
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FI said eaflier that tﬁe matrix representation of similarity data is based
_onn the idea thaf it is possible to map the dqta‘iﬁtoICOrrespénding
'variations of shading. The ﬁaﬁure of this cqrrcsbondence and'ité optimal
format have neQer been clearly studied (to nq(.knoﬁlcdge). Since
éevera1 grapHica1.reductipn procedures might be used in ordef to map
the simiiarity‘data into.a fewer.number off graphic iteﬁs, it is ihpprtant
that a comparative and combined asscssment of these scvefal meﬁhéds be
done. Given the experimental eyidencg that.I gathered ?ﬁ chapter II,
and fhe nature of MDA's requirements, I shali p;bposc in chapter 1V an

“original treatment of this problem.

IX1.3 Matrix Displays aﬁd Two—Dimonsibnal Order Analysis

The mcéhodology of: finding a two—dimcnsioﬁal ordéring in a
similarity matrix is similar to‘thqt uséd for one-dimensional ordering.
There arc,. howevern, a ﬁumber of specificities which makc tw6—dimon;iona1_

ovdering a more complex problem than one-dimensional ordering,

IiT,B,] ~The Problem: Iﬁﬂlhwitiﬁn of the Circumplex Pattern

When tﬁe.évni]uble similarity data is suCh-thaL it cannot fit
propoerly a onu-diménﬁjonnl (simplex) hypothesis, it is neécssary to f«far'
to a two-dimensional hypothesis and to obsthé thg ordering of the n
objgcts in two, rather than onc, dimensions, Intuitively, a pcrfcct'
two~dimensional ordefing would be such that its projcctions.on the two
dinensions would sﬁow two completely independent orderings, so as to
provide MDA with mux:i,mmn i.ﬁforrmat ion, .'I‘his con jcc:tufc: has becn‘p}.jov.en
mathcmatiéaily»to hold true by Gutiman (1954),’who proposes that the
idecal model of a_two-dimensional ordering is a circlé—-which indeed hué

the property that its points can be orthogonally projected in two
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dimensions. Guﬁtmanbthen proposeé to‘call "circumplex' (circular order
of complekity) the idcal modeil of a_circular ordering.as'it’appears on
.the similarity matrix, In the discussion which fqllows, the circumplex
will play a role analogous to that which the simplex had_abqvc.
| The notion of a.circumplex corrésponds to Degerman's "circular
structuré” in two dimcnsions (see above,.p. 7u_and‘Degerman; 1972) . The
value of the circumplex for cognitivevinferepce lies 'in its illustrating
the gotion'of an.ordering which is defined only;up»to a circular permu-
tation. This type of ordering has no beginning nor end (the objects
are nbt‘ranked from "higest'™ to "lowest'") but rather all'thc objécts
have eqﬁal rank: The only law which holds‘is a law of ncighboring, like
in the posiiions\of individuals round a table, Shepard and Carroll
(1966) propose an example of circular ardcring thch is akin to a managce-
mént situation.‘ Suppose a serics of three-attribute performance proliles,
| such that.cach profilc resembles its neigﬁbors and the last-profile rve-

sembles the first one:

Figure 3.4

5 -

(A (B (®) Sy (L) I

.This series of profiles posscss the intgrgstiﬁg property that cach sue-
.cessivg profile is deduced from the preceding one by a simple transforma-
‘tidn; and the two extremc profiles () and (A) are similar, Typically,
this series can be said to “fold back'™ on itsclf and conscquently the

-order (A,B,C,D,E,T) is circular,
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As the simﬁlex, the circumplex can be defined as a fofmal ovder”
pattérn'on the similarity matrix (Cuttman, 1954): It is indicated by
.a gradient.such that the 1arge§t-coefficientsvare_aiong the majn diagonal,
taper off'about halfway from the main diagonal, andvinCrease again  toward
the extreme corners of the.matrix. This exactly corresponds to thg
mathemdtical notion of a “circulant” (Reed, in Guttman, 1955a) . Fig-
ure 3.5 présents é pepfegt circumpléx obtained according to ah adﬂitive
definition given by Guttman (1956, p. 326). This circumplex is_shown 
on the symmetric Qatrix as a diagonal ordering; withvtﬁe added feature
that it fSlds back on itself (the extrcemes A and I' are similar). The
same circunplex can equivalently be sthn as a twé—dimensional circular
ordering by arrangingAthe row and cﬁlumn entries of the matrix so that
the ordering (A,B;C;D;E;F) is obtained witﬁin the matrix itself, Fig-
ure 3.6 shows that the row ordcfing (A;B;F;C;E;D? and the colum ordering
(F;E,A,D,B;C) corresponds to the internal cireular ordering (A,ﬁ,C,D,E,F);
In summary, it is proposed herc‘fhat the scarch for a Lwo—dimchm
Sioﬁdl ordering on thé Matrix Display of similarity data be oryicnted
toward the djscmvoryvof a Circﬁmp]ex pattérn. This battcrn js dcfinﬁd
as a specific gradient in the symmetric similavity matrix, obtaincd when
both the row and the column ontriés show the same ordcring, It can also
be shown as an approximapo circle in Ltwo di@cnsibns by réarrﬂugiug the

matrix entries orthogonally tu each other,

111.3,2 Method for the Discovery of a Circumplex Pattern
According to the above subsection, the two-dimensional matrix
ordering problcm can be foruwulated:

Given the n X n symetric similarity matrix, rcarvange simul-
tancously its rows and columns so as to approximate a circumplex
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AN EXAMPLE OF PERFECT CIRCUMPLEX PATTERN
(AFTER GUTTMAN, 1954)

Slﬁ;;“RlTV 0BJECT A OBJECT B OBJECT C OBJECT D 0BJECT E OBJECT F
ARD .-

OBJECT A v {

OBJECT B

OBJECT C

OBJECT D

0BJECT E

-

OBJECT F

XBL 767-8639

Figure 3.5
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THE CIRCUMPLEX SHOWN AS A 2-DIMENSIONAL ORDERINC
) OBSERVE THE “"FOLDED CIRCLE" PATTERN

SIMILARITY OBJECT F  0BJECT E OBJECT A OBJECf D 0BJECT B 0BJECT C
BOARD -

OBJECT A - — e

OBJECT B

OBJECT F

OBJECT C ' :

OBJECT E

OBJECT D

. XBL 767-8638

Figure 3.6
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'.‘péttern in thebbeet manner,

Not'much’oirecp research evidence is available to'soi;e this problem,
It is possible, however to decompoee if into subproblems so that pre-.
vious methodoloﬁlcal research applles to it, One such decompOSLtlop

which I propose to adopt is:
| - (1) Find an optimai eircular'ordering ofvthe n objects,
(2) Among the possible n cyclic permutations.of thio ordering,
choose the one which shows the best c1rcump1ex pattern. on

the similarity matrix,

(3) if a two-dimensional representation is needed, rearrange the
ordering of one matrix entry orthogonally to the other.

The most complex of these three subproblems?is (1), 'which is formally
equivalent to the *traveling salesman problem" in Operations Resecarch.
(Bellmore and Nemhauser, 1968; Lin, 1965):

Given the set of distances_between'n cities, a salesman is r¢-

“quired to visit each of the n given :cities once and only once,

starting from any city and returning to it after having visited

the (n - 1) others, What tour”® should he choose in order to

minimize the total distance traveled? '

The prob]em of circular ordcllng is equlvaleni to the travclxng
salcsman prob]om to the extent that the n(n - 1)/2 s1m11arlty cooffje:cnfs
- can be‘luterprcted as indicators of proximity (L.G., inverse of dlS".
tances), Consequently, the criterion becomes one of maximizing the
_total similarity among objects along the tour, Mathematically, the

problem can be formulated:

Given S = S(i,J) 'the_set of the n(n - 1)/2 similarity.coef-b
ficients and t = (i, ig, . . ., ln» 11) any tour and

=L, i), (g, i3, + o o, g, 1), i, 11)]Lm or-

i
'n

. dered pair representation of t,

*A tour: A path pas31ng once and only once through each city
and closed on 1itself, -



Maximize 2 S(I,D) S Eq. 3,3

(I,3et’
This criterion insures that the optimal tour t is such that thc sum of
the similaritiéé between neighboring objects is’ maximum,

Recently, a computational procedure has been proposed for solving
the problem in a gencral fashion (Held audAKaép, 1971). Since ité co§t
is pretty high, and ;ince it dées not fit the purposc of the present

‘work which cmphaéizes interactive data analysis techﬁiques, I shall fely‘
héreIUpon more claséical approaches fo the trdveling salesman problem»».
fhat is, heuristic, locai seﬁrch procedures, Onc'such‘method,‘Callcd
the "e~opt“ mothqd{ ié‘éf special intcrest for my_purposé. |

Thc‘€~opt method'(Lin, 1965) has been suggested on thc_basis of
‘graph-theoretic éonsiderations, namely, fhc theorem that, in general,
an optimal tour docs not intersect itself (Barachet, 1957), Clcquy,
then, a tour which infer;cct‘itsdlf can be improved by rcplaéing (at
Jeast) the two arcu‘which'interééct withIthc'Corrcsponding‘nonjinfcr_
secting ures, A tour is said to be 2-optimal if it is impossible to
obtain a bettev 'l‘.mn‘ by 1‘(:-.1)1(:(:3'.115‘{.imy two of its a.rc:‘s i»y another se t. ol.
two aves, Mof¢ generally, Lin (1965) proposes thét a tour be said to bg
g~optimnl ("pwopt”) if Lt ois imbossiblc to obtaih avtoﬁr with higher

: Fa |
similarity by replacing any é of its arc by another set of é’nrcs,» th
further develops a set of theorems according %o which all the possible

, where

- tours can be partitioned into l1-opt, Qjopt, . e e n;opt spbséts

the n-opt subsot.nefﬁully contains the overall optimum tomrf
~The | i.”lxterest of these graplhtheoretid c_(.ms'ido.rations: is .1_,11.'.1 t

they permit one to dcviseva tour-fo“tourimprovcment algorithm with a

-

‘high benefit-cost ratio, The procedure is to start with a random tour

88
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and,systeﬁatically\try to find the'coffesponding.3—opt touf by repiaciﬁg
any three‘arcs of the tour by threé';fhér‘ones. When three arcs are
broken, tﬁé resulting strings of ébjedts are pgrmuted in all pdssible
manhcrs,.gearching fof a beﬁter arrangement (the objects within each
string retain their relative order), Oncé an'impfovement is found,

the resulting tour is treated as an initial tour'and the prbcess is
iterated (Lin, 1965; Goldstein and Lesk, 1975). The benefit-cost ad-
vantagé of'this procedure stems from the fact that it has a nontrivial
érobabiliﬁy of achieving the best optimal tour, at a cost which is pro-
éoftional oﬁly to n3 (as compared to the (n - 1) /2 cost of searching
systgmatically through all the possible tdurs),

In the context of the search for a circumplex pattern, i§ is
possible to envision a man-machine iterative précédure where MDA selects
ag initial tQur and then runs the 3~opt.a1goritﬁm to find a bcfter 3—0§t
tour, MDA #hcn visuglly checks the correspbndence between.the resulting
pattern and a circumplex, He may then decide to wodify it by a manual
permutation:éud to run the 3~0bt.a1gorithm again; or, he may decidu to
stop at this point, having decided that thévresulting patterﬁ i among
the best which ecould be reached with the available.similarity data. 1In
-light of this process, problew (2) and problem (3) receive the following
501utions,(seé~p. 87 for statemcnt of problems (2) and (3)):

(2) The n cyclic permutations of the chosen 3-opt lour are tried

out, and the one which provides the best approximation to a
circumplex pattern on the symmetric matrix is selected.

(3) Tt is possible to use a simple rule to find the ordering

which is orthogonal to a given ordering, For instance, a

simple orthogonal ordering rule might be based upon Lhc ob-
. servation that the objects with median position in one or-

dering should be placed at, the extremes of the other ordering,

and reciprocally (Coombs, 1964),
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111.3,3 ﬁnsoived froblems in.Circumplex Analyéis

The main arcas of incompletc khowledge regarding circumélcx
qnalYSiS are osseﬁtially similar to those which I menfibned in reference
to simpiex analysis_(III.Z,S). They take, however;'a.slightly diffefent
form, to.the exteﬁt that the circﬁmpléx is a specific pattern, with‘ifs
own fcétutes.and requirements, The three questioné'which-I'meﬁﬁioﬁed'
earlier take tﬁe following form for‘a circumplex:

(D) Con81dor1ng the qualitative foxmulatlon of. 1he c1rcump]ex
on the symmetric similarity matrix:

Is it possible to find a quantitative distance metric
that would account for the formation of such a circular
ordering pattern?
Clearly, the concept of a circle requires a continuous, euclidean foruu-
]atibn, and the Matrix Display does not have such formulation, - Hence;
again, the qU(stlon of the posfu]alos of the distance metr;c LOIrLupond—

ing to a Matrix Display.

(2) Considering the onc-dimensional, symmetlric matrix, which
is used in the analytic process of recognizing a circumplex,

What statistical criterion of goodness-ol~fit could MDA

use in order Lo assess the il between a given configuri.-
tion and the ideal circumplex pattern?

This is the problem of validation, and it is nol possible to conceive

a data analytic approach without providing some guidelines on this point.

(3) When the similarity watrix is directly uscd as a basis . for
display, there are some implications as to,

How the Matrix Display represcntation relates to the
matrix analysis process,

In particular, the mapping rules which are used in the process of trans-
lating numerical coefificients into shades of grey scem to have an im-

portant bearing on the recognition of circumplex patteruns by MDA,
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I1L.4 métrix Displays and Clustér Aﬁalysis

I nb& turn to an assessment of.the ﬁtility of Matrix Displays
for conveying the notion of diécrete,_mutually exclusive, and exhaustive
classeguof objects on the similarity matrix, _This cotresponds to the
»third "simple strupturgﬁ whichiDegerman (1972) ca11s the “discrete
class," or Qlustervstructurg.

There has beeq very little research_(actually, none, excepﬁ
for a proposal by Dunn; 1975) on how the Matrix Display representation
'Qﬁ the similérity matrix can help MDA discover Ciustering structures,
Consequently, this section cannot bé built as fhe two pfeceding ones,
on the considetation of previously defined idéal templates~-such as the
simplex and the circumplex--which are proposed“to guide the analytic
process,. Ralher I shall attempt here first to present the problem and
methodological iséues involved with clustering, and then to show how a
matrix representation relates to these consideratibﬁs. The conclusion
which I shall reach is that it is feasible to uée Matrix DisblaysAto
detect‘thc ﬁrescnce of clusters on the similarity matrix: Clusters
actually show up as square groupingé of homogeneous shade blaced ﬁyd~

metrically around the main diagonal,

IIT.4,1 The Problem of Clustering

I call "problem of clustering'" the problem of grohping a set of
n objects into a smaller number of hombgeneous, exhaustive, and mutually
exclusive clusters, Thé cognitive advaﬁtages to be gained from the con-
struction of_discrete clusters of objecté or evénté are.fhat;

(i) It reduces the mental load (e.g., memory) required to des-

cribe and te remember the set of objects (Miller, 1956;
Shepard et al,, 1961), .

(2) It provides a framework for instrumental activity, such as



‘when a manager defiines a managecment policy.for'each cluSter'u
of entities (Cormack, 1971), - : o

(3) It permits the establishment of category systems- (Bruner,
Goodnow, and Austin, 1956).

These three features make éluster analysis one of the most ihportqnt
aspcéts of muitidimensionai.analysis, as is shown by the cﬁrrent upsurge
vof inierest in cluéteriﬁg methodology (Sneath and-Sokai, 1973).
o Thevmathematipal‘formulatiOH of the clustering problem neéds to
refer to the notion of a partition:
Given a finife set N of A objecfs a pértition P'ﬁf N is a col-

lection of m subsets Ecl, e cm]>such that, for i,j =
1, 2, . . ., m: ' ' .

(1D e; #0 R ~i,e., no class is empty

(2) i # ] %Ciﬂ cjy=¢ i.e., all classes are disjoint
‘mo o : : -

(3 Yceg=N . i.,e,, the union of all classes is N
1 ' :

Tt is possible to generate in a systematié fashion all fhg poséibie
phrtitions of a set N into m élasses, wifh m varying from lito:n (Bell's
gungtﬁtiug ﬁuanion, Bcrge; 1968, p. 3?). All the poséible partitions :
canvbc ruprcucutcd'as_thc nodes bf a laLticé. For‘instance, a sct of

n = 3 objects (A,B,C) gencrates the lattice:

Figure 3.7

(A,B,C) ' S I-class pﬁrtitiou‘(P—lnmper)
‘(A,B) ) (C,A) (B (C,B) (A) ' 2-classes paftition

E ~— - v
(A) . (B) 9] : ~ 3-classes partition (P«splittcr)

The highest node in the lattice represents the luwper partition where
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all the n objects are packed into one class (m = 1), while the lowest
node is fhe splitter partitibn,Vwith‘each objéct forming a single class
(m = n), All other partitions are fntefmédiary between the extremes,
The interest of drawing this lattice stems from fhe féct that

Cluster Analysis is a methodology for searching the;best”pdrtition p*
in the lattice. The n objects are visually given as points in space,
and .the problem is to find that partition P* of the n points such that
the m classes of the partition effeétivély represent clqstérs of neigh-
béring péints. Sihce fhe position P-splitter 6bviously represents an
optimal partition in each case (because each ﬁoint is its own neighbor),
_this specification needs something more:

--(i).Either the number of classes m is fixed to m, and P* is the
optimal partition at the m level of the lattice (horizontal
search)

(2) Or the numbér of classes m is let free to vary from 1 to n,
and MDA looks for a set of hierarchically nested positions
(vertical search), '
Practically, the second formulation has been fdﬁnd to be ﬁorc convenient
and wuch more cconomical than the first one, Although it does ﬂot FUAT ~
antee the attainmcﬁt oft the absolutcly optimum partition ﬁor a given
nuiber Qf classes m, it generally leads to reasonably.homogcncous clus-

ters of objects close in space,

IIT.4.2 Cluster Analysis with the Minimum Spanning Tree

Pripciple. The above approach (2) can be easily implemented
throggh the "minimum spanning tree" concept. Suppose p points are given
iﬁ space; forﬁing a network, possibly multidimensional, Then a tree
spanning these points is dny set of straight line segments,Ajoining

pairs of points (Gower and Ross, 1969), such that:
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(a)‘No cloéed_loops occur,
(b) Fach point is visited by at least one liné;
(c) The tfee'ig‘conneéted,
If‘we call "léngth of the tree" the sum of the lengths of its‘segménts
(sum of distances), then the minimum spanning tree hasv
v"(d) The minimuwm pogéible length,
For instance, %o the noiwork shown on the lcft below ‘there corxoaponds

the minimum spanning tree shown on the right:

)

Figure 3.8

Network in Space v Minimum. Spanning Trec

The wminiwum spaﬁniug trge.oﬁ a set of points can be usced as a
basiys for clnstofing bccauﬁc-it.has the following properties (Zahnvdcmonm
strates thcm“as theorems, 1971):

(1) TFor any partition of the points into‘two dis jointed classes,

the minimum spanning tree gives the cdge of minimum lenglh

between the 1wo classes,

(2) Any of the miniwunm spann:ng tree edges is a minimum llnk for:
a binary partliLon '

(3) If there are real clusters in space, the minimum spanning
tree does not break them, '

These properties can be illustrated on the above example:

(1) Yor ﬁho partition [kA,B,C) (D,E,FZ] the edge AD has winimum
“length (as compared to CD or Ci),
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(2) Any edge of the minimum spanning trec, such as AR, is the
edge of minimum length between the classes of a two class
. partition (here (A,D,E,F) -and (B,C)).

S

(3) The minimum spanning tree, by'passing.through each point
so that the total distance is minimized, respects the rela-
tions of proximity inherent in. the data,

The above theorems. insure that, in prinéiple, the minimum span-
ning tree spans the ijects in such a way that:(at least) approximately
compact clusters are obtained, -

‘Method, 'The most economic algorithm for computing the minimum
spanning tree of a set of points has bees independently formulgted by
Prim (1957) and Pijkstra (1959)., Gower and Ross'<1969) provides an
example pf_impleﬁentation of this algorithm, wﬁich requires the order

of n2

computations,

Once the minimum spanniﬁg tree is found, the problem of defining
m clusters becomes the'problem of‘deleting (m ~ 1) edges from the tree
so that thg resulting connected subtrees correspond to the m most couwpact
clusters. Zahn (1971) proposes a rule for deletion: A tree edge 1J
whose length is significantly larger than the average of nearby edge
lengths on both sides I and J should be deleted, For instance, the

following diagram shows solutions for wm = 2 and w = 3 (m is the desired

number of classes in the partition):

Figure 3.9

E o E
T~ .00 / - = X
A. -
B
v AN ¢
.2 classes clustering 3 classes clustering

(A,B,C)  (D,E,F) (&) (B,6) (D,E,F)
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As can be secen, the clustgrs which.are obtained through this wmethod aré
hicrarchically nested within each other, since each iower level cluster-
ing (going down the partition lattice) results.from a disaggregation
,of.the partition at the .previous level, (llere (A ,B,C) has been broken
into (A) and (B,C).)

As T said eaflier, the use of thevminimum spanning tree method._
does not guarantee MDA that the partition.g which is rcached for any
number of classes.ﬁ is the optimal P at this level of‘éartition.' There
is’

H

however, good evidence that the minimum spanning trec provides a
‘high benefit-cost ratio, since:

(1) Tts results are in closc conformity to the spatial relations
of proximity between objects, '

(2) It is insensitive to small amounts of noise widcly and
randomly spread over the observed spacc,

(3) 1t is cconomical computation-wise,

Limits of the minimum spanning tree approach, Johnson (1967)

pr(;\_/i_dcs i.lll interpretation of the méan.ing of the clusters obtained through
1‘.11(."mi‘x.'l.imum spanning tree approach, in terms of the propectics of the
djstnncu'mepric associated to. those clusters., If we call "a chain"'frum
object 1 to ﬁﬂject J, any sequence oflobjocﬁs (xp,x2, . . .,xp) whjch

permit poing Lrom I(mxl).to’J(=xp)

, and if the ‘size of a chain is its
largest link distance:

sizce of chain (I1,3) = mas:ium [D(xk, Xk 4+ 1i]
k=1,2, ..., 0p

then the wminimum spanning tree provides, for cach couple of objects 1
and J, the minimal chain size of all possible chains from I to J:
D'(I,J) = winiwunm Lsizc off chain (I,J)]

all possible chains » g, 3.4

Johnson (1967) shows that the distance wmetric D' satisfics a specific
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distance a*iom (the ultrametric inequality) whichbis more constrained
than the usual triangle inequality axiom (see chapter I, p. 25).

As a consequence, the clusters which are obtaiﬁed throﬁgh appli-
cation of the minimum spanning tree approach are, in general, abproximaw
tions to the actual clusters present in the data., Specifically, it has
béen shown that the minimum spanning tree appgoach tends'to resultl in

long, chain-like, and occasionally straggly clusters (Benzecri, 1973;

Sneath and Sokal, 1973),

II1.4.3 Applicability of a Matrix Representatibn to Cluster Analysis

As we shall see now, there exists someiféw but definite research
evidenéc tﬁat the matrix repreéentation of similarity data might help
MDA‘in the pfocess of cluster analysis,

grinciple_ As with order analysis, the basic data set which is
available to MDA is the similarity matrix, where each similarity coef-
ficient (1,J) represents an estimate of the reéemblance bctwéen the two
objects T and J, It is proposed that this similérity matrix be repre-
sented, aé befiore, by way ol shades of grey probortional to the values
of the similarity coefficients (the highér the similarity, the darker
the shade). |

" The fundémcntal priﬁciple to be used to guide the analysis here

is the very principle which was uscd for order analysis, namcly:

Reorganize the matrix entries so that the relations of proxiwmity
between ob jects correspond to their relations of similarity,

Thie principle, when applied to the specific problem of cluster analysis,
leads, however, to a different process of pattern recognition than the
approximation of simplex or circumplex patterns,

The recognition of clusters on a Matrix Display. When a real
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clustering is present in a set of objécls it shows up on the similarity.
matrix under a *‘canonical form,'
In this (anonica1'£01m the cntxiés .of the matrix decreasc mono-
tonjcally away from the main dlagonal up or down along any column,
and right or left along any row (Dunn, 1975, p. 333).
In otﬁervwdrds, fhe clusters show up és square blocks of hoimogeneous
shading, located symmetrically with respect to the main diégonal. »More~
over, when somg‘of the clusters present-a hierarchical structurce, this
manifeéts itself in the matrix "as.a nested progrcésion of shafply de-
1in¢atod diagonal blocks coﬁyerging downward into the black end of the
scale (Duﬁn,'ibid)." For instance, Figure 3.11 shows the cluster struc-
ture obtaincdvby reorganizing the similarity matrix of FFigure 3,10, An
interpretation of this Matrix Display (3.11) can be giVen as foliowsi

(1) Two clusters are totally dissimilar:
(2,6,1,8,7,4) and (5,9,3),

(2) Within the first cluster it is possiblc to discriminate two
subclusters (2,6,1) and (8,7,4),

(3) Again, it is possible teo decompose (2,6,1) into (2,6) and
(. '

‘In consequence, it is observed that the Matrix Display conveys

two ditferent aspects of the clustering:

(l) A partition-aspect, ancc it is possible to choosc a given
level of positioning, m, and determine the relevant wm clas-
ses. For instance, m = 3 gives (2,6,1) (8,7,4) and (5,9,3).
in the above cxample, '

(2) A hicrarchical nesting aspect, since il is possible to
recognize the fellowing nesting relations on the above:
matrix (see Figurce 3.12, p. 99). '

Dunn (1975) further shows that the an0n1<a1 clustoer fiorm of

the similarity matrix is related to the winiwum spanning tree algorithm,

This algorithm can be used by MDA as an aid in the reéorganization of

the row and colunmn entries of the matrix so that ~clusters show up,
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EXAMPLE OF A SHADED SIMILARITY MATRIX
(AFTER DUNN,1975)

SIMILARITY OBJECT OBJECT OBJECT O0BJECT QBJECT OBJECT OBJECT O0BJECT oBJECT
BOARD 1 2 3 4 5 6 7 8 -9

0BJECT 1

OBJECT 2

0BJECT 3

OBJECT 4 B
. . ;ﬁ

OBJECT 5 $ii

0BJECT 6

OBJECT 7

0BJECT 8

0BJECT 9

XBL 767-8637

Figure 3.10 -
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BY CHANGING THE ORDER OF THE ENTRIES
CLUSTERS SHOW UP AROUND THE MATRIX DTAGONAL

SIMILARITY OBJECT OBJECT OBJECT OBJECT OBJECT OBJECT OBJECT OBJECT 0BJECT
BOARD - 2 , 6 | 8 7 L 5 . 9 3

0BJECT 2

OBJECT 6

0BJECT 1 H

0OBJECT .8

0BJECT 7

OBJECT 4

0BJECT 5 Frrer

OBJECT, 9

1t

S

OBJECT 3~

Ti3t

XBL 767-8636

Figure 3.11



Figure 3,12
(2,6,1,8,7,4,5,9,3). .
(2,6,1) (8,71 |
| e B

<

” RathérAthan."minimum" épauniﬁg treg,'one should say here 'maximun' span-
ning t§g§! since the criterion to be used isEtheﬁmaximizqtion of the
similarities along -the tree (as opposéd to thé»minimizatign)of distances).
The reason why 1 devoted the previous. section to spanning tree optimiza-
tion procedures is -then because of the implicit éorreSpondence between
the canonical form of clusters in a similérity'métrix.and the maximum
‘spanning tree procedure.

Some questions, As before in the cases of one- and two-dimen-

sional analysis, there are a number of issues unexplored and where some
additional work would be needed, Among these I sclected the following

three questions

, which directly relate to those mentioned earlicer in

€171.2.3 and 111.3.3,

(1) The distance metric and its implications:
Is there a rationale why clusters should appear as square
blocks along the main diagonal of the matrix?

(2) The validity-check question: .
Is it possible to validate the results of a matrix clustering
process by the recourse to some statistical criterion of
validity?

(3) The graphic mapping question: ,
Can MDA's search for clusters be helped by graphic trans-
formations which would help cluster detection?

The following chapter proposes some clements of answer to these questions,

as an original contribution to the theory of Matrix Displays.
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In summary, the present chapter has shown:
(1) That threé simple structureé, of value for'multidimensional
analysis, have visual equivalents in similarity matrix
- patterns,
(2) That -the pfocess of énalysis with the similarity matrix
consists in permuting and rearranging in various ways the

rows and columns so that specific gradients show up, and

“(3) That heuristic, local search optimization methods can rea-
- sonably help the process of rearranging matrix entries,

As a consequence, it appears that Matrix Displays are féésible aidS'fér
the discovery of simple‘statistical structures.. Invpartiéulaf, it seemsf_
possible to envision intéractive proceduresfsy which the user could
.Beﬁefit from the coupling 6f diéplay techniques and anélyti¢ methods

so as to determine such simple structures,
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- CHAPTER™ TV

A QUANTITATIVE APPROACH TO MATRIX DISPIAYS

The aim of this chapter is to show that- the two lines of .evidence

generated thus far, namely,

(1) The evidence concerning the human visual performance with
‘Matrix Displays (chapter II) and

(2) The evidence pertaining fo the utility of Matrix Displays
for multidimensional  data analysis (chapter III),

mutually rcinforce and point to an integrated, quahtitati?e approach.
to Matrix Displays.

The proposed quantitative aﬁproaéh'Es a contribution to a theory
of Matrix Displays, since it requires that the available expgrimental
and cmpiriéai results be integrated at a-higher level of abstraction.
Simu]tangousiy, the proposed approach is a contribution t§ the practice
of Matrix Displays since the quaiitativu material of previous chapters.
is translateéd into formal guidelines and measures for practical usage,
This duai emphasis on thcory énd practice is. not to be secn as sowething
unexpected: It comes directly from the very purﬁdse of the present work
to assess and to justify the feasibility of Matrix. Displays.

The primary forms of this quantitative approach will be. limited
to threce issues which seem to be central to an assessment of Matrix
DiSplays:

(1) The problem of measuring distances between matrix positions

(2) The related problem of assessing the goodness-of-fit between
-actual configurations and ideal templates
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(3) The question of reducing the graﬁhic information so that
the information transfer to the user is maximi?ed

These three issues were méntioned earlier in chapter IIl as research
problems: I have fdund that it is possible t9_solve them (at least in
an approximaté manner) by relating together perceptuél evidepce and
analytic findings, - As a result, this chapterbdemonsfrates fhaf Matrix
Displays are an efﬁective_interface between perception and analysis., -

One of the achievements of this chapter is to poiﬁt to specific
areas where future research would have important payoffs.. Another, more
essential, acﬁievemeﬁt‘is to'provide a varie;y of quantitatiVe proéedurgs
which will be used as formal rules in the design of a model of Matrix

Display usage (chapter V),

.1 A Distance Metric for Matrix Displays

IV.1.1 Tormulation of Two Plausible Distance Models

: The goal 6£ the hatrix éualysis of similarity data is fo des~
cribe tﬁc_set of the dbserved cbjects in termé-of.a.spatiﬁl configufatioﬁ
on the matrix itself. Since thié séafial conf iguration imp]iCS_rg)btioqs )
of distance betwéen objecté, the problem of.representatioﬁ ié Lo'afrange

vthe objegts in such a waj that their relations of distances iﬁversely
correépond to théir similarities., Once a disfanéé measure is defined,
it becomcé'pbssible to improve the ﬁrbcess of fearranging the_métrix
rows and golumns so that bétter fit to.the uhdeflying similarity data
is obtained. For inéténce, it becomes possible to use an opfimizatiqﬁ N
criterion such as Equation 3.2, |
The definition of a distance médel (or a'class df‘mddelé) for

matrix displays involves both perceptual and statistical considerations,
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The axioms of a distance model must obviously correspond to the way HUS
perccives_diétance relations in the Matrix Display. Simultaneously,

the same axioms must be able to accoﬁnt for those patterns in the simi-
larity data which-are deemed to be sigﬁificantvﬁy MDA, The essential
quality. of a distance model‘is thus to be an ‘interface between perceptual
and statistical facﬁors, and, -conscquently, to possess explanatory power
as to why‘Matrix Displays are useful aids.

The usual; Euclidean definition .of the distance between two
points I and J of coordinates, (xy, yI) and (XJ,{yQS"i“ é two-dimensional
space ié:

‘ . : 1

(1,9 = [ - xp? + (v - yp2] 7 - Eq. 41
This definitién assumes that the two-dimensional space iS’continuoﬁs
evefywherc; so that the seément'IJ is made up of an infinite number of
intermedia;y points (Thomas, 1969), Pythagoras® theorem, wﬁich-stdtes
that the square of the hypotenusc in a right—angled triangle is equal
to the sum of the squares of the two.oﬁhor sides, is a direct conécquence
of the albove axiow, Anothcer consequence is that the shortest distance
between two'péints is a straight line,

This axiom has been fouud, howéver, to possess quite important
limitations on the following grounds,

(1) From.é mathematical viewpoint, it is only one among the

general class of distance metrics called the power metric
(or Mikowskl metric) characterized by: ’

r ' 1/r '
D1, = [Jxg - xg]" + lyp - vs17] . Eq. 4.2

The Euclidean metric (Equation 4,1) corresponds to the
special case of r = 2, but other metrics can just as well
be constructed with other values of r., (As we shall see
below, r = 1 and r = 00 also provide useful metrics,)

(2) TFrom a perceptual viewpoint, it has been shown experimcntally
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that the distance models used by HUS have more variety than

the simple Euclidean model would account for (Attneave,

1950; Shepard, 1964; Hyman and Well, 1967): Hence,. the

recognition that there corresponds different distance

metrics to different perceptual situations, '

Two Models. The Matrix Display mode of representation offers

a case where the Buclidean axiom no longér applies., By its very nature,
a Matrix Display shows aifixed number of discréte elementary’ cells cor-
responding to‘discrete) countable row and column entries, As a conse-
quence of its inherent discreteness, a Matrix Display does not fit the
notion of a space continuous everywhere, as is implied by Equation 4,1,
Rather, a'Matrix Display is an essentially discontinuous space, where
distance measures increase by sudden steps at the crossing of between-
cells boundaries. From this viewpoint, there seems to be two poséible‘

models of the'felations of distance between an elementary cell and its

ad jacent neighbors,

Figure 4,1

3 2 lvlz2¢ N2 NENEREE
+> 1] o1 & > 1 o |1
Vv 21 2 1 | V/ \ \3‘ o i ERR
(a)'Ofthogonal Mode]l (b) Adjacéncy ﬁodel | -

'Thg orthbgonal model assumes that, ffomfa given cell, thé only
poésiblc,disblacements are eilther horizontai or vertical. As a conée—
quence, the distaﬁce relatioﬁs between é cell and its ncighbors are those
indﬁcated in the right ha;d side of Figure'4,1(a): The cells iocated
on a diagonal from the center cell are at D = 2 because two elemcntary.

displacements (one horizontal, onc vertical) are nccessary to rcach them, -
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The orthogonal model has received a mathematicél formulation as the
_additive Hcity*block" metric, = This metricvis formulafed by way of
"Equation 4,2, with r = 1:

D(L,J) = IXI - XJI + ,yI.‘- yJ l : Eqi. 4,3
According to the original idea'of‘Attnea;e (1950) the city-block situa-
tion is typically that of an A@érican cit& where no diagonal displécement
is possible écross a given block, so that the Qﬁiy way to join- two op-
pﬁsite cornefs is to walk both sides of the block.

The adjacency model, on the other hand, allows for diagonal
diéplacement§ écross blocks, so that the eight cells adjaceﬁt to a givep
ﬁétrix cell are equally distant froﬁ it, at D ='1, The mathpmatical
formulation of this model isAformally equivalent to thé limit case ob-
tained wiih r =00 in Equqtion L,2, and T call it the "Supremum'block
metric" by anqlogy with the "Supremumvmetric" iﬁ the Euclidecan case: .

DI, =MAXma [ [xy - x5 ], | y1 - v3[] | | Eq. 4N

.For any two given cells I and J, the above equation providos the winimun
number of adjuuentimatrix cells whigh it is necessary to cross in order
td go frdm I tg J. The maximum of the two aﬁsoiutc differcnces in co-
ordinafes thus provides in any case the miniwum path betweent any two
matrix cells, | o

Interpretation of the Two Meodels, The contrast between the

classical Euclidean model and the two modelé which_I propose for the
measurement of matrix distances can be illustrated.by considering the
elementary distance between two points I and J iﬁ space (figure‘u.Z)‘

The basic difference betwecen the Euclidean model and the other two models
is that the latter proceed by a simple process ‘of counting blocks,

Accordingly, I call them the "block models."
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Figure 4.2

I & (1) : I/’ (1) >
I \ v : ‘
s
(2) ST : (.) J
-+ e
Euclidean : Orthogonal ' Ad jacency
: (City block) (Supremum block)

(D =25 = 5) (Db =25 . : (b = 3)

The block models may not be the only possible models for dis-
tances on a Matrix Display, Howevér,'they arc the most plausible models
because they restvupon\two most relevant assumptions:

(1) A Matrix Display is an essentially discrete mode of repre-
sentation, : :

(2) The neighborhood of a matrix cell is defined as a subsct
off those cells which are adjacent to it,. -

One interesting feéture of - block models is that they provide
several equivalent péths.bctwecn any two given points (in thc above
display two cquivalcnﬁ paths (i) and (2) afe probhscd between 1 and J),
Another feature is that'the block models result ip integer distanee
values, and éonsequontly they Lend to provide ties in tbé distuncc
weasures (Shepard, 1974),

he perceptual ihplications of the th ﬁodeis are slightiy dif-
ferent, since the adjacency wodel permits diagonal moves, This model
is intuitively more appealing than the orthbgoﬁal (city—blqu) model,
because Qe expect IIIS to bLe able Lo perceive diétanccs-in-a diégoﬁal
fashion, To ngrvkn§w1cdge it is the first time that such a ;odel is

proposed at the juncture of perception.and statistical analysis,.



IV.1.2 The Metric Description of the Simplex and Circumplex Patterns

In.chapter iII, I described qualitatively tﬁo ﬁatterns which,
when preécnt in fheAéimiiarity métrix, indicaﬁe order relations between
th; observed objects, I would like ﬁow to asseéé the extént,to which
the ébova diéténce'mﬁdels arevcompatible with theéé specific‘paitcfns.

: zgg’éimplex. I described carlier Lhe.simplex as a pattern such
fhat thevia:gest similarity cocfficients are next to thé main diagonal
and taper.éff as one goes to the upper right énd lower ieft corners of
the matrix, Guttman (1955b) observes that, altﬁough this pattern can
be obtained by a vériety of formation rules onjthe simiiarity data,
only one néchsary and suffiéient condition is actually required to

_hbld, namely:

D(I,K) = D(I,J) + D(J,K) (1L T K Eq. 4.5

where I, J, and K are three objects in that order along
the matrix entries :

I show now that this condition is verified by boﬁh distancc models which
I defined above? i,e.,
-~ The orthogonal (additive city-block) metric
- Tﬁe ddjacent (supremum block) metric

Suppose we are given a sywmetric simi]arity matrix, with row
C

and column entries A, B D

? ’ 3

E, T, such thal each object is’ located
on the main diagonal, at the intersection of the row and the column

bearing its label:

Figure 4.3

ABCDEF
A [aT1]273T&]5
B BiL{2]3]4
C cl1lz}3
D Dl1]2
I S
r F
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Then it is possible to éompute the diétancés ﬁefween each couple. of
objects . and to write it down within the corresponding cell, it turns
Qut that (1) the orthogonal and the ad jacency models provide the same
distaﬁce measure and (2) those distances form a simplex pattern (the
lowest disténces are next to thekdiagonal, and they incréase as one goeS'
to the uﬁper right and lower left corners of the matrixS;

In general, Equation 4,5 holds for both the orthogonal aud fhe

ad jacent distance models on the symmetric matrix,

The Circumplex. The circumﬁlex has been defined earlicr as the
indication of a perfect circular.ordering between the observéd objcets,
A qualitativé descriptioﬁ<of the circumplex pattern in the symmetric ’
similérity matrix was givén as a gradient such.that'the largest coeﬁfi~
cients are along fho main diagonai, taper off about halfway from the‘

main diagonal, and increase again toward the extreme corners of the

matrix. 'Thg following diagram accounts for this description:

Figure 4.4

Alala 3721
¥ B RTT (2132
1 C cliiz]3
I D pli1]2|
K L1l

: ¥ F

The regular cyclic graph on the left has as many vertices as therc are
objects, and cach cedge has the same length (D = 1). 'The matrix on the
right shows the betwecn-objects distances computed along the cyclic

graph. The corresponding matrix pattern corresponds to the ideal teui-
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plate of a perfect circumplex.
It is possible, as Guttman suggests (1954), to characterize the
circumplex by a one-dimensional distance function such as:
[xy - le for 0|1 - g < N/2
D(1,7) =
: N - lxI - xJI for | T - J|l L N2
where N is the number of observed objects

" However, this distance wodel is not convincing because:

(1) It lacks generality (it characterizes the perfect circumplex
ouly, ' ' : '

(2) It has no perceptual justification (clearly; %he.extreme
right corner can not be perceived as being close to the
main diagonal),

It/is interesting here to contrast this hypothetical model Qith the
block wmodels: Both block models have generalipy (they are deduced from
the general powcf hetric of Equation 4,2) and can be interpreted in
relation LQ‘spatial perception,

The displays below show the objects A, B, C; D, E, and F forming

a circular pattern on the similarity wmatrix, Notice that, in order to
get. that circular pattern, T have arranged the row and column entries
of the matrix in indepeudenﬁ fashion, "The data correspond to distance

computations carricd out in accordance with Equédtions 4,4 and 4.5,

Figure 4.5

¥ EE A D B C v F E A D B C
Aluls 6 |36 2l alAals|2]3
B {5613 [5]|B]3 B |4 3|2 4]|B]2
F |F {346 ]|5]6e v lrl2l2|3|afs
cle{5]6|4]|3}cC c Islal3iz2lz2]c
E | 3{e|{s5|3|6]s5s E |2 |elal2]3]|u4
p|l6|3[c¢|n]ls|u pl3{2]s5{p|ua]2

Orthogonal Model ' Ad jacency Model
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1f we now rearrange the matrix entries so that the matrix is symmetric

around its main'diagonal, we get the patterns:

Figure 4.6

AR CDETF A B CDETF A B CDTE F
AlAal3]6]6]|5]n Alal2l3|s5]|a|2 AlA 4|5 |4
B r|3{s|6|s B Bl2(4|3]|a B| |pl2|a|s|4
C cluls|e C. cl2|u]s C cl2|u]s
D D36 D D|2]|3 D = D28
E N3 E E |2 E B2
F : I F{ F| F _ F |

Orthogonal Model Ad jacency Mode Modified Adjaccency Model

The two matrices on the left show the patterns obtained with the-
orthqgonai aud the adjacency models, These patterns approximate the‘
c¢ircumplex shown iﬁ Figuré 4.4, ﬁut they do not providé a pérfect fit
since the increment/decrement process L{rom the main diégdnalvto the
'exfreme corners is not enfirciy regular,

| In an attempt to explain why the above wodels do not'rcprgducc
the pérf¢01 circumplex, T have found that a slight modification uf the
ad jacency model leads to the needed pattern:

NCIL,g) = MAX DU [ Max( [*i - X-II |v1 - yiP] : | gL b6
over :
all MN-1 cyclic

© permutations
By aﬁplying the (N - 1) possible éyciie pérmutatibns of thé N objects,
and by choosing for eachvcouple of objects the maiimum aﬁqug thé (N —.1)
corresponding distancc valugs, the ideal circumplex is reachéd (as shdﬁn
in Figure 4.6, vight), The rationale behiud this modified ad jacency
metric is that, because of the impossibiiity of obtainiug a perfect'éir~
cle on a Matrix Display, some.irregularities are introduced in the watrix

representation of a circular order, For instance, although the objects
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B and L arc diamefrically opposed in FigGre 4.5, their adjacency distance
takes value 3, while the adjacency distance for another diametrically
opposed.couple such as (A,D) takes value-5, By a cyclice permutation of
.the objects éo that A, B, C, etc,, are moved one stepvto the former
poéitions of B, G, D, etc,, it is observed that (B,E) takes now the
former valuc of (é,F) and (A,D) takes the former value of (B,E). By
applying all possible permutétions and selecting the largest distance
value, the perfect circumplex pattern is thus recovered,

Twplications, In sum, the above study implies that:

(1) The qualitative features of the simplex and the circumplex
can be quantified by the supremum block metric, or versions
of it. - '

(2) It is expected that a generalized version of the supremum
block metric will account for distance relations in Matrix
Displays in general circumstances,

(3) The definition of a generalized supremum block metric wmay

provide a crucial interface betwcen visual perception and
data analysis, as presented in chapters II and I1I.

IV.1.3 A Bypothetical Distance Metric for Matrix Displays -

A generalized version off the supremum block, or adjacency metric
is propused here as a hypothetical distance metric for Matrix Displavs:

D(Y,J) :CIDI:MAX( Xy =~ Xy , ¥y - ¥J ):] By, b7

where ¢f>is u.monotoniéally increasing function
(=1 in Equation 4.4 and ¢b = MAX in Equation &.6)

Because of (1) the necessarily limited ambition of this dissertation,
(2) its orientation toward feasibility assessment and applied issues,
and (3) the almost total lack of previous inquiries into the aboveé
metric wodel, T shall not embark on the major research study which its
confirmation would require, I shall, however, provide sowe directions

of research which 1 think would be frultful in this respect.
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Direction 1: Topological exploratioh..'Téking the cells of

the similarity matrix as points in the two-dimensional space defined

by its rows and cclumns, characterize-the general class of patterns

which the hypothesized métric,would produce.

Direction 2: Perceptual expcriﬁentation.  Detérmine the extent -
to which HUS perceives distance rciations within a Matrix'pisplay“in
accofdance with the hypothesized'model. ‘Inquire into the effects of
matrix siée, type of graphig item (shade, texture, ete.) énd discrimin-
ability of the cell entrieé on the pgrception of distance,

Direction 3: Relations of .the supremum block metric to other R

metrics, Examine the relations between'the generalized supremum block
and other metrics, In partiéular, consider those matrix patterns which

might be. accounted for by different wetric assumptions.'

IV;Z Matrix Patterns and Statistiés: A Connection.

:The aim of this section is to show that the traditional, hypd;
thesis~-testing approach of statistics is ¢ompiemcntary with the visunl,'
mafrix appfoach proposed in this thesis, Through rcferencé toithe |
distance measure elaborated in IV,1, it is possible to‘aesign statistical
procedures for checking the gobdncss—of—fit of empiricél ﬁatturng to
ideal matrix pafterns $uch as the simplex and the ciréuMplek. One such-
procedure, based upon the ordinal characteristiqs'of similarity data
and matrix distances, is proposed below. Methodoiogical rcﬁafks on the,
chncctioﬁ betwcen matrix patterns anq statistical testing foilow fhis

proposal,

IV.2.1 The Ordinal Character of Simjlarity Displays

The matrix analysis of n X' n similarity data obeys the general
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principle-of multidimensional analysis, that the n objects be arranged

in space so that their distances inversely correspond to their similari-

ties:

It is postulated that the distance between any two points in the
space is a function of the degree.of similarity between the two
stimuli, If the two stimuli are identical, the distance between
their corresponding points in the space is zero. As the degree

of dissimilarity increases, the distance between the corresponding
points increase (Torgerson, 1958, p. 250), :

The application of this prinéiple raises the question of how to measure
the statistical fit betweenwthe similérity data and the .inter-object
'distances impliedrby the matrix configuration,

It ié proposed here that the goodness-of-fit between thé similar-
ity data and the distances on the configuration be measured by comparing
order relations on the similarities with inverse order relations on
the disgances. The rationale for ‘this proposal is twofold:

(a) It can be argued that the similarity coefficients contain
valuable rank-order information, but not more (i.,e., only
their own rank-order matters), because:

(1) It is possible to recover almost full metriec con-
figurations on the basis of rank-order information
(Shepard, 1966),

(2) The similarity data might be imprecise and the con-
sideration of their quantitative value might be mis-
leading (Crossman, personal communication, 1975),

(3) When similarity data are prcéented graphically,
the matrix user picks up order relations much better
than quantitative relations (e,g., the result il-
lustrated in II.4 that shades of grey convey rela-
tions of order better than anything elsc).

(b) The measurement of distances between objects on the similarity
matrix obeys a rank-ordering rule, For instance, the ad-
jacency block model (Figure 4, 4) provides:

(1) Distances taking integer values

(2) Within the interval (0, n - 1) for a n X n matrix



- (3) Wifh nuherous ties
The requirement that order relations on matrix disténcés convey
exactly inverse order relations on similarity datg can be expressed as:
D(I,J) £ D(K,L)SE>S(1,J) 2 S(K,L) Eq. 4.8
whero (I1,J) and (K, I) are any two couples of dlf— :
ferent ObJeCtu
The sole consideration of relations of order (instead of more complex
quantitafive relationships) has the effect of reducing the complexity
of the representation.problem.. Siﬁce-rank-orderé_are not affected by
any monotonic transformation (of the typé'X =vf(x) where £ is monoton-.
ically increasing), it is possible to apply any such tfansformation to
either the similarity data or the distance measures, Moreover, the
equals sién_on bpth sides of Equation 4,8 ihdicates that a ﬁurthcr
reduction ﬁperates when ties in distances correspond to un-tied similaf~

ities and vice-versa.

v.2.2 A Gobdness—of—Fit Index for Malrix Patterns

Kruskal (1964a, 1964b) proposcd earlier a goodnesséof~fit measure
for configurations in Ruclidean space, 1 build on this idea and proposc
hcrO'an'analogous neasure for configurations in the matrix space, This
measure permits quantifying the necessary and sufficient condLllnn° of -
Equation 4.8 in the following manner:

Suppose R(I,T) indicateq the rank of the distance D(I,J) between

the objects I and J in the similarity matrix (dJstanccs are

ranked from lowest to highest).

And suppose that ﬁ(I J) is the rank of the similarity cocfficient

S(1,J) within the rank- older of similarities (from hlfh?ut to

'lowoqt)

Then it is possible to mecasurec thc goodness- of fit G between
matrix dasianccs and q1m11arlty data by: -
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¢=1-3SRaIN - R3] /SR, - R1,39) 2 Eq. 4.9

where (1) m is the number of nceded comparisons, i.e,,
m=nXd(n - 1)/2 in the symmetric matrix
m = n Xn in the non-symnétric matrix
(2) R(1,J) is the inversc rank-order of distancecs
Thé quadratic cxpression on the right-hand side is the equivalent
‘to what Kruskal (1964a, 1964b) calls the "stréss—measure." Its denomina-
tor represents the_worét possible situa£ion, i.e., when the rank-order
of the similarities is exactly the reverse of»fhe rank—grder of the
distances. Thus the stress mecasure is expressed as a percent figure
of Actual deviation over Potential maximum deviation, Consequently, G,
the goodness-of-fit index, is expressed as the complemént of the "stress"
to 100 percent, |
-The goodness-of-fit measure G permits comparing several con-
figurations and choosing the one having the "highest G value, It can
then be used as an optimization criterion guiding the search for the
best configuration corrvesponding to an empirical similarity set, In

this sense, it is a substitute for a criterion such as Equation 3.2.

IV,.2,3 Testing Patlern Hypotheses in the Similarity Matrix

When the distance relations implied by a given configurgtiqn
'conforh to an ideal matrix pattégn, the measure G'is a measure of con-
fidence to the hypothesis that the actual configﬁration fits the perfect
pattern, Unfortunately, thére does not exist any study on the ewpirical
sampling distribution of G dnder‘usual statistical assumptions (such as
normality, eté.). Consequently, the index G does not provide a quanLLQ
tative means to assess the validity of pattern hypotheses, although it

might qualitatively indicate the direction of validity. (Kruskal (19644,
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1964b) suggests that a G greatef than 95 percernt indicates ah "cxccllcnt5
£it.)

In summary, it is possible to reiaté together statistical testing:'
progedufes-and éhe visual abproach advocated in fhis thcéis. “The exact
modalities of this conﬁection are still-largély conjectural, But T sug-
gest that goodness-of-fit measures based upon the ordinal characteristics
of similatity data be used, Thisvjustifies the claim made carlier ‘in
chapfer III, that analytic procedures and Matfix ﬁisélays can be héf—'
moﬁized.so.that the uéer.gets Egzg'rcadily intefprctabie c0nfigurations‘

in two dimensions and statistical estimates of goodness of fit to patterns,

iV,S Mapping Data into Mairix Displays

| I suggested above a proéess_ﬁf data énélysis based upon thé
attainment of specific patterns in the’Métrix Display, through.pcfmuta—
tions of the rows and columns. The "attainmeﬁt" of matrix'patterns,
however,. is largely ‘dependent on another factor, which is'theif perceptuql
recognjtion by the.matrix uéer. >In parallel Qith the process ofl rear-
raning, the two-dimensional ﬁatrii'qucc;'l need then consider the pro-
cess of mapping tﬁa_numcrical data into gruphic;variations. This pro-
cess, which adds a “third dimension"® to the display, should_ultimntely
result in an improvement of the user's_performanéé jn‘thevrccégnition

of significant configurations,

IV . 3.1 Guidelines for the Matrix Mapping Process’

The experimental evidence gathered in chapter II provides a set

of observations on how HUS perceives matrix configurations, These ob-

*This "third dimension" variation is visual, not spatial (scc
117.1.2), '
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servations make it possible to proposé qualitative guidelines for helping
the process of matrix pattern recognition,

Guideline 1, Reduce the data complexity to a point where it
becomes readily perceivable by the user,

This guideiine is supported by the expcrimental evidence con-
cerniné the absolute limitations of ﬁUS in reiation to:

(1) Recognition performance (channel cépacity effects)

(2) Dramatic effects of visuallnoise above a certain level

(3) Trade-off between observation time and information pick-up
(see chapter II, p, 41 for more details)

Guideline 2, Map data variations into graphic variations so
that the perceived relations between visual items
fit best the actual relations between numerical
data,

This guideline results from the set of experimental observations

which T mentioned in II.4, namely:

(1) There is a limitation in the capacity of visual variables
to convey fully metric data variations,

(2) In order for perceived relations to match actual data rela-
tions, scaling transformations must be applied to the ini-

tial data (psychophysical functions),

(3) Which psychophysical transformation to use depends upon the
type of graphic item used and the user's needs,

As o consequence, it is suggested that several psychophysical transforma-
tions be available for matrix mapping purposes.

Guideline 3, Determine the magnitudes of graphic items so that
their distribution optimizes the discrimination
performance, '

This guideline reflects the emphasis of experimental psychology

on the information theoretic notion of '"equal probability": Each stimulus

should provide as much discrimination as possible, -in as independent a

form as possible from the others (Garner, 1962). " Applications of this
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notion include the distribution of wvisual items into classes of equal
size, the definition of equal-interval scales, and non-wmetric procedures

based upon the ordinal characteristics of the data,

Iv.3.2 :Rhles for thc Matrix Mapping Process

The abéve guidelihcsvindicate qualifative.directions for im-
proving tﬁe informétion transfer to the Matrix Display user, In order
to become usgful in a practical display contéxt,vthose guidelines need
to be quantified as forﬁal_rules of mapping. Threc such scts'of rules
are proposéd hercatter as JBinning," "énhancement," and "scaliﬁg" pro-
cedures . These will later find an application in the design-oE-MATBOhrh
an interactive system using Matrix Display intcrfaccs.

Binning, One way to reduce the number of(discfiminahly different
graphic items is to map m different data valﬁes into Q different graphic
bins, with @ <frn. The effect of this reductive process is Lo present
the user with.only Q steps of visual variation, instead of the original
m steps, Consequently, tasks of discrimination, cowparison, grbupiug,
etc

are made casier,

2

Lnhancewent rules, The general rule of psychophysical vescarch

is that, given a contihuum of. physical stimuli ¢ va;ying ih ihtehsity,
the corrvesponding variat;ons in psychophysical Seﬁsatjon x are such
that: |

x = glo)
where g is a monoutonically incfcasing function Qf g -This result can
be used to formalize the invefse process of choosing the values of the
stimuli so that a certain set of sensationQ arc obtained, In the Matrix

- Display case, onc needs to get differential sensations which match dif-
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ferences in the data themselves, so that:
o =gl = £(x)
where.xA=(matrix data and £ = g—l
The: general formulation which I propose to usc incorporates the notion

that, in order to apply the above equation, one needs to know the raunge

of the data. The inverse psychophysical transformation is then written:

oy =»k0 + kg X [£00 - f(x}nin)zj / [‘j(x;nax) - £(min)]  Eq. 4.10
where xpin énd Xmax are-the minimum and the ﬁaximum data
values : C
x is any data value .
kg and k, are auxiliary cons#ants
Since £ fepresents the sbecific inversevpsychophysical transformation
which’is used in a given situation; the above equation includes a variecly
of péychophysical rules, 1In relation t§ the arguments presented in
I1.4.2, 1 propose that £ be chosen among the following three different
functions:
(1) The exponential-base 10 function (Fechner, 1860)
(2) The squarc-reoot function (Jenks and Knos, 1961)
(3)-The logistic function (Bertin, 1967) |
The basic effect of these functions is to enhance one portion or another
of the distribution of data valués:

(1) Fechner's rule enhances the values located toward the high
~end of the distribution.

- (2) The square-root rule has the inverse effect of enhancing
values in the low range,

(3) The logistic rule is a composite of the above two rules which
results in an enhancement of the medium range of the distri-
bution,

These numerical functions have been known for some time to apply

to the psychophysical problem. What is relatively new here is their
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application to the inverse problem of designing graphic scales so that
they convey the differential relations of data valucs. The fact that
three alternative rules are proposed gives some flexibility to the
enhancement process, thus fitting the requirement that different rules
apply to different perceptual tasks and to different graphic items,

Scaling. The scaling problem arises from the necessity to map

numerical data into visual variations of magnitudes.. Two types of scaling
procedure might be used, depending on -the méasurement characteristics
‘which are attributed to the data.

(1) When the data have ordinal characteristics, they can be
scaled simply by rank-ordering them., A rank-order corre-
sponds to the assumption thal the data items are rankable
at regularly-spaced intervals along a continuum, This is
the léast stringent of measurement requirements; it results

in the general wethod of sorting items according to their
size,

"(2) When the data have cardinal (truly quantitative) characteris-
ties, the scaling process involves range comparisons, ol the
type (all variables are supposed positive):

x =[x - x0 1/ Uxnax - xuind ' Bq. W11
where 0y is the valuc of the graphic stimulus
' ¥max

Xpax and xpy iy are the extreme values of the
distribution _ .

x is an obscrved data value

xo_is a rcference value

When x, = 0, the scaling is done with respect to null origin,
i.e., 1t 1is absolute; with x5 = Xxuip, the scaling is relative
to the minimum value in the obscrved distribution.
The. cfificct of both ordinal and cardinal scaling is to map the
numerical variations of the data on a (0, 1) interval, Ordinal scaling
has several advantages in convection with visual tasks since "it distri-

butes data at equally-spaced intervals along the (0, 1) continuum, This

"is particularly suited for global pattern recognition, since it permits



one to discriminate better successive steps of variation. In IV.2.1,
it was proposéd to use an ordinal rule with similarity métrix, since
the thrust of matrix analysis was the recognition of spepific patterns,
However, other perceptual tasks may require a detailed account of the

quantitative relations between data items, Qafdinal scaling is then

used to .map the data items into proportional graphic items.

IV.3.3 A Measure of Information Reduction in the Mapping Process

The process of mapping a set of data into grapbic‘variations is
a process ofvinformation reduction sincé the Eombined-éperation of bin-
ning, enhancément, and scaling procedures'tena-to diminish the variety
of the-original data, At most, information is conserved when qata
scaling is proportibnql, no binning is applied, and enhancement is not
- used,

On‘the other hand, the use of any of the above mapping rules,
such as (i) binning the m data items into a smaller number of bins 2,
(2) écalinélcardinal data by way of an ordinal scale, qhd 3 cnhancing
certain bortions of the data digtribgtion, resul#s is somc information
reduction,

In certain circumstances of Matrix Display usage, it might be
important to obtéin én estimate of the reduéti&n.operated, Since the
mappiﬁg érocesé eSiablisheé a relation between any data item and its

graphic equivalent (measured on the (0, 1) interval), an estimate of

the global reduction operated is given by the product-moment correlation

between £he m data items and their corresponding graphic vélués. Thi§

correlation coefficient provides a measure of the "fidelity" (F) of the

graphic representation to the initial data base, It is computed as:
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where %: wean value of data set
G: mean value of stimulus set
X,0x: data value and corresponding st:mu]us value for
cell (i, 3 ,
i,j: indices of matrix rows and columns

The higher the value of F, the closer does the graphic mapping fit the °

original data variations.

IV.4 Infegrating Perception and Analysis

/.
Iv. 4.1 Dialcctics of Information Reduction and Information Creation -

The two lines of reasoning which I have pursued up to this

point arc as follows:

(]) On the one hdnd I have "argued that, since the human visual
capacities are llmlted it is necessary to establish mnppinb
procedures which reduoo the data complcx1ty to a lovol per-
ceptually acceptable by the matrix user,

(2) On the other hand, I have shown that, through procedurcy

- for pernuting rows and columns, the matrix user may recover
global patterns from which he infers statistical .struchures,
These two lines of thinking contain a scewinyg paradox, since it is argued
that information should be reduced (1), while at the same time proposing
that information should be created through inferential judgments (2),
Posner (1964) suggests that this paradox revcals a fundamental
characteristic of the cognitive performance of human beings, namely,
the ability to combine information reductive and information creative
tasks so as to obtain the best knowledge out of a complex situation.
Attucave (1963) expresses this notion in compact form:.
The situation is somewhat like that of an executive who considers

a mountain of data , . . in order to arrive at a one-bit decision
(p. 634), '
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The poinf here is tﬁat the process. of reducinglmuchvdata to a féQ in-
 ferénées leading to a decision is a creaiivc process at lcast as much
. as it is é_redﬁcti?e process, The procésé of informétidnal search can
- thus be'descfibed as a'précess encompéééing both.informaﬁibﬁ'reducfive

and information creative steps,

IV.4.2 An Example of Use of Matrix Displays

This section provides an example of informational search with-
Matrix Displays combining information reduction and information creation

steps.. I_usedna table of economic data (The Econowmist, January 5, 1974)

rcpresepting the levels pf three indicators (Industrial Production,
ﬁnemployment, and Many Supply) for nine O;E;C;D; countries; from which I
COmﬁuted the correlatioﬁs:ﬁétween the countrieé"pfofilég;'-Tabie 4.1
at the end of this chapter shows thevresulting'cdrrelation data, This -
tabie is mapped.into‘a‘Matrix Display (Pigure 4.7) by rep;GSénting
cach Coffclation coefficient by a shade proportional to its size, The .
Highcst valuéé (sucﬁ as the éorrelatién of Gerwmany with-itself; +1,00)
arc represented by a heéving shading; the lowest values (éuch.és the
COrrclaLidp bethen Gerﬁany and ﬁhe U;S;A, ~1,00) are_@apped'into-h
blank cell. | |

The above Matrix Display presenfs_the fuil inférmatiqm'iﬁ vféual_
form, but the resulting picture is quite fuzzy. Applying thgﬁmabbigg
and wmanipulative trénsformation proposed ébove; permité fhe rcorganfza—'
tion of this picture so that it leads to clear-cut inféréuces, For
instance, the following transformations lead to the Matrix Display
presented in Figure 4.8; .

(1) Using an ordinal scale (such as_suggestéd in section 1V,2)

e



(2) Binning the correlation data intQ three bihs (section 1IV,3)

(3) Manipulating the entries so as to‘approximate a simpléx
pattern (section III.2) '

This picture represents an information reduction étep, Since-it docs
‘not coﬁvey.the fuli infopmation contained in th¢ quantitativé data_of
_Table 4.1. An estimate of this reduction is provided by the méésurg r
(Equation #4,12) which tékes the Qalue .93 in>this pa?ticuiar casc. This
value indicafes that the graphic variations in the Matrix_ﬁiéplay cor-
relate at .93 with the exact data values in Table 4;1. The matrix'map—
ping thus results in a loss of precision witﬁ réspect to the initiai‘

data values, ' . ' - -

Another feature of Figure 4,8 is the:spatial reorganization dﬁ_f'

its entries, To the original ordering--Germany, Vrance, Britain, Iltaly,.

Holland, Belgium, Ireiand, U.S.A,, and Japané—a.néw ordering has been
substituted: Holland, Germany, France, Belgium, Ireland, Italy, U.S;AE,
Britain, aﬁd Japan. This.sbatial reorganization fesulfshin an apprbx1¥
mated digggual (simplek)_pattern, which indicates that. the countrjcs'.
profiles can be rank-orderced from liolland to Japan.. The manéurc of:
goodﬁassmot—fip to a simplex hybﬁthesis (EQuation‘4.9)'pfovides n'vaiua.
off G = 82 percent whiéhvindicatgs‘a fairly acceptable fit, Moréo?cr,
the picture reveals the'existgﬁcc off two major cluétersf Holland to
France and Ireland to Japan. Belgium séems io stand in;betwécn those
two clusters which indicates thaf its profile combimés the’charactgrisf
tics of both clusters,

FPigure 4,8 represenits a graphic reduction of the available
.information, It is possible to recover the full information of ﬁhc

- initial data-base (Table 4,1) by reversing the mapping to the original
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mapping of Figure 4,7, When this is donc,.Figuré u.Q-iS obtained,
Cléarly, the approximate character‘of the Simplek patfern is still more
visible here, |

In sum, the Matrix Display analysis of éimilarity dafa Qﬁfers
an opportunity for combining information reduction and inférmatiOn
greatipn_so ﬁhqt ihferences can be drawn from patterns, Which:dcgree
of reduction to operate depends upon the user's aims in mappiﬁg_the
data into graphic variétions. Infbrmétioﬁ creation results basically
from the reorgaﬁization of the matrix'entriesAéo that significant pat-

terns show up.

IV.4,3 Conclusion

Having gathered in chapters II and III the perceptual and:
analytic evidence supporting Matrix Displays, I have in chapter“IV de-
monstrated their technical fcasiﬁility. To help their design, I proposed
formal guidelines and quantitative measures, and,tx;favoriﬁé‘the dia-
lecties of informatiomal search, I claimed an interactive use; In a-
bricef example I finally showed how perceptual. and analytic factors
Vintcgraté in pfnctical civeunstances,

My task’ 1is now to evaluate the ufility of Matrix Displays in a
managerial contcxf; I will call this third staﬁe the managerial fcasi—

bility of Matrix Displays,
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MATRIX OF CORRELATION BETWEEN COUNTRIES’PROFILES
THE DARKER THE SHADE THE HIGHER .THE CORRELATION

FRANCE

.93

"l.97

BRITAIN ITALY HOLLAND BELGIUMI.IRELAND usA JAPAN
-.85 .97 .98 -.38 -.92  -1.00 .76
-.90 .95 .97 -.40 -.86 -.96 -.68
1.00 .78 93, -.08 .61 .85 .91

.78 .00 .95 .56 .97 .99 61
-.93 .95 .00 -.29 -.86 -.99 -.81
-.05 .56 .29 1.00 .11 43 -

.61 .97 .86 .71 1.00 .93 45

.85 .99 .99 43 .93 '1.00 73

.91 Y .81 -3 45 13 100

Table 4.1
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MATRIX OF CORRELATION BETWEEN COUNTRIES’PROFILES
THE DARKER THE SHADE THE HIGHER THE CORRELATION
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Figure 4.7



‘THE -MATRIX HAS BEEN VISUALLY RE-ARRANGED BY
-MAPPING BATA INTO 3 BINS(BLACK/GREY/WHITE)
~PERMUTING THE ENTRIES SO THAT A SIMPLEX SHOW UP
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Figure 4.8
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THE *TRUE* PICTURE
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EACH DIFFERENT DATA VALUE IS5 MAPPED INTO A DIFFERENT SHADE
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Figure 4.9
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. CHAPTER V

MATRIX DISPLAYS AND MANAGEMENT REPORTING: DESIGN OF

A GENERAL-PURPOSE MATRIX DISPLAY PROCESSOR

This éhapter,appiies the findings of chapters II, IIL, and IV

to Matrix Displays as an aid to wmanagement, - This application represcnts
an original contribution to management science.

In this process I shall:

(1) Concentrate onsome specific tasks of management--case pre-
paration, report writing, and documentation of decision-
mak ing x

(2) Sclect those results which are specifically relevant to

' the above tasks, and try. to match Matrix Displays to the
practical neceds of managers :

(3) Consider the behavioral reactions and attitudes of a few
managers in a realistic management context, the regional
office of the U.,S., Manpower Administration in San Franeisco
presented in chapter VI© ' '

The resulting Matrix Display model integratles graphic, analylic,

and manipulative operations in an interactive fashion, This wodel is

used to design an interactive computer graphics program entirely based

upon Matrix Display interfaces (“Matrix'DiSplay boards,” hence the namc.

of ‘the program: MATBORD). This program demonstrates that if is feasibié

to produce interactive Matrix Display aids to management. " The next chap-~
ter uscs MATBORD to evaluate the attitudes of management peoplc toward

Matrix Displays.

V.1 Matrix Displays and Management Information Reporting

In the previous chapters, I showed how Matrix Displays relate to
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human- perception and cognition,. This'enabled me to proposg a set of
/quantitative rules and measures as a "tool ki;" fOr the'analysis and
design of :Mafrix Displays. Now I will apply tt{vis "tool kit" to the
world of management, Sy’focusing the attention‘on a £ypica1 managerial
activity where Matrix Displays can be hypothesized to be useful aids--

management information reporting.

Vv.1.1 Management Information Reporting

The preparation of management reports belongs to what March
and Simon‘(1958) call the “uncertainty absorption; process in decision-
making. The successive editing steps that transform '"raw' data tables -
into the*limited nuﬁBer of inferences and/or éonelusibns présentéd in
a managemenf(report is an example of uncertainty absorption. The re;
cipientAmaﬁager uses the repbrt to reduce his information loadvand to
help.hiﬁ‘make up his mind about which course of actioﬁ to adﬁpt.
information repérting may be described as a.three—siép process:

(1) Selection of a "bounded domain of information content™
(Miller, 1969)., 1In an organization, each managcer is given
a certain limited domain of inquiry, Each such domain has
a place in the hicrarchical (superior/subordinate) structlure
of the organization and in its horizontal department struc-
ture, Management veports intended for a specific wanager
must reflect his responsibility domain (Miller, 1969),

(2) Analysis of the selected field of inquiry. Once a certain
informational domain has been selected, the available data
is analyzed. 1In this process of analysis, the manager
usually focuses on a restricted set of information cate-
gories (Ball and Hall, 1970),.

(3) Reporting the results of the analysis. The recipient manager
‘receives a report which generally contains both the data
used and the conclusions reached by the subordinate manager,
He may accept or refuse the line of evidence which the re-
port suggests, based upon his confidence in his subordinate's
judgment, his knowledge of the data, and his own judgment,
If he refuses to accept the report, a new process of report
generation might be  initiated, until the evidence converges



‘sufficientlvaell to make a decision (Crossman, pefsonal
"communication, 1975),

Matrix Displays might be a useful aid to the process'of manage-

ment reporting, since a given Matrix Display obviously:
(1) Represents thc selection of a specific set of data (the
data table corresponding to the matrix) '

(2) Supports a process of analysis bascd on both semantic cues
(by using the labels of the rows and columns as -category
names) and analytical procedures (as seen in chapters II1
and 1V) ‘

" (3) Permits the results to assume both graphic and numerical

formats, since a data table corresponds to each Matrix
Display

V.1.2 A Three-Step Process for Matrix Data Analysis

Cﬁaptcrs III and IV showed that Matrivaisplays can hé]p the
data ahalyst fecognize statistical structure in a sef of simildrity
data, This useful reSult, however, is not .dircctly applicable to the

case of managceument reporting, since the data-bases used in manageuwent

-environments arce rarely, if ever, made up of similarity data. In order

for the congcpt of similarity to f£ind an application in management,
it ﬁust be related to the "rank-and-file" of managewment data, i.e,,
"raw! data—baéeé, |

If we consider only the case of ﬁon—timeéscries‘data (és'sugu‘
gested in chapter I),.the general format of a management table is that

W

of an object set X attribute set data matrix (Benzeeri, 1973). TFor

instance, an'n X p data matrix is a table with n managcrial entitics
scored on p managerial attributes, ‘Che scores might be in moncy- terms
(expenses), and/or people counts (census/survey), and/or quantitics of

materials (inventorices), ete. The managerial entities might be over-

lapping (one entity partially including another) or some might be missing,
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Similarly, the attributes might be_redundant with each other, and
doublé—counting and pissing data may-oécuf in various ways.

In contrast with ihis situation, the ﬁidealvdata table" for
statistical analysis (Cattel, 1966; Benzecri, 1973) is characterized
by: |

(1) Homogeneity. The data items are expressed in the same units
all over the n X p table,

(2) Exhaustivity. The objects represent different, non-over-
lapping entities, and their union forms a relevant mana-
gerial universe, Similarly, the attributes represent dif-
ferent, non-overlapping characteristics, and their union
forms a relevant universe of characterization of the sets
of objects at hand.

For instance, a table representing the age distribution in 6 age groups
of the French population in the 21 census regions would be an empirical
illustration of the above conditions, since the 21 regions reprecsents
the exhaustive set of entities which make up the administrative definition .
of France and the 6 age groups exhausts all the possibilities of age,
with no ambiguity (supposing the birthdate of every French citizen is
known) .

The actual data tables of managcuwent can approach the "ideal

data table" model by a two-way process:

(1) Use statistical techiiiques to achieve homogeneity, For
instance, scaling procedures cowbine the four operations of
arithmetic so as to homogenize the gross size and/or the
variability of each row and/or column of the matrix table
(Sneath and Sokal, 1973).

(2) Use pertinence'and reflection as ameans for selecting pro-
perly exhaustive data sets, Williams and Lance (1965) use
the concept of "profitability" to dcscribe the criterion of
pertinence applied to the choice of a data universc,

Clearly, there is a wmix of empirical judgment and technical criteria

in the choice of -a spitably homogeneous and exhaustive table of raw

data, As Benzecri puts it:
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vThe part played by afbifrariness in the definition of the data
universe is relatively important., However, the end results of

~the study can be reasonably secure if the manager takes care of
respecting the basic regularities required in the usc of statistics
(Bcnze;ri,'1973, p. 23). ‘

Bésides the requirements of (approximate) homogeneity and ex-
haustivity, there are some requirements'cénccrning the number of ob-
servatipns corresponding to the data table and the statistical confi-
dence which mighf be piaced in those observations; Consequently; coupling
of Matrix Display mcthods to managemenf data requircé that the data
be éppréximately ﬁcleaﬂ." This might limit the usec bf Matrix Displays
where the data are very heterogeneous, overlapping, reaundanf, missing,
grossly inexact,-aﬁd/or too few in number, |

Once the available data is rendered clean by choice and/pr £il-
tering procedures, it providés an acceptablc:réw data~bdsc for analysis
purposes., .A problem at this point might be that the objects or fhe
attributes have very differént ”éizes." For instance, ih‘the ab0ve_-
exnmblé of the distribution of the.Frénch pOpuiatiQn in 6 age groups
across 21 regions, the Paris arca ﬁay show 5 toﬁal'of ]5‘milliun.pv§plc,
while the "Massif Central" area (mountainous zone) may show only 1 mil-
lion people, Since the wanager may be intercsted in comparing popula-
tiﬁu‘profiles rather than absolute population figures; there is a need
for norﬁalizing population across regions. 'Ohe possjbility is to tgké'
the ratio of the population in-caéh age grbup to the tbtal population
for cach region, »chcr normalization procedures include standardizalion
and ranging (Sneath and Sokal, 1973),' The result in cach case is a
profile data:tablc, where profiles are comparablc across rows (ﬁbj§ctsfi
‘and/or across columns (attributes). The concept which emerges here 18

where the raw table

the distinction between raw data and profile data,

cemphasizes size efifects and the profile table cmphasizes shape effects.
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Once profile data. are availabie, it bécomes possible to computc
stati;tical measures of similarity between the.observed profiles (see
Figure 3,1 in chapter III), This is the third step in the analytical
process, The results of this step are basically Lhe Cluster and Order:
_structures which I studied in detail in chapters III/and vV, The pa£~
terns whiéh are found on the similarity matrix can be interpreted on the
corresponding profile matrix, Obviously, if clusters of homogeneous
objects show up in the similarity matrix, they should be readily inter-
.pretable by looking at the corresponding objects' profiles in the pro-
file matrix; For instancé, if three French regions cluster together
on the similarity matrix corresponding to the age distributibn probiem;
their profiles on thé corresponding profile matrix sﬁould be fairly
similar,

In sum, it is possible to connect the analytical methods of
chapters iII and IV to the pracfical casc of management data taﬁles,

through a three-step .process inspired by statistical considerations:

Figure 5,1

RAW PROFILE SIMIIARTIY
DATA E> DATA §> : DATA

MATRIX , MATRIX . MATRIX

The profile matrix stage plays the part of a buffer stage between the

raw data collected in the given management environment and-the similarity

data which can be used for sophisticated data analysis,

V.1.3 Management Reporting with Matrix Displays

In section V,1,1, I described the process of management reporting
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as a process comprising‘thevthree stages ofb(i) Dgta.Selgction; (2) Analy-
'sis,>and (3) Reporting., Using the above distinction between Raw, Pro-
file, aud Similarity Matrices,‘itAis possible to show that Matrix Dis—
plays can éupport managemcnt infofmatibn feporting;_ The. subsections
below provide a method f@r coustructiﬁg managemeht reports with Matrix
Displays.
bDatalselection is made through the choice of a.certain raw data

universe~-a set of objects scored bnz:number of attributes. Given that
(a) this universe might be non—ﬁomogenéous, (b) the useg might want to
~restfict his attention to a subset of the data, and.(c) the user mightb
want to'ﬂclump" data categofies together, the data selgction stage en-
compasses‘operations of calibration such'as:.

b (1) Apply statistical scaling to_reuder the raw dﬁta homogqncous‘

(2) Sclect only certain rows and columns within the-data universce,
and form the raw matrix of the corresponding subsct

(3) Aggregate objects and/or attribute categories to reduce the
- nuwber of matrix entrics to be observed

The process of matrix analysis and infevence is bascd upon a
generalization of:

(1) Ordering tasks including simple rank-ordering of a row onv
column according to the sizes of its data entrics ‘

(2) Clustering tasks rincluding simple grouping opcerations on
the rows and/or columns of the Matrix Display

Simple oracring and clustering tasks can be écéomplished directly on

the raw or profilc matrices, When a wore comﬁlux aﬁalysis is nceded,
thc_multidimcnsional approach advocated in chapler  IIL can be applied to
similarity.matrices. Because the matrix entrics are labelled (UbjectS'.
and attributes hqve names), it is possiple for the Mafrix Display uscr

to rank the entries and to form clusters based upon the conceptual rela-
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tions between those names, For instance, managerial entities might be
ranked in alphabetical order, or accordiné to any other criterion external
to the data themselves, In this case, the user is said to use a concept- -
oriented (rather than data-oériented) approacp.

Besides ordering and clustering tasks, there might be a need
for quife specific tasks of analysis in a given managerial context,
In the Manpower Administration field study (chapter VI), it was sug-
gested to me that one valuable *“picture™ would be obtained if it were
possible to "sort out" all data items with size greater'than a given
1e;e1. A third type of task was then considered:

(3) Sorting tasks including operations of sorting data elements
greater or lower than a given level

These tasks were called “flagging' b& the inter?iewed managers, who
described their needs for a capability to "flag" those managerial enti-
ties exceeding in either direction a certain suitable level of per-
forumance, |

The final stage of reporting is realized by communicating the
results of the analysis to the recipient manager, 'These results ave
commﬁnicatcd in graphic form, by showing patterns .in raw, profile, and/
or similarity.data, which are used as a basis for managerial inference,
Since the use of graphic displays may severely limit the ability of the
manager to judge the precision of the numbers, it scems absolutely ne-
cessary that the report also include the data tablé; corresponding to
the displays. Also, verbal comments may lbe added to the displays and

data, so as to help the recipient's interpretation,

A

V.2 An Interactive Model and Its Methodological Implications

In the first chapter of this thesis (I.1.3), I offered the view
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that maﬁégcmcnt informationvresults f?om an interactive process bgtwoen~
the wmanager and his data-base, Obviously, this interactivc formﬁlation-
has direct implications for the design of an,inte?active computer graphics
system for the preparation of managemeht reports, in the bresent,section
I examine the methodological aspects involved in modelihg management

reporting as an interactive Matrix Display process,

V.2.1 Management Information and Problem-solving Behavior

One possiblé way to descfibe "externally" thevmanagéridl quest
fpr information is to adépt the view that th¢ manager is an "information-
processing'" sysfem. This systgm at any point in time has a certain =
“knowledge state,"™ and it seeké to attain another improved know}gdge
state through specific Qperations. This férmalization is relatively
neutral | or "dcscripfiye,“ fo the extent that neither the nature of the
knowledge states nor the type of thé possible operators arc specifiad,
H&nce, it inclﬁdes afféctive, emotional factors as well as cognitive,
intellectual aspects'of the manager's inforwational scarch,

In this thesis, I have chdsenvto focus ou.the cognitive énd'
intellectual aspects offthe managerial search for information (sec
chapter 1), Consequently,‘l define the concepts of "knochchvstate"‘
anc ”operator".as formal'representations and fﬁnctipnal operétions..
This choice in turﬁ implies tocusing on the "problem-solving' aspects
of the'information query, According to Newell and Simon (1972, p. 826),
human problem-solving behavior involvés four basic decisions:

(1) At a knowledge state, to select an opcratﬁr to be applicd

(2) At a new knowlédge state, to determine whether problem-
solving shall continue from this stage or not:

(3) At any knowledge state, to determine whether this knowledge
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‘state should be remembered

(4) At the decision to abandon a knowledge state, to select
another knowledge state as the back up state

I find it convenient to represent the above decisions as an

integrated model of information search behavior:

Figure 5,2

Remember

Knowledge

. State
N

v ‘
START 5 Knowledge . - Select an _ ‘'New Knowledge
END e — State ———> Qperator —> State -

N

v
Back to
previous Knowledge
State

According to this model, then, information search amounts to finding
within the large space of possible knowledge states, the knowledge
state(s) thch solve the informational problem éf the manager,

The experimental stﬁdies by Newell and Simon (1972) suggest
‘that the problem-solving process possesses invariant features across a
variety of situations and tasks, Four such features, which have strong
implications for the definition of an interactive model of Matrix Dis-
play usage, are listed below:

(a) The set of opérators used by probleh—solvérs is small,

(b) The number of alternative knowledgg\states to which the

problem-solver wishes to return is very small (one or two

at most).

(c) Moves from a knowledge state to another are merely incre-
mental,



(@) The nature of the task determines the way the problem-solver
.structures his query, »

V.2,2 An Intcractive Model of Matrix Display Usage

The above results definitely imply the interactive character
of problem—solving; since the problem-solver proceeds incrementally
through trial-and-error search paths, With chess and crypt-arithuetic

problems such as those studied by Newell and Simon (1972))'thc game.

board and the paper-and-pencil media easily support interactive problem-

;
¥

solving. With Matrix Displays, however, it is not possiblc to imaginec
an intecractive search bfocess unleés a quite sopﬁisticated medium of
information display is used; Yor instance, an interactive computcr'
graphic terminal.

In this section, Newell and Simon's céncept of knowledge statc
is translatca to mean Métrix Display representation., Thus we consider
that the information search behaQior of the manager can be described
as_a process of trial~aﬁd~error between alternative matrix ropfcsentau
tioﬁs, until suitablc.r&pYQSQntations are found_. The set of such re-
pl“cs;(-zm:a tions  coutitutes ‘.1_'!;5_'(:].1: a management report,

The operators which permit modificatiuu of the structure ol a
Matrix Display (point (a) above) are very few in.number, Basically,
there are two‘posﬁible matrix operations:

(1) Permutation, which permits interchanging the posilions of
any lwo matrix rows I and K (or any two coluuns J and L)

(2) Mapping, which determines how a given datum at 1ocntion'
(1,J) in the data tablc is mapped into a graphlc item at
location (X,J) 1n the Matlrix Display

If we now consider the process of returning to previous knowledgce

(point (b) ‘above), it appears that matrix representations allow the user-
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manager to return to "previous' displays, in the following sense: Given
a situation where the user is facing a si@ilari£y matrix, he can feturn
to the corresponding profile and raw matrices at any time he wishes,

The process of returning from a level of analysis to‘a lower level is
cssential to the interpretation of analytical resulté. For instance,

the absolufe rank;ordering which is implied by»thevdiScovery of a simplex
pattern in the similarity matrix (III,2) must be interpreted back on

the profile and raw matrices, Hence the Raw/Profile/Similarity écheme
presented in.Figure 5.1 can be interpreted backward as Qell as forward;

Point (c) above suggests that the "moves" from a knowledge state
to anofﬁer are merély incremental, I interpret this finding to mean
that human problem—solving.proceéds by small,‘incremental steps rather
than by large " jumps® in reésoning.- But it is not very clear wﬁat small
Vs, largeAmoves means iﬁ relation to the interactive use of Ma£rix Dis;
plays. Iﬁtuitively, it seems that the notion of the size of a move de-
pends upon the type of task which one wants to execute (point (d) above):
Simple tasks requiré elémentnry moves, while complex tasks require so-
phisticated moves,

In the Matrix Display case, therc exists a continuum of possible
design choices, from a purely visual &atrix system to an entirely
automatic system, 1In the visual approach, the user is given a very
small number of elemeﬁtary, general -purpose operators such as "permute:"
""compare," or ''map data into shades," which he uses as tbols to help
his visual recognifion capability, In the automatic aﬁproach, the user
has availabie a set of data-crunching procedures which determine in
autonomous fashion such results as the optimal linear ordering of the

rows and/or columns of the matrix, the optimal partition of the rows
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and/or columns in a given number of classes, etc.; which level of so-
phistication to choose in the system's design depends upon_the client

which the Matrix Displays are intended to serve,

V.2,3 The Choice of a Client and a Method of Inquiryb
| In his considerations on the “Dcsign of Inquiring Systems,"
Churchmén (19715 recommends that attention be given fo the question:

wﬁo should the inquiring'sysfem serve?
The answer to this question ﬁay look $elf—evident,'sincd it seems at
first sight tﬂat-any system serves some user, Unfortunately, the
practice.of management information systems shows that such systems often
fail to sgrvelany sound management purpose (Dearden, 1972) -- hence the
legitimaéy of.Chqrchman’s.obserVatioﬁ tha£ oﬁe should réflect_upoﬁ
whom the system is intended to serve, For instance, thc evidence ac-
cumulated in chaptérs 11, 11T, and.IV of this thesis could be used to
serve any one of the foilo&ing clients:

(1) The data-formatting specialist (drawﬁr, graphic dcgignér’_drc,)

(2). The professional statistician interested in the multidimen-
sional analysis of correlation matrices

(3) Middle-line management in terms of its information. reporting
needs ' '

The choice which I ﬁave made to focus on type 3.éorreépond§ to ﬁhc
management science emphasis of this thesis (chapter I).

Once.the'cliént type is chosen, the‘prob]em.of'scientific inquiry
~ becomes one of obser?ing how the client reacts to the proposal; in mﬁnag0~
ment scicnce terms, the inquirer needs to oﬁserve how thé‘manager acccpts'
aﬁd/or re jects the propescd interactive sysﬁcm. This requircmcnt is

very strong and &et very difficult to satisfy, as shown by the varviety
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of methodological approaches which researchers have used,
On thc one hand, there is a tendency to limit the system design
and to “calibrate" its clients so that a fully experimental procedure
be used, TFor instance, Chervany and Dickson (1974) use college students
as a proxy for "managers.," On the other hand, there is a strong require-
ment to use “"real-world" experiencéd managers (Willworth, 1972), Most
studies are based upon a compromise approach: For instance, Garman
(1970) involves housewives in a study of interactive job-shop scheduling
behavior, and Swanson (1974) difectly records managerial reactions to
a real-life retrieval system.
In this thesis, I advocate a compromise approach, based upon the
following principles:
(1) Design a limited, prototype interactive system,
This corresponds to Garman's idea of a “demonstration ,
system'™ (1970), Johnson and Baker's 'breadboard system"
(1974) , and Gerrity's (1970) "functional stage" model.
It is also advocated by Segal (1970).
(2) Associate real-life managers to the design of the prototype.
This corresponds to the claim made by Segal (1970),
Gerrity (1970), and Johnson and Baker (1974) that a
"descriptive" ‘model of actual management needs be in-
corporated along with the "normative” wodel corvesponding
to scientific evidence (i.e,, ponder the results in
chapter 1V by the empirical judgments collected in

section VI,1).

(3) Observe the reactions of actual management users to the
system, ' '

This requires choosing a suitable management context,
with controls on the following elements: cognitive
style of the users (preferably, they should not be "op-
" posed" to graphic displays), pertinence of the data sets
for interactive inquiry (management should be confident
in the data themselves), relevance of the interactive
opcrators to the basic tasks which the observed managers
need accomplish,
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V.3 MATBORD: An Interactive Matrix Displéy Processor
In accordanée with the above methodology (point (1)), a~ppototype
system‘fof interactiQe Matrix Display usage has been_designed_b& the
author; This systeﬁ is a computer graphics processor,'representiné
nine man-months of effort and is written in Eqrtran. -1t uses about 6d K
of central meméryf A detailed user's manual is provided.in Appen-
d(ix'A,lb | |
This pfocess&r is calied "MATBORD,J ﬁhich is an acronym for
ggErix'Display Board., Each matrix representation ié considered.tO'be
a board which, exactly like a game board; supports the cognitive opera-
' tions associated with the analytic process;'.Iﬁ this application program,j
I consider input tébles of size up to 30 X 30 (900'daﬁa items), with
l(l)‘Homogéneéus data (dafa expressed:in identicél ﬁnits)
_(2)'ﬁo'row or column nestings (all réws“and'columns are scpafaté?
Theéc two conditiéns insﬁré that the requirements of hombgeneity and’

exhaustivity are formally met,

'V.3.1 The Analytic Process with MATBORD

In accor&ance‘with ngure 5.1, MATBORD is structuréd along ub.
three-step analytic process whiéh enables the user to go frqm raw to
ptofile to simiiafity daté, At each step, the‘cOrfesponding dafa is
displayed as a métrix‘board——i.e., graphic variations are.used'to éonQey
dafa variations. The profile board has a central éart in this analytic
process, not only because it ié'the necessary intermediary step between
‘the raw board and the similarity board, bﬁt also becéuse'it is.the ﬁoét
important analytic notion used in MATBORD.

The notion of data profiles pervades the various fields of



applied statistics, from “economic profiles" to "psychological profiles."

This notion carries two types of implicatioh, namely, (a) different
objects are scoredvover the same attributes and (b) the scores are
"nbrmalizéd" 50 fhat ény extfaneous effect such as the effects of the
size of the iﬁdividual objects is partialed out, In the context of
MATBORD, the concept of profile refers essentially to the (b) process
by which raw scores are normalized,

| Since MATBORD is restricted to homogeneous séts of data, there
are two metric operations which can Be_used the normalize the data:

(1) Either the data are normalized by Difference, i.e., taking
their difference to a “mean" value, -

(2) Or they are normalized by Proportion, i,e., taking their
ratio to the value of a certain "sum,"

(3) A third alternative is to combine Difference and Proportion
which gives the ratio of a '"difference to mean'" to a "sum,”
I call this operation Normalization (after Sneath and Sokal,
1973).

The concepts'oﬁ "sum," "meén," and "differgnce to mean™ have spécific
statistical definitions, ¥For instance, a raw table showing population
counts Xij for county i in age class j can be normalized by proportion,
i.c.,
(1) Compute for each county its total population Xi.
(2) Take the proportion Xjj/Xi, for each (i,3)
The result of this operation is a profile table showing'thé percent
distributiop of the population in each county between age classes,
Conceptually, the definition of suns (*"'totals") and mean values
‘("averages") corrgsponds to the addition of a supplementary array of

values to the initial raw table, For instance, in a table where rows

. represent counties and columns represent age classes, the computation
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‘of total populatiéns ber gounty adds énother column arréy to the previdus
columns . .Reciprocaily, the.cpmputation of total populationé'per age-
'cléss'wbuid add another row to the‘table. The prbéeés of defining daﬁa
profiles is based upon the comparison of raw data values with such row

and/or column reference arrays,

‘ Figure 5.3 ,
l > ‘ B o

~ Raw data: Xij <:i§>r_;_____p Xz ijh Profile data

5 . o p ' ‘ ‘
+ . . Comparison C:
) «Difference
Reference array: Xj, sProportion

(or X.j) +Normalization ' .

In the context of ménagerial applications, reference arrays can be
defined directly as ideal reference targets, For instance, with Actuai4
ovér Plan performance data, a possible reference tafget is the ibO bércent'
‘pgrformance level, To accouﬁt for such sitpatidns, MATBORD allowéitﬁev
direct definition of reference arrays by the user, In othe% words,
reference éfr&ys.can_be defined either directly by the user; or sta-
tistically by the cpﬁputation Qf sums of averages.

Oncevthe profile data ére obtained, it is pdssible td.display'
them in much the sahe way as thé raw data thémselves are reprcsenfed,
i,e., in a Matrix Display fashion, It becomeé then possible té refine
the analysis a ;tcp further and to use én autométic proceduré for comé.
puting measures of similarity between profiles, Severallsuch‘pfocedures.
are counceptually aVailable (Sneathvand Sokal, 1973; BenZécri, 1973).

I haQe chosen to use Pearson's prodﬁct—moment correléﬁion coefficient,

- since it seems to be of most general value: -
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Eq. 5.1

where ¥; 5 and ¥, ; are the profile scores of the objects

" i and k on the attribute j

The coefficient rikie interpreted as indicating the degree of similarity
ﬁetween the profiles of the objects i and k, Since the roles of objects
end aﬁtributes is interchangeable‘on the matrix,  the correlation rj1
between the profiles of the attributes j and 1 can be computed as weli.
Starting ‘with a n X p profile mafrix,'this procedure results in obtaining
nXn similerity matrix (for the objects) or a P X p similarity matrix
(for the attributes),

In sum, MATRORD ofﬁers a set of four commands for the user to
direct the-analytic process with Matrix Displaye:

(1) The RAW command. orders dlsplaylng the or1g1na1 raw data
set as a Matrix Display.

(2) The REFERENCE command orders specifying the kind of reference
array (row or column) to be used for profile computations,

(3) The PROFI1E command proceeds from the application of the
difference or propOLLLon operator to the raw data WLlh respect
“ to the reference array.

(4) The profile board itself can be used to compute SIMITARITY
coefficients, which are displayed as a n X nor p X p matrix
board, depending on whether the Slmllarlty betwecn obJecLs
or between attributes is considered,

V.3.2 levels of Sophistication in MATBORD

I mentioned earlier than an interactive system such as MATBORD
might take various forms depending on which user it intends to serve,

Since MATBORD is ‘basically intended to help management poeple prepare
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reports. for management usage, not any level of 56phistiCation»might‘bé

acceptable. The choicevof.which sophistication level to "build-in"

requires a delicate balance between the necessity of respecting the

thought processes of managers (not overwhelming them with unneeded

statistical operations) and the objsective of producinggnon4trivial’

results,

In light of the objectives of this thesis MATBORD could possibly

include three levels of sophistication corresponding to an increasingiy;

sophisticated data analysis:

- Ievel A:

Level B:

level C:

Edition and manipulation of raw, prpfilé, and similar- .
"ity data, with an interactive graphical analysis based

on the visual recognition of data patterns

Addition of semi-intelligent operators for=accomplish~'

ing simple tasks such as ranking and sorting data by -
size, "clumping" raw data together (Miller, 1969),
and operating various graphic transformations

Provide sophisticated heuristics for the discovery
of multidimensional structures such as clusters,
and approximations to the simplex and circumplex
patterns on the similarity matrix (chapters IIT and

“IV)

The empirical'field study which I did in parallel with the design of

MATRORD (section VI.1) led me to develop Tevels A and B in priority to .-

Level C.

The version of MATBORD which was agtually.implemented includeé- '

basiéally Ievel A and level B procedures.: Ievel C proéedures are pro- -

posed in the‘SGCtion devoted to potential'cktensions to MATBORD below,

For additional details, the reader is referred to Appendix A,

Level A procedures:

[€)) Analysis .operators
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These operators operate elementary manipulation of the

display boards such as: :

(a) Permutation of two deSLgnated TOWS (or columns)

(b) Grouping of rows (or columns) into a set of groups
(blank lines permit to separate groups visually)

(c¢) Sequencing rows (or columns) in a user-directed manner

Graphic Mapping

Several types of plotting items are made available to the

"user--variations in the size of circles, variations in the

size of vertical or horizontal bars, variations in the density
of shades. 1In the default situation, MATBORD shows the raw
data matrix by variations in the size of circles, the profile

- matrix by horizontal or vertical bars (depending on which

(3

way the profiles go), and the similarity matrix as shades of
grey. This design choice reflects the belief that the cog-

nitive operations associated with raw data involve primarily

the comparison of sizes, while profile data would require
the comparison of multi-attribute profiles. Representing

" the similarity data by den51ty shades helps the recognition

of patterns,
Calibration operators

Several single operators enable the management user to
select subsets within the data, These operators include
"masking" unneeded rows or columns and "restoring" them at
will, Also a specific command is provided for the purpose
of changing an outlier (excessively large or small data
value) to a more reasonablce value. The rationalce for this
command is that, say, an excessively large valuc disrupts
the perception ofl a whole display (all other items appoar
very small compared to it),

level B procedures

(1) Analysis operators

(2)

Two operators corresponding to the tasks of ranking a desig-
nated row (or column) and sorting a whole display on the

_basis of a numerical criterion are made available, The lat-

ter corresponds to the needs of 'a manager who wants to ''flag"
at a glance all those entities which over and/or under per-
form a certain target level, Also an operator is provided
for testing the goodness of f£it G of a similarity matrix pat-
tern to a simplex hypothesis (liquation 4.,9),

Graphic mapping
Here - the three mapping operators suggested in section IV.3

are made available to the user, That is the user can Bin,
Scale, and Enhance the data at will, Rules for scaling
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include the use of a proportional, an absolute, or a ranking
" (ordinal) scdle,.. Enhancement transformations include en-
hancing low, high, or medium range values through square-
rootl, cxponential, and logistic functions. A fidelity
‘measure F (Equation 4,12) is prdvidcd for estimating the
graphic reduction involved in the mapping process.

(3) Calibration
The user has available a command for "clumping" several
rows (or columns) into one aggregated.row (or column). The
aggregation scheme includes averaging or summing the cor-
responding data values,.
The total set. of commands represented by the above proccdures.
includes 22 commands, The distinction between Level A and Level B pro-

cedures - is transparent to the user, who needs only know the distinction

between Analysis, Graphic Mapping, and Calibration'procedures,

V.3.3 Potential Lxtensions

An area where MATBORD could be'pbtentialiy_éxtended’is Mﬁlfi;.
dimensional Analysis. The c§idénce of chapteré.IIi and iV suggcsts that
autowatic procedures could be used to rooryaujzc Lhc natrix on1r1o , V
such as: .

(1) Determine a simplex pa1tern indicating a linear rank.- quCllHL
(Equation 3,2 and ass ocldtcd heuristics)

(2) betermine a circumplex pattern indicating a circular rank-
ordering (Pqua!;ou 3.3 and associated h(ULluilCS)

(3) Deterwine a clus1u11ng,pattoxn with a given number of
clas es (Equwt:on 3.4 and maximum Qpnnnln& trec’ compufatlons)

Such procedures can be potentially added to MATBORD, for the-purposé of:
refining the ahalysis of the similarity data (Iﬁvellb qbova),

Anolth potential arca where the analytic process could be re- .
fined is.the definition.of procedures for attributing differential'wéights.
to thé row and cqlumﬁ entrieé of the matrix, For instance, it may be

Lhe case that the wmanagement uscer gives more weight to some attivibutes
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than to others. An interactive procedure for the definition of “profiles
of weights" would have much interest in management applications such as

budget planning,

On the graphic mapping side, an automatiqvprocedure for “funing"
the picture s¢ that it provides best discriminability would be a possible
development, |

Finally, the calibrétion process could be extended so tha£ situ-

ations of heterogeneous data (data expressed in different units), missing

data, and nested entries could be handled,

V.4 The Preparation of a Management Report

This section is intended to provide an overview of the research
questions associated with the managérial'féasibility of Matrix Displays.

First, I proVide an example of preparatibn of a management report with

_MATBORD (V.4,1 and V.4,2); then I formulate some basic research issues

relating to the practical use of Matrix Displays for "real-life'" manage-

ment report preparation (V.4,3).

V.4,1 Selection of a Data Set

I showed earlier that the first step in the preparatioh of a
managemeﬁt report'is the selection of a relevant-data universe,

In the example Which‘follows, I present an analysis of the manage-
ment data table shown in Table 5,1 (seé end of this chapter); This
table represents the distribution of unemployed peoéle, registered in
Federal aid programs over twelve California counties, between wage cate-
gories, The data were obtained on the basis of quarterly reports called
"Quarterly Summaryvof Client Chafacteristics;" A facsimile of such

report is shown in Figure 5.4: I selected the data preéented.as lines
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Figure 5.4 _
Facsimile of "Quarterly Summary of Client Characteristics"

U.S. DEPARTMENT OF LABOR Mmpnwu‘ Administration 2. GRANT NUMSBLR .
QUARTERLY SUMMARY OF CLIENT CHARACTERISTICS . : : s
. N - ’ : ) .
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36 to 42, column H of this report, This data corresponds to the tallying
of fegistered unemployed people according to their former wages before
becoming unemployed. Twelve such reports, each cbrresponding to a dif-
ferent California county, were coilected for the same quarterly period.

I argded earlier (V;1.2) that the "idealvdata table" for statis-
tical analysis should have the properties of homogeneity and exhaustiv-
ity. The raw data Table S.I_practically satistifes those conditions
since:

(1) All data values are being expressea'in ecounts of people";
thus they provide homogeneous data,

(2) The table columns provide an exhaustive set of seven wage
categories, from "under 1,00 dollar"” to "over 6,00 dollars."
' (Any wage belongs to one and only one category.)

(3) The table rows can be considered to provide an exhaustive
set of twelve geographical areas, No county overlaps any
other, and the union of all counties provides a greater
geographical arca, In fact, thosc counties ave geographical-
ly contiguous, and they form the "California Central Valley.,'

This table represents quite an ideal data universe for matrix
analysis., llowever, a detailed‘examihation‘gf this universe reveals some
undesirable features, namely, the presence of matrix cells with no ob-
servations (''zero cells"), Praétically all zerﬁs are concentrated at
column 7 (wages over 6 dbllars) and at row 7 (Mercéd). This offers an
opportunity for using the calibration commands available in MATBORD,
namely, "Block" (for agglomerating data entries) and '"Mask" (for sup-
pressing én unwanted entry):

(1) 1t is possible-to agglomerate columhé 6 and 7 to form an

aggregale category including the forwer *5/5,99 dollars®
and “Over 6 dollars" categories. This new aggregate can
be labelled as the "Over 5 dollars' category.
(2) 1t is possible to suppress the row whiéh is labelled "Merced,"

since it appears to be an anreliable data array (it is quite
unexpected to find all the unemployed population within the
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same wage category: The conclusion is that there may be an
error in the data collection process), ‘

Consequently, the calibrated data can be pictured as the Matrix Display

shown in Figure 5.5.

V.4.2 An Example of Matrix Analysis Process

I described earlier the process éf Matrix Analysis as a three-
stage process whereby Raw data are transﬁormed into Profile data, which
are themselves the basis for Similarity analytic procedures, The fol-
lowing Figqres 5.5 to 5,9 provide an instance where thié three-step
proces$ is ﬁsed for management information reporting, The end-result

-is a picture which provides some indication as to the proper ordering
and clustering of the observed set of California counties into groups
showing approximately similar wage profiles.

(1) The first analytical steé is to transform the available raw
data matrix into a profile'matrix, As we saw earlier, this requires
the definition of a reference array and an operation for normalizing
the data values. Here the reference afray is obtained by computing
the sum of the data values for each row (i.e., the total population
served in ecach county); the proper operation is then to compute propor-
tions to the total for each county, hencé proviﬁing wage profiles, The
effects of profile computations are properly seen if one compares Fig-
ure 5,6 (Profile Matrix) to Figure 5.5 (Raw Matrix), Clearly, the raw
matrix shows essentially size effects, since the perception is attracted
by the biggest programs such as Fresno, Sacramento, or Stockton., On
the other hand, the profile matrix provides a normalized account where
each county has basically the samé size; the;programs now differ in

'"shape" only, i,e., in the relative distribution of their participants
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between wage Categories.

(2) The aﬁalyéis'coulq easily stop at this point. However,_it :.'
seems poséible to méke a bettér use of the Matrix;Display vaFigure 5;6v.
by rearranging the row entries (i,e., the c0untiesj so thaﬁ.tﬁose wiphv
éimilar’profiles.are put close to each other, For instaﬁce,‘Butte and
Santa Barﬁara; which are~physica11y distant in the.ﬁatrix row entfy,
have quite sjmiiar profiles, and the.user w0uid benefit from_;géing
them ciose to each other., This process of rearranging the'eﬁtries of"
the profilevmatrix is quite difficult ta accomplish on the basis of Visﬁai
compafisons only. It is possible to help it by computing cocfficieﬁts
offl similarity beﬁween profiles, whigh pfovides a next step'in the anq1y~
sis.'.The resulting similarity matrix is shown in Figure_5,7. The
Vaiues of the similarity goéfficients_have.been pﬁt intq_thpcé grey-
shade "Biﬁs,* in order to ease perception (reduction of iﬁformation);
Clearly, Imperial and Mbdésto'stand'out since they do_not‘fesemble
closely aﬁy other county, " |

(3) The Simiiarity matrix is reorgaﬁiqed so ‘that Impcfial and
Modesto end up in the most extreme positions, and aillotherléountics-
are arranged.so that ag‘approximate simplék.pattern (diagonal) shows
ﬁp (Figure 5.8). This_pattern.is appfoxiMate.fd the ei;cnt that most
couniies aré similar (as indicated by'tﬁe largevshaded square from'Sqn
Luistbispo to Bﬁtte). Also, Frésno appears to be an “average"‘qounty
in the scnse thgt it resembles the two mdjor clusteré (Shn Luis Obispo
to Inland and Kern.to'Butte). The profile matrix which corrgspohds to
this similarity pldt is présented in Figure 5.9; it shows Both‘an oﬁdering
vof the counties from lmpérial to Modesto and a clustering intothO ma jor

groups, Visually one might observe the general northwest/southeast
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gradient which indicates that the wage distribution progresses from
loﬁer t§ highcr wages as one gees down the row.brderiﬁg from Imperial
to Modesto. In particular, Imperjal which has a large fraction of its
population in wage categories below $1.99 and Modesto which shows a
.wage pattern above $3.00 are most opposed,

- The end-result of the proceéé isva picture which indicates‘major
groupings of California counties acqording to their wage distriﬁation.
Clearly, thié picture may help managemeﬁt tasks such as determining the
Apoorest" and “riéhest“ counties, ailocating funds differentially to
counties of various profiles of wages, etc, This shows that the process
of Matrix Aﬁalysis defined above can be géed for management. information

reporting purposes,

V.4.3 Some Research Issues

The above example shows that Matrix Displays can be used as a
presenﬁation ﬁedium for numerical managementrinformation. But it does
not tell how managerial clients may réact to Matrix Displays, how they
may adapt to their use, etec, It seemsvthat one most essential aspect
of a managerial feasibility study is the real-life testing of such
displays, |

Given the chosen client (middle-line manégement), a study of
Matrix Displays in a real-lifc situation should provide some empirical
cues on the following issues:

(1) To what extent is the concept of Matrix Display (i.e., the
graphic format itself) understood -and accepted?

(2) Do managerial clients understand the suggested three-step
process of analysis (Raw, Profile, and Similarity)? Do
they need to? To what extent?

(3) What level of sophistication in disﬁlay operation (see the
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above section V.3.2) do managers understand? What sophisti-
cation do they nced in order to obtain the desired “end-
product" pictures? ' S

(4) Should the whole process of analysis be done by and/or com-

' municated to the manager? If not, who should prepare the
Matrix Displays,  and how should one choose among the result- -
ing displays? : ' -

- (5) Should the manager be associated in the interactive produc-
tion of Matrix Displays? Should he be asked to sit in
front of a display console? o

(6) Should the management report with Matrix Displays also in-
.clude the corresponding numerical data? Should each display
be accompanied by its corresponding data table? Or are
the pictures sufficient because they "tell enough"?

The following chapter prescnts a case-study of Matrix Display
iwmplementation using the MATBORD prototype, This case-study provideé

some. empirical material useful to answer the above six issues in a

tentative manner,
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THIS 1S THE RESULTING PROFILE MATRIX
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CHAPTER VI

INTERACTIVE MATRIX DISPLAYS AND MANAGERS:

A FEASIBILITY APPROACH

In this chapter some empirical observations concerning the
feasibility of Matrix Displays in an actual management environment will
\ .

legd me tb the cqnclusion that Matrix Displays are "acceptable'" wmodes
of representation for management, This result, however, must be inter-
preted with caution since (a) I studied only one case of Matrix Display
implementation in a managerial eﬁvironment and (b) a variety of mana-
gerial reactions were observed, including difficulties to understand
the notion of a similarity matrix, But, on the whole, there is a
definite tendency for the observed management people to accept and to
use thc.propus;d displays for information purboscs,

Given the emphasis on feasibility assessment, the opportunipy
to have actual wanagement people involved in the study was provided by
a project on Management Information Systems at the U.S. Manpower Ad-
ministration Regional Office in San Francisco; This project had graphic
and data analytic implications which offered the possibility of trying
out the capabilities of Matrix Displays for Management Information
Reporting in a limited environment, A three-step process including

(1) A field study by interviewiné éeveral managers,

(2) The preparation of management reports for a specific
manager, and

(3) An interactive session at the terminal with the active
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participation of the above‘managervand his staff
brought.out a large aﬁount of qualifative‘mafcrial.v'I aiso gatheféd‘a
reasonable_amount.of quantitative evidence through tracingvthe iﬁferactiye.
SCSSionr(time and cost data) aﬁd the measurehent of mauagerial attitudes

on attitude-scales questionnaires,

VI.1 The C.E.T.A. Management Information System

In this section I .describe the general features,of.the manégeriai
context in which Matrix Displéys werevléter introduced. - Although I
intend to focus on.management information issuves, I wiii provide a view
on the organization structure which supports the management information
- system and then describe thejgenefal methodology which I used to inter-

vene within this management environment,

VI.1.1 C,E;T,A, Management at the U.S; Manpower Administration

Iﬁ‘Decembcrv1973; the Congreés of the United States passéd the
Comprehgnsive Ewmployment and Training Act (C.E.T.A) uﬁdér Public Law
93«203; As stafed in the Law, the purposes of C.E.T.A. are:

(I)ITo provide job training and cmpioymcnt opportunitica for

cconomically disadvantaged, unemployed or undqrmemployed

T persons

(2) To assure that training and other services lead to maximum
employment: opportunities, and '

(3) To enhance self-sufficiency by establishing a flexible and
decentralized system of Federal, State, and Local programs,

Under CE.T.A,, the State and Local governments are considered as Prjmc
Spousézi of manpower programs; and they are given authority and responsi-
bility for érogram planning and operation.v The cheral'gqycrumcnt as-
sists cach individual Pfimc Sponsor in meeting its responsibiliticsﬁ

the Regional Offiices of the Manpower Administration (Department. of



Labor) represent the Federal Government.at the state and local levels,

The Organization of the Regional Offices. The Comprehensive

Employment and Training Act decentralizes operational decisions, such
as training unemployed persons so that they have a better chance on the
labor market, at the level of Prime Sponsors (i;e., urban and suburban
.commﬁnities). However, to the extent that thé,Secretary of Labor deter-
mines a nationwide labor policy, there is a need to integrate various
local decisions into a broader framework which fits the federal policy.
The' ten Regional Offices of the U.S, Manpower.Administration are the
ihtefmediary management authority which monitors the integration of
Prime Sponsors' policies within the federal Poliéy,

Regional Offices have a twofold responsibility in the i&plementa—
tion of C.E.T.A..

(1) They designate the Prime Sponsors, review and approve their
operating plans, allocate the funds, and assess plan imple-
mentation,

(2) They provide technical assistance to Prime Sponsors through

a pool of specialists-in program planning, management

information systems, financial reporting, ctc.
- In actual practice of CF T A, , these two roles of monitoring and aé~
sisting Prime Sponsors are thoroughly inteftwined_ The organization
chart of the Regional Offices shows a balance betwecen line and staff
roles, On the "line' side, the Head of the Regibnal Office, who is
delegated from the Secretary of Labor the authority on a giveﬁ regional
area, delegates this authority, in turn, to the managgrs-of subregional
arcas, On the “staff" side, the Regional Office has a number of technical
specialists with whom it can assist Prime Sponsors, Moreover, nationwide
programs, such as the Equal Employment Opportunity Program, have a spc-

cific staff management at the Regional Qffice.
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For instance, thé Region XI foice in Sén Ffancisco, where I
set up a field study tsee éection VI;Z belowL»has the orgahiZation
.chart shown in Figufe 6.1. This chart shows tﬁat line management‘is
defined on.a geographical basis. The region is divided into two areas,
.tﬁese arcas divided into subareas, so that each middle-line manager has
a number of Prime Sponsors to monitor, The middle—iihe'management (for
example, “GC.Z .B!) is itself assistgd'by a certain~émount'of,staff (for

.example, "B.C.").

The Grant‘S'Cycle, The—overall scheme according to which a
C;E;T;A: grant is applied_fbr, approved, implemenfed, and evaluated is
a cycle whichllinks togethér‘the middle—liné management at the Regional-
“Office and the locél Prime Sponsors., The Fedgral Representatives (such
as “A.P." in Figure 6;1) carry on the rolés of liaison officers between
the Regioﬁal Office and the Prime Sﬁoﬁsors. Each Priﬁe Sponsor is
-monitoréd af_the Regionél.office by a Federal Representative, who h&s_
the‘ability to set’up‘meetingé and on-site visits at thé Prime Sponsor's,

The following diagram depicts the grant's cycle aé 5 four—step

process - (U,S. Department of Labor, 1974a, No. 5):

Figure'ﬁ_z

PLANNING - » " APPROVAL
The Prime Sponsor estab- 5 * Plan is approved by the
lished its plan based on Regional Office

comnunity needs I

EVALUATION IMP ISIMENTAT TON

The Regional Office eval- @ The Prime Sponsor's staff
uates the Prime Sponsor's decides upon clients eli-
performance gibility and activity



Figure 6.1
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This cyéie.funs on a-quarterl& basis:

(1) Thé plan is érobosed annually by the Prime Sponsor ph the
basis of demographic and labor market data for thé‘area,‘with a plan.
‘breakdowﬁ by quarter;. During the courée«of the yearv(July i to June 30),>
the Prime Sponsor may ask for modifications to-tﬁe plan'(oﬁ a quartefly |
_ basiSj. : . » ' N ' ..‘ - _ :

‘(2) The Region31 Office reviews the plan.and ité modificatiohs.'

The COrregpondence betﬁeen the plan and the ggperal C:E;T,A. objectives,
as well as the local needs in the area, is appreciated and the cbstwise
feasibility 6f the plan assessed‘before approval is given,

(3) The Prime Sponsor implements the plan and decides upon cli;
ents* eligibility and actiQity patterns (cbuﬁseiing,trainimg, placements).
During the plan’s_implementation,vthe Fedefal Represeﬁtativc mandéted
by the Regional Office is available fsr on-site visifs and pcrfopmance
rcviewst

(4) Through the Federai Représentative’S‘oﬁ—site visits, as
well as througﬁ~fedéra11y réquired information reports, the Regional
Office's manager continuously ménitors_the Prime Sponsor's performance,

Periodic review meetings are héld on a quaftérly basis, ahd trouble-

shooting procedures may be triggered through'alarm indicators,

Focusing én Middle-1line Management, On the basis Qf'thc'abbve S - -
‘discuésion, it appéars that middle-line managers have at thg Regional
Office a key role as an iﬁterface between the federal policy -and the . o,
Prime'Sponsors'.decisions,' The role of middle-linc maﬁagcrs éan be
characterized by fhrée featureé, namely,

(a) That tﬁe‘manager is not directly inQolvca iﬁ local labor

market operations (since this is the Prime Sponsort's re-
sponsibility)



159

(b) That rather his management responsibility consists in
monitoring the performance of autonomous Prime Sponsors

(c) That cach manager has to deal with several Primec Sponsors
at once (from five to fiftecen depending on their size)

It appears that the manager's function is much different from the
Federal Representative's, since he deals with a set of Prime Sponsors
(instedd of just one) which he monitors‘from a distance (instead of
relying upon on-site visits).

bonsequently, middle-1line managers of C;E;f;A; programs at the
Regional OffiCe are necessarily dependent upon information as a manage-
ment medium, There exists a variety of information sources which a
C.E.T.A. manager can use, including the direct information from his
subordinates (Federal Representatives) or from the public (letters of
~complaint, rumors){’and the numerical information provided by formal
management reports, Given the objective of this thesis, I now focus

on this last type of information.

VI.,1,2 Thec;E_T_A;Management Information System

The basic information for C.E T A, management is generated at
the Priﬁe Sponsor's levél where C.E.T.A, clients are recognized eligible,
then enrolled into programs (kraining, placemqnté), and’finaily terminated
(they find a job or drop out of the program). Consequently, the Prime |
Sponsor's MIS must scrve both the internal information nceds: of th¢
Prime'Sponsor and the federal needs in C,E;T,A; information, The basic
source of information are the clients! records, hence the resulting
information system depicted in Figure 6.3. I am concerned here basically
with the information reports communicated to the Régional Office, 1i.e.,

the "federally-required” reports.
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Figure 6.3

Regional Office

Management
. 4
Prime Sponsor's , , :
‘Internal Reports : [ - ] _
and MIS v : ’ - Federally-required|

l Re?qrtsvl

. y
Clients® » Aj

Records

These reports are required by federal léw. Since C.E.T.A. in-
tended to standardize the administrative procedures, these reports are
both simple and complete, They are . simple because they are obtained
from the direct tally of clients' records and are complete thanks to
a massive compacting. of data. into one-page documents. There are four
such one-page documents, three of which have a direct interest for
management purposes (I exclude the Cash Transactions document).

(1) The Project Operating Plan (P.0.P.) is prepared annually,

and it plays the role of a countractual agreement between the
Prime Sponsor and the Manpower Administration, '

(2) The Quarterly Summary of Clients' Characteristics (Q.S.C.C.)
provides a general profile of the population being scrved,,
along socio-economic characieristics.

(3) The Quarterly Progress Report (Q,P;R;) recapitulates Plan
vs. Actual performance on the samée itemized entries shown
by the P .O.P. As the Q.S.C.C., the Q.P.R, is duec 30 days
after the end of each quarter, : : :

-A facsimile of the Q;S;C_C, was shown in the ptevious chapter (Figure 5.4),
The next_page'shOWS'a facsimile of the Q.P.R. (Figure 6.4),
The Quarterly Progress Report is the most important source of

data available to middle-line managers at the Regional Office. It

permits determining several performance indicators, such as the ratio
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Quarterly Progress Report
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2. Other Positive Terminations days
3. Non-Positlve Terminations More than
150 days

iIt. ENROLIMENT IN PROGRAM ACTIVITIES

{3) Number of individuals served in each '(:) Enroll'mem tn sach program activity at
; R e end Of the quarter; Individuals concur-
program activity; program year to date rently enrolled in more than one activity
may be counted In each activity -In which
he or she Is enroiled.

PROGRAM ACTIVITY

e . o PLAN ACTUAL % OF PLAN PLAN ACTUAL % OF PLAN
T’ Classroon Tui‘n.lng (Prime Sponsor)
8. Ciassroom Training (Voe. Ed.) ’
| C " OnThe-Job Training T
Public Service Employme‘n‘tv -
€.  waork Experience ,_______:j:.___-. [ RN SIS N S I e o]

F.  Other Activities

111, SUMMARY FINANCIAL ACTIVITIES (§ in Thowsands)| 1V. CUMULATIVE FINANCIAL ACTIVITY—PROGRAM YEAR TO DATE (§ in Thousands)

or grants

A. Total CETA tunds available for PLAN ACTUAL % OF PLAN
expenditure (Sum of A.1 phs A2) A. Prime Sponsor Obligations
1. Funds carried in from previous 8. Acc(ued expenditures by Program
program year ar other contracts . Activity of the Prime Sponsor

(See 111.B); (Sum of B.} through B.6)

2. Funds received, program year

1. Classroom Training, Prime Sponsor

to dato. 2. On-The-Job Training

8. Accrued expenditures, program

3. Pubiic Service Employment

year to date (Sum of B.1 tvu B.6)

a. Wages

1. Administration b. Fringe Benefits
2. Aliowances c. Other
3. Wages 4. Work Experience
4. Fringe Benefits S. Services to Clients
5. Training 6. Other Activities
6. Services ? . Accrued expend. far Voc Ed. in Speddl Grants to Governor
V. SIGNIFICANT SEGMENTS D. Accrued expenditures, non-Federal tunds :
! E. Accrued expenditures of other Federal funds not in
Indicate the number of individuals in each Prime Sponsor's Grant
segment groups served durlng the program
year to date F. Total accrued expendgltures (Sum of B, C, D, and E)
SIGNIFICANT SEGMENTS PLAN ACTUAL [% OF PLAN |SIGNIFICANT SEGMENTS PLAN ACTUAL | % OF PLAN
A’ ) F.
‘8. G.
<. H.
D. i
E. J.

quantitative or narrative presentation. (Optional)

. . Vi. OTHER ACTIVITIES (Reference 11.6; I1V.B.6) .
On a separate sheet indicate achievements in any other activity or speclal programs. Achievement should be contrasted to objectives in elther a

Vil. INDIRECT EXPENSE

3 1-provisional (O 2-Predetermined O 3-Finat [J 4-Fixe

A. TYPE OF RATE B.

INDIRECT RATE C. BASE D. TOTAL AMOUNT
3

VIIl. CERTIFICATION: I CERTIFY that to the best of my knowledge and belief this report is correct and complete and that all outlays and
unpaid obligations are for the purposes set forth in the grant award document.

A. NAME AND TITLE OF AUTHORIZED OFFICIAL B.

SIGNATURE - C. DATE SIGNED
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of Placements over total Enrollmentu, the average costs ete, The

Leglonal Office Handbook (U S. Department of Iabor 1974b) suggests that

it can_be used for a trouble—shoqting procedurc based on a 15 percent
rule: Deviations of Actual performance to Planned performance exceeding
plus or minus 15 percent should be recognized as indicating potential

problem areas.

VI.1.3"Opportunity and Method for an Intervention:

‘The opportunity for a direct intervention within the above -
context came from the Regional Managément Information‘SYStem_project

(R;M.I.S.) initiated by the Region IX Manpower Administration and the

Lawrence Bérkeley Laboratory at the Univefsity of California:

Recognizing that the Manpower Administration's present information
retrieval system is not designed for flexible large-scale manipula-
tion, the overall aim of the project is to develop the computer
tools--interactive data retrieval systems, computer graphics,

report generation systems, and computer mapping--which will enable
managers, at all levels within the organization, to access data
ecasily in a form which they readily understand (U S. Department o[
Labor, 197)) :

Among 1hL research topics sﬁggcsted qithiﬁ'this 6vera11_framcﬁorkk the
design of graphic aidé called for my attention.

In paftiéular,.it appeared to mé that the Abo§e sct of oﬁg-pagu
daté.documents, such as the Qdarterly Progfess'kcport)1COﬁ1d ﬁot‘bc
casily uvsed as a sﬁpport to'deciéionéﬁaking since:

(1) From a human factors v:ewp01nt the format scemed to ‘be too -
compact to facxlliatc cognitive tasks

(2) In order to comparc the pexformanCP of several Prime Sponsors,
the wmanager would have to maanulatc several pages at a time,
thch is not easy. :

(3) No real data analysis effort was involved in the prepaxnixon
of these documents (except for the computatlon of Aclua]/
Plan percentages).,
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In sum, the one-page documents appeared to be justified as a data-base
containing the most relevant data middle-line managers could use, but
not as formats for direct managerial usage.

At this point, I hypothesized that Matrix Displays would provide
a relevant display format for'managément reports, This hypothésis was
formulated on the basis of:

(1) The observation that C,E;T;A. data is multidimensional in

kind, i.e., it results from the consideration of a set of
Prime Sponsors along a set of performance criteria,

(2) The position of middle-line managers in the organization

' chart as intermediary linkages between a set of Prime
Sponsors and the federal policy, This implies that middle-
line managers have to accomplish a number of comparison -
tasks such as to compare the performance of several Prime
Sponsors, to form groups having the same profile of per-
formance, etc.. — ' :

(3) A circumstantial reason was that, due to the relative recency
of the C.E.T A, Act, it was felt that the managerial context
would offer more opportunity for change and improvement
than a long-time routinized environment,

In the path of Scott Morton (1971), I chose a depth-type research
methodology rather than a breadth-type. I developed close relations
with a few management persons and went with them all the way to the
actual implementation of Matrix Displays in their own management environ-

ment, I thus decided on threc major steps:

(1) Exploration of the information needs ofimanagers by a field
study (April-August 1975) '

(2) Preparation of management reports for a specific group of
management users (September 1975-January 1976)

(3) Interactive session where the above management users partici~
pated in the on-line preparation of a management report
for their own use (February 1976)

Steps 1 and 2 are presented in the next section., Step 3 led to such a

_wealth of results that it is presented in two different secticns: One
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section (VI.3) focuses on the Matrix Display aspect, and the other
(VI.4) deals with the more general issues of the relations between

management and interactive information systems,

VI.2 C.E.T.A. Management and Matrix Display Reporting

VI.2.1 A Field Study of Informational Needs
In the field study I tried to determine arecas where present
C.ET.A. information documents (such as the Quarterly Progress Report)
failed to satisfy tﬁé needs of managers, and where Matrix Diéplays
could possibly ﬁe1p management information reporting.
I interviewed a few C.E.T.A, management pedpiebdn the basis

éf an opeﬁ—ended qucétionnaire. At tﬁe beginning of each interview, I
pfcsentcd myself as a speéiqlist in graphic display, wérking Qﬁ format-
fing pfocedures for.C;E.T;A; data, The eleven duestions of ﬁhe question—
iuaire scrved as guidelines duringvthe-inférview,.bﬁt fhe managers were
free to.cxprcss_théir ovn feelings and suggestiohs'about the information
reporting -procedurcs, Thc‘questionnairc was organized éo-a$ to hnve
Qach manager highlight the actual vs, potentiai use of C;E.TLA_ data,
Attention waslpaid to the cognitiQe aspecfs of the managér's‘tuské
and to thelformat‘of tﬁe C;E.T;A; docﬁmenté. Finally, the manageﬁvwas
asked to express his'attitudé witﬁ:respect to gréphic displays; 50 aé.
to confrol for the "coghitive style' factor.

~ In these interviews, each lastihg from one to two bours, f§ur
managers participéped: Two area.munagérs (C.G. and C.Z.B.), thevmanaécr
of the Equal Employment Opportunity Program (G,D;), and the manager of
the Operationai glanning and Control System andvhis assistant (J.K. énd

S.L.). (The management positions of these persons arc indicated on



Figure 6.1). These interviews were tape-recorded, which provided a total

of six hours of verbal protocols, The list below shows each question,

with its answer in summary form.

Q.1:

Q.2:

Q.3:

Q.4b:

Q.5:

What ié} in your -opinion, .the purpose of C.E,T A. documents?

The purpose of C.E.T A, documents is clearly perceived as a
data-base for management usage and, particularly, for the
monitoring of Prime Sponsors' performance against plan.

How do youjnead these documents? 2

Managers seem to read only a very small number of critical
variables out of the large universe which is presented, For
instance, only. three or four items are read on the Quarterly
Progress Report, namely, the enrollments, the actual placements
vs, plan, and the .actual expenditures vs, plan

. Do you pay attention to individual figures, sums, others?

Managers :all cite the rule that *'plus or minus 15 peréent devia-
tions to plan'" should be looked for.

Does the data formatting suit your needs?

As a gceneral rule, the intérviewed managers heavily criticize
the format of the C.E.T.A. documents on the basis that:

() Tt oontalns too much data,
"There is so much data that it is almost impossible to use
« . . Nothing makes it easy to identify problems , . . "

(b) The format is inabproﬁriate.
"They designed machine-input forms, not forms that can be
used for data analysis as they stand.”

(c) The management tasks are impaired.
* "What they have in fact said by setting the report this way
is. that lots of comparisons are inappropriate , . . . Any-
body who wants to use the data has to use separate forms."

Do you mentally analyze the data? If yes, how?
The managers appeaf to actively parti@ipafe in the process of

making the data meaningful (estimating percentages, or totals,
and- circling the most important figures on the document itself).
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- Q.6: Could you please give an example where the C.E.T.A. forus are
» uscd as (1) a trouble- shooting device, (2) a tool for ranking
. C,E.T.A, Prime Sponsors, and (3) a dev;ce for forming groups of
Primc Sponsors showing a 31m11ar performance proflle?

Managers reacted very readlly to this question by_providing
examples and suggestions. But they sece the three above tasks
more as potential than as actual usage of the forms:

*If we could *fllag' those Prime Sponsors which exceed 15 percent

deviation to .plan. . . .'" "If there were ranking tables that

* showed how Prime Sponsors rank in Intaké, and in Placements,

that would be most useful L & could be interesting

to divide the Prime Sponsors into two groups: Those who are =
substantlally accomplishing and those who are off |, "

- - .

Q.7: Could you develop a short description of a typical decisioh—
making situation where to use C.E,T.A, documents?

An actual example where a manager tried to rank Prime Sponsors
is provided by an interviewee as follows:

“"We did a rough exercise last Sprlng when we had to make judg-
ments about the Prime Sponsors, trying to assess ngnlilcanL
under-performers. and over-performers. We tried to rank them
.on the basis of both enrollments and expenditures . "

Q.8: Do you creatc information documents for your own use?

The relative newness of C E .T .A. does not seem to have permlttcd
managers to create their own doguments Howgver, ‘they mention
that they currently do scratch computations when necded, plus
some work of juxtaposing on the same sheet data from different

sources.,
Q.9: YHow much confidcence do you have in C.E.T.A. data?

Manég(ru piacc reasonable confiﬂcnné in C.E.T.A. data, although

they recognize that their confidence may vary with Prlmc onnsors.

("But that's a fact of life, We have to accept it.")

Q.lO:'Do you think that your information could be improved?

‘Managers offer several suggestions for improving the information
transfer, namely, :

(a)'To improve the consisteucy between different forms (Quarterly.

Progress Report and Quarterly Suwmmary of Clients' Charac—v
teristics) :

(b) To determine suitable performance criteria ("We do not have.
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any fixed guidelines as to what a problem is . . . . What
is a good unit cost? ., ., . We have to develop performance
standards . , . .“)

(c) To develop simple data'analytic pfOCedurés ("If only a’

‘'quick way to compare performance to plan across Prlme Sponsors

were available ., , . .%)

- Q.11: How do you feel about graphic displays as a formatting mode?

Most managers had favorable reactlons to the idea of u31ng
graphic displays,

"You see, just reading a list of figures like this (the Quarterly
Progress Report) leaves me cold. Why .have all those’ statistics
when a display can tell you all?" "For instance, it takes- time
to make sense out of the relation '75 to 25 to 2,' while a
graphic display could tell you all like that . ., ., .v

VI,2,2‘ Observations on the Management Ihformati;n Reporting‘Process

The field sfudy confirmed tﬁé hypothesis.that C.E.T.A. data
forms, such és fhe'Quartefly Progrgss Report, were not considered con-
venient summaries for management idformatibn pufboseé, Also, it showed
that managéré were quite ready .to use graphic-diéplays under tﬁc assump-
tion that they could help them absorb more of fhe,availablc'information.
Finally, the field study helped determine which.opefétors managers need
apply to raw data in order to give it sowe meaning, i.e., comparisons,
rankings,}auq groupings, thus confirming tﬁat Matrix Displays could be
useful.

In addition, in examinihg the intervieQ protocols, I discovered
how'difficult it was for the managersvi interviewed to separate the-
problem of,information into several factoré such as the data factor
("content") and the formatting factor ("form"). The basic‘criteribn
which managers seem to use in order tb'judge tﬁe "goodness" of their -
information i# a global appreciation of its usefﬁlness.‘-The followiﬁg

comment, recorded during an interview, illustrates this atttitude:
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Presentation of matérial just because it looks interestiﬁg'is not ..
- a-valid enough reason for presenting it , ., . . What I need to
know is: Once you've manipulated the data, what coimes out? Is
it any useful for my purposes as a manager?
Typically, it appears that in order to.be‘a “good" piece of

information’ ‘the data must have all of the fo]low1ng qua11t1es

(D Belng useful (i.e,, the data universe is re]ovant)

(2) Being accessible (i.e., the information is easy to pick up")

(3 Belng suitable (1i,e., suited to the tasks whlch the manager
: wants to accompllsh) :

V1.2.3 Preparing Management Reports with Matrix Displays

-On the basis of the aboveyobservations, I,determined that an
‘"0ptimélf'procedﬁrevfor tﬁe assessment of Matrix'Displays as an aid - -
to'managementvreportihg was.to empirically prepare a management_tcport
for a specific user, or group of uéérs.y Thisiéhoice would enabie'cén;
trolling
| @D) The-rélevaﬁt data uniyerse,
and it would fhen puxmlt obs orv:né funddmontal maHQQCman nocds wlth
respect t§
| (2} The display format and

(35'Thc suitablc.opcratoré té help the informatién "pick«uyv

1 Chdse to'focus on a managerfcliénﬁ wiéh an immediate nced for’
an improvément in his information rep§rtiﬁg System and Qith.nd favorhhlﬂ
bias toward the research, ’'This client, C;Z;ﬁ:yin Figuré 6.1, is In
chgrge of'thp monitoring of twelve C;E;T,A,'programé_in_the arca Cﬂll“d.
the "CaliforniavVailcy,"‘ His initial attitude 'Qa_xs one of " I:mpv«'.\:ti_“",“»'"‘"
toward thcy"computer people’: o

I'm becoming very impatient with the computer capability developityg
. - Co. . 7% IR H 8]
two ycars down the pipe ., . . . I'm not interested in deve Topiig
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system that will be beneficial only'to’yon'folks;)i am intcrested
in a systew that is going to be beneficial to us ... . (C.Z.B.).

Developing a test example of a management report for his own use appealed

toC.Z.B. as a way to bring closer together the‘two.worlds of management

and “cowmputers.," We agreed that the test example would be deflncd in
relation torthe lnformatlon needs of C Z .B. and his staff (A,P.Aano
B.C.) and that the application would have an egperimental_eharacter,
Furthefmore, we agreed on having an experimental sesaion directly at
fhe intenactive graphics terminal whefe CiZiB; and his staff would be
invited. | |

: Pleparlng management xeports on test examples consxderably
1nf1uenced the desxgn of MATBORD., Inltlally (June 1975), MATBORD was
made up of two boards on]y, the Raw board and the Similarity board
Finally (February 1976), it ineorporated the intermediary.Profile
board; plus a nnmber of operatofs of great usefuiness for Q.E;T;A;
vmanagement. |

The eoliaborafive agreemena with C;Z;B. and his staﬁf led we

to prepare two reports, The first report (Septemberl9, 1975) was_es;
sentialiy-graphical, and if.enabied me to observe the spontaneous be-
havior of managers in relation to Matrix Displays: These reactions,
which I recofded, can oe arrayed into six results;

(1) There is an absolute need for managers to get the data

along with the dlsplay plots ("Give me the data on that.")

(2) The similarity matrix is too dlffxcult a concept to absorb
w:thout beLng prepared for lt ("I don't understand it ")

(3) The: raw board is actively used by managers for size com-
parisons. ("Which are biggest?")

(4) Simple statistical notions such as averages and percentages

have a key role in wanagerial information pick-up. ("We

~ should have the Valley average down here'"; "We need a total,")

169



170

(5) Information should be prepared to a number of simple tasks,
~such as "“flagging those which deviate more than 15 percent
to plan * “designating those whlch are below average," etc.

(6) Mahavers learn a lot from displays. (For instance A P'

-discovered v1sua1]y that the C E.T.A, program in Sacramento -
- had more partlc1pqnts than the one in Inland--he thought
the reverse was true,)

The second report.(December 12; 1975) incorporated the improve-
ments suggested by'the‘abBVG results, Between the first and the second
report I modified considerably the initial desigh of MATBORD and in-
vcorporated a number of operators such as "Reference" (which permits one
.tovCOmpute averages, sums, etc.), "Sort" (which permits‘one to extract
deviant entities); and "Outlier (which permits one to eliminate and/or
replace-an outlying-data-value)."Clearly; the contact with the mana-
gerial reality infiuenced'much my system's désign, As a result, the
' second managcman rcport was very wcll recelved by C. % .B. and hlS staff

Tth roport was prepared on the basis of a data sct show1ng 1hc Actua]/
Plan parformancc of thc twelve Valloy Prlme bponsorq over fhlcc CE.T.A
programs (Title 1, Title -2, and Title 6). For each Title, the per-
formance Qh both‘Ehrollmcnts and Expenditures was available,'hnncc-pro"
viding a 12 X 6 data matrix, This matriX'waS'proécssgd graphically iu
two differcent ways

(1) As a.whole it led to the diéplay'éf:

(a) A Raw board (Figure 6.5)

(b) A Profile board computed by dlffuxencc of Lhev"ldca]"
100 percent perforwance to Plan. (Ii guxo 6.6)

(c) The same as above, but "flagg:ng"'onlv those dPVLatlouq

" which exceed + or - 15 porcent to 100 pexcent pcrformance
(Figure 6.,7)

(d) An a1t01na11vc Profile board computed by d:fforoncc of

' the avelage level of pcrfurmanoc Lor each TLtle'(blgur(

6 8)

. (2) By focusing on the Title 1 program only; I obtained:
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C.E.T.A PROGRAM TITLES 1,2 AND 6 -
FOR THE 12 CALIFORNIAN VALLEY PRIME SPONSORS
FIGURES INDICATE PERCENT-ACTUAL7PLANNED PERFORMANCE

"RAW TITLE TITLE TITLE  TITLE TITLE - TITLE
* BOARD 1-EXPENDITUR. 1~ENROLLMENT 2-EXPENDITUR 2-ENROLLMENT 6-EXPENDITUR 6-ENROLLMENT :
R ' ES : s - : % I S - - B

R
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0000000000 00"
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KERﬁ
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Figure 635 . .
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C.E.T.A PROGRAM TITLES 1,2 AND 6
FOR THE 12 CALIFORNIAN VALLEY. PRIME SPONSORS
FIGURES INDICATE PERCENT ACTUAL/PLANNED PERFORMANCE

 TITLE TITLE TITLE TITLE TITLE . TITLE

1-EXPENDITUR 1-ENROLLMENT 2-EXPENDITUR 2-ENROLLMENT &6-EXPENDITUR 6-ENROLLMENT
ES - $ ES $ _ ES 3
.69 J39 e -80 - .80 .93
.87 : .59 ;73 _ L9z .9«'_ 91
.75 ‘ .;9§ o .79 .43 - .84 » .99
1.11 1.30 86 76 94 1.09
99 Law A v.pév e e o 96
.so',: 133 .86 g 9 - iio«-
.é7v - S R 4 e 82 .98
1.36 88 99 1.02 8s 86
 .§é “ T .95 .§6 B 14 1,22
.61 N 126 .98 IEWIN 1f ».92 . : '196
85 1.03 . 1.00 - | oen f » 1)63-,' n _}.64»
o7 v .54 113 12w , R Y 1.68

XBL 767-8650

Data Table For Figure 6.5
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DIFFERENCE TO "PERFECT® 100 PERCENT PERFORMANCE
“1.E DEVIATIONS FROM PLANNED PERFORMANCE,IN PERCENT .
(SHADED BARS - IND]CATE NEGATIVE VALUES) _
PROFILE TITLE . TITLE CTITLE TITLE ] COTITLE . TITLE
BOARD 1-EXPENDITUR 1-ENROLLMENT 2- EXPENDITUR 2-ENROLLMENT s EXPENDITUR 6-ENROLLMENT
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PROFILE
BOARD
BUTTE .
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IMPERIAL
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DIFFERENCE TO “PERFECT* 100 PERCENT PERFORMANCE
1.E DEVIATIONS FROM PLANNED PERFORMANCE,IN PERCENT
( SHADED BARS INDICATE NEGATIVE VALUES)

TITLE TITLE ' TITLE TITLE TITLE

1~EXPENDITUR 1-ENROLLMENT 2-EXPENDITUR. 2-ENROLLMENT 6-EXPENDITUR 6-ENROLLMENT, o

ES , s ES s ES . .S _ .
-.31 -.61 S-09 . -.20. -20 -.07 : ~
-.13 -.41 -.21 -.08 -.06 -.09 :

] &

-.25 -.02 -.21 -.57 -.16 -.01

.11 .30 -.14 o -.24 o -.06 .09
-.01 T -2 -.15 -.09 -. 04
-.20 .33 =14 s Z05 .04
-.13 .44 . -.15 oS -L02

.36 -.12 -.01 .02 -.15 S.14
-.38 -.26 ~-.05 -.40 -.03 22
-.39 26 -.02 23 -.08 oz
-.15 .03 0. -.29 03 . o4

vI

-.33 -.46 - 13 : 24 -13. .08

XBL 767-8652 -

Data Tablefor,Figure 6.6
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ONLY THOSE DEVIATIONS EXCEEDING + OR - 15 PERCENT
ARE SHOWN HERE.ALL OTHER VALUES ARE PUT T0 0.
_ (THIS "FLAGS* OVER AND UNDER-PERFORMERS) _
PROFILE TITLE TITLE ' TITLE TITLE - TITLE . TITLE
BOARD 1-EXPENDITUR 1-ENROLLMENT 2-EXPENDITUR 2-ENROLLMENT 6-EXPENDITUR 6-ENROLLMENT.
ES .S o ES s ES s -
BUTTE ) : : . : B el
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ONLY THOSE DEVIATIONS EXCEEDING + OR = 15 PERCENT
ARE SHOWN HERE.ALL OTHER VALUES ARE PUT T0 0.
(THIS "FLAGS* OVER AND UNDER-PERFORMERS)

PROFILE TITLE TITLE TITLE TITLE TITLE TITLE
BOARD 1-EXPENDITUR '1~ENROLLMENT 2-EXPENDITUR 2-ENROLLMENT 6-EXPENDITUR 6-ENROLLMENT
. : ES $ ES 3 _ ES s

BUTTE -31 . -6l 0. -.20 -.20 : 0.
"FRESNO 0. -.41 Y 0. 0. 0.
IMPERIAL -.2% 0. -.21 -.57 o =.16 0.
KERN 0. .30 ' 0. -.24 : 0. . 0.
MERCED 0. } .44 0. 0. o, 0.
INLAND -.20 33 0. ' 0. " o. o.
SACRAMEN 0. - .44 -.21 0. -.18 0.
T0 : : o :

_STOCKON ~ - .36 0. 0. 0. o. 0.
SAN-LUIS -.38 -.26 0. -.40 o, .22
~0BISPO : . . . ) e
SANTA-BA -39 .26 0. .23 o. - 0.
RBARA
STANTSLA 0. o, 0. -.29 Sl 0.
us- ~ - ‘ : '

KINGS.  ~-.33 -.46 0. . .24 0. 0

'XBL 767-8654

‘Data Table for Figure 6.7
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_ PROFILE DIFFERENCES TO AVERAGE VALLEY PERFORMANCE
“ " (AS OPPOSED TO 100 PERCENT REFERENCE ‘LEVEL)
“COMPARE THIS PICTURE WITH FIG 6.5 )
PROFILE TITLE TITLE TITLE . TITLE TITLE : TITLE
BOARD  1-EXPENDITUR 1-ENROLLMENT 2-EXPENDITUR 2-ENROLLMENT, 6-EXPENDITUR' 6 ~ENROLLMENT
g ES s N 1 I R £ 5
BUTTE - k . _ LT _
FRESNO T S '
: == i : -  — wille ) -
Sassssnsnssaailasasasanansasi < masisssssssss)
IMPERIAL o »
KERN _ C
~ L | L ] ? : o e [T
OO IITITn [snanaseESasan) .

MERCED [
. I [pessassscrcnonMonsnnassnnnnsi] COOYITIIITI I
INLAND .
- I ’ J C i Il o ey

SACRAMEN o ]
T LL.LJ_LLLI_LLLL.I_Ul Eecssii— = Nosuasnannnnanifi==t=tccmsrias]

STOCKON [———————————1 :
- I J

[EanwshasaaaEni) l.LLJ.LLLLLLLLlj.Il Eﬁiﬁﬁ?ﬁjﬂﬁ ’

SAN-LUIS _ ) . el
-0BISPO : S — : ————— T

aesaasassnans:llosesasassaass) . HH T N '
SANTA-BA . : .
RBARA m ( ) Ir Gl i 5 s 0 o 6 e o 0 ]
STANISLA ‘ ' S
us e I = S

g : SSnasanansnan)

KINGS ' : o

. _ [ al |  n———
: Saaanansanaaai Ef%iii%iiiiiiﬁ T

XBL 767-8655

lFiéﬁfe 6.8:“



PROFILE
BOARD

BUTTE
rn;sub
'xﬁPERIAL
KERN
MERCED
INLAND .

SACRAMEN
T0

STOCKON

SAN-LUIS
-0BISPO

SANTA-BA
RBARA

STANISLA
us '

KINGS

TITLE

1-EXPENDITY

ES
~.16

.02

.26

.14

.02

.51

.00 -

170h

PROFILE DIFFERENCES TO AVERAGE VALLEY PERFORMANCE

(AS OPPOSED TO 100 PERCENT REFERENCE LEVEL) -
. COMPARE THIS PICTURE WITH FIG 6.5

TITLE TITLE . TITLE TITLE TITLE

R 1~ENROLLMENT 2-EXPENDITUR- 2-ENROLLMENT 6-EXPENDITUR 6-ENROLLMENT
'S ES s " ES s
--60 .00 -08 -.10 -.08
-.40 -.18 .04, 04 -.10
-.01 -.12 - 45 : ~.06 ~.02
'.31 . -.05 —!121 _ ‘.ou .08

45 -.03 -.03 01 -.05

.34 -.05 - .25 .05 . X

.45 -z -.03 -.08  -.03
-.11 08 14 -.05 -.15
-.25 .04 - X ' 21
'.27 .07 a5 02 ~.03
_.o§ .09 -ar 13 .03
-4s - .22 . .36 —.65 .07

XBL 767-8656

Data Table for Figure 6.8
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FOCUSING ON TITLE 1
PERCENT ACTUAL/PLAN PERFORMANCE(LIKE FIG 6.4)
OBSERVE THE REFERENCE LEVEL AT 100 PERCENT(=1.)
o : AND THE- RANKING OF THE EXPENDITURES .

RAW BOARD TITLE 1- EXPENDITURES CTITLE 1- ENROLLNENTS
REFERENCE LEVEL _ <::> o : <:i)"' o
STOCKON ‘ <:::> ' . :: C
O O
MERCED <::>
SACRAMENTO v <:> _ :
FRESNO <:>' - o '
STANISLAUS <:> . _ <::>"
INLAND <:> | <:::> .
IMPERIAL , (:> -i-_(:i>' :

. BUTTE a _

| O o
KINGS. O . Cj
SAN-LUIS-0BISPO o . <:>
SANTA-BARBARA O <:::>_

' XBL 767-8657

Figure 6.9



RAW BOARD

REFERENCE LEVEL

STOCKON
KERN
MERCED
SACRAMENTO
FRESNO
STANISLAUS
INLAND
fMPERiAL
BUTTE -
KINGS
SANfLUIs-OBISFO

' SANTA-BARBARA

Data Table for Figure 6.9

170j

FOCUSING ON TITLE 1 o
PERCENT ACTUAL/PLAN PERFORMANCE(LIKE FIG 6.4
OBSERVE THE REFERENCE LEVEL AT 100 PERCENT(=1.)
AND THE RANKING OF THE EXPENDITURES.

TITLE l-EXéENDITURES TITLE 1-E~R0LLME~TSI. .
" .1.00 ’ '.: '> S 1.00 ) o ) ' o
1.36 . ) T
1.11 1.30
.99 ' A o . 1.44
.87 : o 1.44
87 . o .59
.85 I ". 1,@3
.80 ‘_ i _ - 1.33-
75 ) .* 98
69 o o 39
§e7. v : : T
.62 - SR .74
3 ’ : 126

XBL 767-8658
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PROFILE BOARD

’

STOCKON

FRESNO

BUTTE

KINGS
.SAN—LUIS—UBISPd

IMPERTAL

"STANISLAUS
SACRAMENTO
INL AND

SANTA-BARBARA.

MERCED .

- KERN

"DEVIATIONS TO 100 PERCENT PERFORMANCE
PRIME SPONSORS ARE GROUPED ON THE BASIS OF THEIR
) SIMILARITY IN PROFILES = - ‘

170k

TITLE‘1~EXPENDITURES: - TITLE 1-ENROLLMENTS

]

Figure>6.10

XBL 767-8659
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DEVIATIONS TO 100 PERCENT PERFORMANCE B
PRIME SPONSORS ARE GROUPED ON THE BASIS OF THEIR
SIMILARITY IN PROFILES

PROFILE BOARD TITLE 1-EXPENDITURES _ | TITLE l—ENRdLngNTS .
STOCKON . » 36 , | sz | v'57 
FRESNO o —L}3 o " -4 ’
BUTTE _ | : -.31 ‘ R
KINGS ‘ _ -.33 o ' - .46
SAN-LUIS-0BISPO -.38 B TS
IMPERT AL ' _ -5 202
STAN!SLAUgV B ' -.15 oo ; _ .03
SACRAMENTO : o ‘—.13‘ | o 4y
INLAND - - v ' .20 v o , BT
SANTA-BARBARA s | | .26
MERCED ' _ B -.01 _ , T
KERN ' N o : ' 30

XBL 767-8660

Data Table for Figure 6.10 S o R



(a) A'fanked plot of the Raw data, with the rcfercncc level
at 100 percent pcrformance (blgure 6.9)

- (b) A plot of Profile data, arranged by groups of homogeneous

performance (Figure 6. 10)
'This.pfesentation_was very well received b& the ﬁdnagerial "cliénts,ﬁ
but from a research viewpoint it 1ack¢d ohe_of the mostjimportaﬁt'aS—
pects of MATBORD,‘namely,-the use of a similarity board and itsbaséoci—

ated concepts.

VI.3 An Interactive Session with Managerial Participation

The above test examples of manégement reports using Matrix-
~ Displays gave me an opportunity to study the spontaneous reactions of
" management people to the use of Matrix Displays, I felt, however,'that,

in relation to the design of MATBORD, there was a research need for

observing the reactions of managers to the interactive system itself.

In particular, I hoped_thét a direct interactive session at the terminal

would bring:

(i) An opportunity for the.completc”ttacing of ‘an- interdctive -
session, providing an amount of material on the frequency

of use of commands in MATBORD dud on tho thlnk times dqsogl~'

ated with those commands

-(2) Some behavio al evidence as to how the managers adapt (or
do not adapt) to the several levels of dafa analysis pro-
vided by the sy stem

(3) Some elements of reflection as to the potential problems ,

~and benefits associated with the lmplemcntatlon of Matr:x

Displays in a managerial context '

Given the exploratory character of this work and its emphasis .

! - -.v - “ .- - { . . . ..
on the participation of "real-life" managers, I designed an original

method for the Organizétion of the interactive session, The difficulty

of assuming two distinct roles, as the designer and proponent of a system

.and as the scientific inquirer looking at‘howvmanagers-behaVe with

171
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respect to th&vsystem was_solvedvon the suggestion of C, W. Cﬁﬁrchman :
to invite the three faculty @embers of‘this thesis comﬁittee to oﬁser?e
the iﬁteraction. vThey woﬁld represent the "écientific inquiry“ Viewpoiht,
thus freeingvfhe researchef for an active participation iﬁ thg inter-
active.sessibn.

The.parficipants in the interactive session iné}udéd_besides
C.Z.B. and'his.stéff (B.C. and A.f.), two other staff'members_of the>.
Region IX Office of fhe Manpower Administration, namely, B.B. and K.T.
‘(see Figure 6.1)., At this'fime, B.B_ was the liaison agent between the
Manpower Administration and the Lawrence Berkeley‘Laboratory so.that |
he wés perfectly aware of the development of MATBORD. (K.T. Qas his
aide.) The intéfacti?e séssibnbwas set-up in such a way tﬁat each
"aﬁdience" (faculty and management) had its_dwﬁ grdphicbscrcen.  The - E
two screens Wcre-synchronous so fhat the_commandg, keyed—ih bj the author,
.resulted iﬁ the same sequénce of picturés, The layout of the,fopm was
as féliows: | ’

Figure 6.11

) Hard-copy| o Tektronix - _
DeviceJ - Loi1z. microphone
| —[o oo ‘- e
"Facul ty'side | Keyboard} "Management” side <;7Z
c.w.C,, ACH,, "Researcher' c.Z2.B8., B.C,,
ER¥F.WC, BK, - AP., B.B., K.T,

The interactive session itself was integrated within a larger

" semi--experimental frawework including:f .

(1) The presentation of MATBORD through a 25 mimute videotape,
showing the genecral capabilities of the system on a "dummy" -
data set (after an idea by A, C, Hoggatt) C

(2) The interactive session itdeclf, During the session, the
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sequence of commands (time and cost) were traced by'thg
computer, and a microphone recorded the verbdl reactions

of the managewment participants, After the session, thenmna&ors

‘were asked to fi111 out an evaluation questionnaire of.Lhc
tattitude scale'™ type, '

' (3) A round-table discussion with the active participation of

both management and faculty about the merits and limitations .~

“of MAlBORD This dlqcu531on was also tape- ICCOded '

In the following subsections, 1 focus on the results brought'dut

by the interactive session itself (2). The protocols of the round-table ;
discussion'(3) are such a rich material that I devote most'of section

Vi.4 to their'interpretatipn.

VI.3.1 General Features of the Interactive Session
1 difected the interactive session alongba plan of’analysis-
strlctly analo?ous to the one- followod in the test run (Dlgurcs 6 5 to
6.10). Howcven, given the interactive character of the session;and,its'
intent, I had the difficult task to follow the suggestions of the - -
audience and still to show most of thé,systcm*s capabilities. Faculty
- members helped me understand the suggestion of the managemcnt partici-
pants; and thus they determined the "turning_pdints” of fhcAintcrucpion.
The interaction was 73 minutes 5 seconds long, and its total . . .-
'cost, including the computer cost ($14) and the Lérminal'gost:($6),.was
about $20. The statistics of use of commands are given in Table 6.1,
- A number of observations result from this tabie:
(1) The most frequently used commands. (N> 6) lﬂCludL dxsplay
2 mode commands (Profile, Raw), grdphlc formaii:ng conmands
(in purtlcu]ar .the capabllity to Plot the digits themsclves )
and simple analytic cowmmands (Soqueucc and Group) which both
depend upon user specifications.
(2) The commands which are mostAcostly ($O.u0)'ar¢ thosc relating
to the use of a similarity board, i,e., Similarity, HBin,

and Switeh, (The latter was used exclusively in relation
" to tho similarity board.) -The commands_involving the re-
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organization of the whole data structure (Sequonce;-Rank,
Restore, Raw) arc second in cost at about $0.25, Finally,
commands which involve simple arithmetic and/or plotting
procedures are pretty cheap (around. $0.15), = This corresponds
to what should be expected.

The overall average think time is sJightly inferior to a

~minute (56 seconds). Of course, this figure has only an

indicative value, since it includes a variety of factors
(perception/cognition/inference), However, it provides an
order of magnitude of the time which it takes a human user
to "react to"™ a given Matrix Display board. It is inter-
esting to note that the longest average times are associated
with those operators which rearrange the picture either
analytically (by permuting rows or columns in a significant
order) or graphically. o

Another command of particular value seems to be the command
which permits obtaining the numerical data table correspond-
ing to any Matrix Display ("Plot Digits'), Given its low
cost ($0,11) and its high think time value (up to 2 minutes
50 seconds maximum think time), this command scems to have

a quite high informational value. This confirms the result
reached in the field study that Matrix Dlsplays noed be
complemcnted by the corresponding data tables,

The above table shows that'the Profile command was. very.
popular, This is confirmed by a study of the total length -
of time spent in Profile mode. Given that at any point

in the analytic process the display is either in Raw or
Profile or Similarity modc, it is clear that the total length
of time in any wode includes a variety of elementary opera-
tions (i,e., commands such as Rank, Sequence, Croup, ete,).
Jable 6,2 shows a study of the length of time spent in the
three modes during the wmajor phases of analysis, The system
was in Profile wmodes 60 percent of the time, which confirms
tle claiwm that the computation of data pxofllcs is central
to the Matrix Dlsp]dy dnalytlc process,

Table:6 2 data also provides for the 1ntc1cst1nb obscrvation
that each analytical phase (I, II, and IY1) lasted dpplqu—
mately the same amount of time (i.e., 20 minutes to 26 min-
utes), This suggests that the average size of an informa-
tional inquiry might be limited by cognitive factors such

as the need to preserve continuity in thought proccsscs
(Miller, 1968), It might be the case that the interactive
use of Matrix Displays proceeds by *"chunks of inquiry" ap-
proximatcly 20 minutes long (or equivalently 20 commands
long).‘
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Table 6.1

Number of

17

Average - Average ' Average »_
Commands calls (N) cost -(in $) = Think-Time (T) Think-Time (L) -
Profile 8 $0.16 49 sec 1 min 29 scc
Sequence '8  0,23 57 scc 2 min 11 secc
Plot (Digits) 6 0.11 59 sec 2 min 50 sec
Plot (Graphies) 6 0.16 . 25 sec ~ 52sec
Group 6 0.17 - 1 min © 20 sec 2 min 48 scce-
Raw 6 0.21 ' 37 sec 1 min  Hlscc
Enhance 5 - 0.13 2 min 55 secc 10 min 8 scc
Rank L 0.23 2 min 6 sec 5 wmin 6 sce
Restore 4 0.28 : 39 séc 1 min  2sec
Switch 4 0.39 37 sec 50 sec
"Window 3 0.13 11 sec 21 sec
Similarity 2 0.43 15 sec 30 sec
Bin 2 0.44 1 min 19 sec 3 min 17 scc
Reference 1 0.14 - ' 53 sec
Compact 1 0.11 - 15 sec
Sort 1 0.15 - 8see -
Utility Com-
mands 13 0.02 10 sec 50 sec
Total 79 0.18 56 sec. 10 win 8 secc
- NOTE: The highest figures are un.de.rl ined,
Table 6,2
o : Phases
Modes ¥ 1T 1Y Total
Raw - 6 min 31 scc 3 wip 23 sec 3 min 28 sec | 13 min 22 scc
Profile o 12 min 22 sec 17 min 27 sec 15 min L m.i.n. hY gec
Similarity - 6 min 23 sec - 8 min 31 scc 14 wmin 54 scc
Total 25 minv 16 sec 20 min 50 sec 26 min 59 sce | 73 min 5 sce



" VI,3.,2 The Verbal Protocol of Managerial Reactions

Given the_emphasis of this work on'feasibility issués; I com-

plemented the time-and-cost data by two qualitative asscssments of

Matrix Displays. The presence of management people at theftefminall

was an opportunity to study verbal reactions and attitudes .in relation

to the displays which were presented, This qualitative data was col-

lected in two different ways, namely, (1) the recording of thevpartiCiQ

pants® verbal comments and (2) attitude scale questionnaires where the

managerial participants rated the system.

This section describes the results obtained under (1). The

complete protocol of verbal reactions to the system in shown in Appen—

dix B. An attentive study of this protocol shows that C.Z.B. was the

leading character duriﬁg the interactive session. ' It is. possible to

observe the evolution of C,Z;B;'s satisfaction or dissatisfaction as

‘the interaction goes-on, For purposes of clarification the interactive.

session can be divided into three phases:

(L

(2)

(3

During the first phase, the C.E.T.A. data set is analyzed
as a whole, and C.Z.B, is satisfied up to a point where I
suggest to go on into the similarity mode, Figure 6,12
shows the evolution of C.42.B.'s satisfaction (+) and dis-
satisfaction (-) during this phase. Clearly, the manager's
satisfaction decrcases as. soon as the similarity board is
on the screen (numbers refer to the intcrventions in the’
protocol, Appendix B),

During the second phase, it was'deCided_to break the data
set into three meaningful subsets and to analyze each in-

dependently, As shown by the Figure 6,13, C.Z.B.'s satis-

faction grew in the process, after some difficulty "getting
started."™ ~C.Z B.'s satisfaction culminates in comment
no, 50, “"Gee. That tells somcthing." = It then decreases

with the recognition that the interactive process is longer:
‘than it should be in the sense that “what a manager wants

to know is the end-product (no. 54) .,

Finally, the third phase (Tigure 6.14) is again an analysis
of the whole data set whereby I attempted to establish a

176
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C.Z.B.'s Satisfaction During the Ihteractidh:_

(Numbers refer to the interventions in Appendix B.)

Satisfaction

10

. __Figure 6,12

0 ~ — - '(Firsfabhnse
of intcraction)
22
. $ } 1 Matrix
Raw Profile © Similarity Boards
Satisgfctiou 50

+

Pigure 6.13

“(Sccond 6ﬂF~E
of interaction)
R : : —{ Matrix
All displays are Raw orv Profile boards ' Boards
Satisfaction

Figurc'ﬁ.lA

: 55 dgure 6,14
0 -4 — Cinind phase
_of_iuturaction)
' 63 65
' i - ' - : | Matrix .
Raw/Profile T SimilariLy - : Prefile/Raw - ‘Boards.
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clustering of the Prime Sponsors based upon a similarity'
plot., C.Z B.'s reactions then were moderately negative .
‘and started becoming positive agaln when the system was
back. into Profile mode, °
The mainlresult which the above plots illustrate is the relative

difficulty for C.Z.B. to accept the Slml]arlty board as opposcd to

the~Profi1e‘or-Raw:boards. It clearly appears that the Slmllarlty dis-

play, with all its analytical implications, was “difficult to swallow"

for_the,foilowing (verbalized) reésons:

(1) A manager does mot have time.to spend in a detailed analyticdl
process. He needs "quick scans ((3h), (54), (61))."

(2)'The similarity board is not easy to understand: *Just
' -visually it is not easy to see what it means'((ZO),‘(22)).f

(3) The connection between the conéepts of "clustcrlng" and’
~ "similarity" is not perceived, For C.,Z.B,, a relevant
clustering is-a clustering which shows up on thc Plofllc
matrix ((12), (18)). '
An attentive study of C.Z.B.'s reactions further reveals his )
difficulty in coping with the concept of multidimensiouality;‘ For him
the‘critefion of clustering must be simple--such as “cluster together

thosc which are 90 percent of. Plan, those which are 70 to 90 percent of

Plan, etc, ((26)),"--or elsc the concept of clusteriﬁg is lost, At one

point, C.%.B. reccives an exblanatiou from B .C. ((h2), (hl)) which il-

“luminates for him the concept of -dependence  between two diffetént-factors;'

Bﬁt reasoning 6n more than two factors at a time scems véry difficult,
if not impossitle to him.

On the other hand,; the process by Whicﬁ feﬁéfence arrays are
defined so as to permit profile ctmputatibns'is perfectly understood
((7Y, (32), (46), (37)). Even ‘the gcnerai process of deéepening pro-=
gressively the analysis up to a pdint»where "the evidenée holds together

-

in the best wanner™ seems to be clearly understood; at least by the end
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of the interactive session:(67), The sponfaneoﬁs.tasks_ﬁhich.the maﬁa—x
gér and ﬁis stéffvexecute by péiﬁting ét the screénbfit weli the hypb«'
theses thg;‘size and pfofilebcomparisons:aré central to.managcment
inférmation pick-up ((9), (10), and (38)_to (52)). Another observation -
is that the level of need in analytical sophisﬁication differs among
fheimahagement éarticipanté themselves: For instance, AP, (27) éxpressés
a very low level of compfehension»oVer the whole session (muéh 1§wer
than C;z;B; himSelf); while_B.C; is quite active in the process; He'réQ'
commends éourses of.agtion (29), cémments_on the relati;n between vari-
ables ((38), (42}, (44)),vintegrates'size effects within a profile analy-
.sis (51),‘and finally proposes to improve the interactive prograﬁ itself“
byvincofpofating weighing procedures. (73) .
In summary, the verbal protocols of the interactive session_gqg—.
gests thét:. | | |
(1) The general concept of Matr;x Dlsplays.and the process of
" analysis have been perceived correctly., This supports the
thcsxq of the fcaSbellty of ;nteractlve Matrix Displays,

(2) The Raw and Profile boards are acccpted and recognized as
dlsplay aids, However, the Similarity board does not seem .

to be an acceptable format for direct manager;al usage,

(3) Its usefulness is recognized at a technical, analytic level,
© “Analytic types," such as B.C., seem to be interested in a
similarity board approach, '

.VI,3,3 Management Attitudes
Immediately after the interactive séssion ended,.the'pattiéipanté
were askéd t0'£ill_ogt a questionnaire cgveriug mbsp‘of'the system's
capabilities. ihé fifteeﬁrquéstisns.éskéd forié-rating_of each featuré"

on a 5-interval attitude scale, from "very useful" (score, +2) to *“not

usefql at alil" (écore,.—Z), The qﬁestious related to:



(D

(2)

(3

)

The pzocess ‘of matr:x analysis, ,i'é attitudes with respectz
to the Raw, Profile, and SLmLIarJLy boards as well as the:

'undPIQLandlng of the notLon of "Refercncc" arrays

The use of analytic 0perators such as Ranking, Grouping,

. "Plagging" deviant entities, and clustering procedures based

upon a more sophlstlcated statlstlcal analysis of the
81m11ar1ty matrix
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The graphic aspects, including the process of mépping numbers .

into graphic items and the display features themselves

The possibility of calibrating the raw data by data selection
procedures (Masklng) and by ag regation procedurcs ("Clump-

ing'")

"Each of the interaction participants (C.Z2.B., B.C., A;P;; B.B.,

and K.T.) filled.out.a questionnaire, thus providing five answer sheets.

To theso I added two more Questlonnalres fllled ‘out by two staff members

of Lhe chional Offlce who happened to participate in an exactly simllar‘

session Lw0 dayd later (Februaryll 1976) . Thcse staff people J K.

and S.L. in Flgure 6 1, are in charge of Data AnalySLS at thc kegxonal

office. By pooling the complete attitude'data(fogether I get the 15 X 7

raw data matrix shown in Table 6.3, Each elementary score may take an

integcer value between -2 (10we$f score) and +2 (highest - score), The

lef t-hand side column and the upper row of the table show Hvéragq scores

over uscers

and over system's capabilities, Missing values (absence of

“answers) have been replaced by the average score of the respondent. him-

self, Tor instance,'B;Cgbwho did not answer the questionvon Profile -

is given the score .92 on that question, i.e., his own average scorc

. over all other questions he answered,

The row and column cntries of Table 6.3 are ranked adcdrding‘

to the Cbrresponding averages. On the user's'Sidc it is quitc remarkablc

-that the haghcsl-avcrage scores (avcrage scores gteatcr thdn +1) are-

g]VLn by prlmarJ]y staff pcople (S L. , K.T,

,'and B.B.), while the Towest
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averageAscore (lower than :5) is given by the pefson having a'Purél& qiiﬁc"_
vrespoﬁﬁibility>(A:P.);‘éndCLz;B.'stands somewhere between theée cxtfemés.,
" On thé system's capabilities side, i£ is quite réméfkgble that the two
attitudimal queséions relating to "help in learniﬁg" and t6 ﬁanswerASWn
management needs"iréceive the highest averagé judgmeht scoﬁe (+1.43)
and the lowest average judgmént.scoré (+.43).
Betweeh these two extreme attitudes, there appears to be a bef—

ter éppreéiation of the system's coﬁpact analytic operators (ranking,
grouping, fiagging), and calibration procedures (data selection, aggre-
géting) than.of its mépping (mapping, display) éndvstatistical analysis
features (similarity,_élustering). This indié;tes that the ménagerial‘
usérs.are mofe.éble to appreciate énd use an end—product.biétqre'than
té.undcrstaﬁd the analytic p;oéess‘itself. A typical eka@ple in this
fcspéct is the Profile Eomménd, which stands highbin the uSgr's apprcci—
étion (average judgmgnt, +1.20), while its neCstary.prepératory étep;'
the Reference command, sténds quite low (average;judgmcnt, ;w57). In
other wovds, managerial usefs tend to appreciate more the end-result
than the pro@ess of analysis itself,

- A graphic representafion of-Tablé 6.3 is shown ih_ﬁjgufe 6.15,
Clearly, ﬁhe 6veréll appreciaﬁioﬁ of the system is largely poéitivé.
Therevare very few negative judgments (indicated by‘datk‘sboté), and
all such are principally.locatedlin A.P.'s.judgments. This raw data
matfig pan bg uéed'to compute differential profiles; by taking thc‘dif_
ference between each uéér's1judgﬁcuts‘and'thenavérage judgment column,
- This results in Figure 6.i6, where fUrthermorqbc;Z;B,'S judgments ﬁaye
been rank-ordered from highest to lowcét‘difference to averéée; ‘Observe
that C;ZTB'}S judgments are above the average judgment for those aspects.



' of.thé systenn which can be understoodlin a non-technical manner;' group-
ing, ranking, clustering, and fhclp learning," '*answer own needs," and
"help management tasks' kinds of appreciation, It is also intefesting
to note that C.Z.B. seemé to have appreciate the.general process of
défining referencé arrays for the purposé of running a statistical
analysis, On the other hand, the more technical aspects such as the
mapping process; the definition of a Similarity boafd, and even the.
Profile board receive less appreciation than average;"0vera11 C.Z.B.'s
_profile.is very well balanced between above average (“positive") and
below average (Gnegative”) judgménts. |

When the same display is organized on the basis of A.P.fs‘.
judgments (Figure 6.17), an interesting picture emerggé whereby AP,

‘seems to bé_pretty qnidue in his attitude to thewsystem; His'genefal
profilé show more negafivé than positi?e judgmeqtg, with positive judg-
ments’cdncgntrated méinly on the disélay features of the éystem,' Prac-
tically‘all the analftic capabilities aré seen negatively_includiug
cqlibrétiou procedures, low-level analytic features, and thp genera1
process of.definihg Profiile and Sim?larity boards. The only cxdeptidn
-is the definition of Refcrencesrwhich'indicatcs that AP, is favorably

~ disposed to thg display .of Raw aata only;. All other users' profiles arc
largely different ffbm A.P.'s, particularly in that they sth‘ﬁainly

positive deviations to average. For instance, S.L.'s profile is almost

the reverse of A.P.'s, showing a clear satisfaction with analytic (rather

than graphic) features. K)f, and B.B. show positive judgments of both
analytic and graphic display‘fcatures; B,C. and C.Z;B. have "balanced
profiles™ with a mix of positive and negative judgments, Only does J.K.

show a largely negative profiile, but in a quite different manner from
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A,P:fs: J_K,'s only above éverage écéreé relate to.the sophisticatéd
analysis paft, iﬁcluding the Ranking, the Similérity; andlthe Clustering
commaﬁds; ‘ | \ |

In sum, the reéults of the'attitude questionnaire show: -

(]) A general positive attitude toward Matrix Displays and the
interactive MATBORD system,

(2) large variations 1n the understanding and appreciation of
the analytic process. Some users seem to be content with
the Raw data board only (A.P.); others are satisfied at
the Similarity level and up (J.K.). However, most users
seem to be more at ease with the intermediary Profile
stage,

(3) In general, the users appreciate a certain amount of sophisti~
cation in the commands (level B sophistication in V,3.2),
so long as their effects remain understandable. There seems
to be a difficulty in the appreciation of technical notions,
particularly for the middle-line management level (C.Z B.,
B.C., and A,P,). To a certain extent, staff people look
quite ready to deal with technical notions (B.,B., K,T,, and
S.L..

VI.4 MIS and Intefactive Matrix Displays: A Future? -

The above results seem to indicate.that‘the managerial feasibility
of Matrix Disp]ays is not as straightforward a matter as their technical
feasibility‘ On.thc 6ne hand, it seems that the usg'of Raw and Profile
displays for mauagemcnf informationipurpose§ ié clearly appreciatced by
the obsecrved mauaéerial pcople.  On the other hand, it appears that the
notion of Similafity and its corresponding prdéedures'and displayé is
difficult for management users to understaﬂd and thereforé to appreciate,
Consequently, there seems to be a'gap between the tcchnical.fcasibility
and the managcfial féasibility of Matrix Displays, to the extent that
the use of such>disp1ays for analytic purposes may e partiaily.FCjCCtOG;

An interesting source of reflection on tﬁosc matters is provided

by the round-table discussion between management and faculty participants
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which followed the interaction. The protocol of this discussion is
presented in Appendix C and commented upon below. (Numbers in parentheses

refer to the interventions recorded in that protocol,)

VI.4.1 A Manager and His Informafioﬁal Needs

The comments of C.Z2.,B, during the round;tablc disgussion aré an
invaluable source of reflection on the informational’need; of a manager.
Hopefully, however, this reflection might help_highljght a class of needs
which 1is proper to a larger number of management people.

For purposes.of clarification; I group under six major headings
the informational needs which C.Z.B, gmﬁhasized Qver the discussion, -

(1) Need for immediate information.

"How can we get information quickly? How do we retricve
quickly? I am looking for immediate response time.," (2)

"Why wait five years after the.termination of a project to
analyze it, Why not analyze what's going on during the
operational phase, and, hopefully we can come up with an
analysis?" (9) '

(2) Need for specifically prepared information,

"The information is in the computer, but we, as managers,
need to ask specifically certain. questions to get it out.,"”

(2) '

"How do I sell this concept: Give me the things to read out
which I want to sec quickly?' (36) - ‘ L

(3) Need for getting clear lines of evidence.

“"Forty-seven Prime Sponsors are a lot. If a picture tells
me *those are the factors,' then it clarifies my thoughts.”

(42)

"In a nutshell, if it is a ten-step procéss, how can I get
four sheets of paper; what will give me that information?"

(2)
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(1) Need for a homogeneous information system.

*If you focus down on what 1is a management information system,
there may be 100 different opinions as to what is an infor-.
mation system, As a Fed-rep, each one will know what's

going on within their project. But as a manager, I will

not know nor will my boss know, and as you go right up the
line to Washington, they will not know." (9) '

“The system should be able to break down from national
to regional, to the valley, to particular Prime Sponsor.”

“I think I am looking for some standardization." (42)

(5) Need for communicating information to others (acting on them).

w, ., ., so that I can get a_héndle on Prime Sponsors' per-
formance and alert the Fed-reps if there appcars to be a
problem.*™ (2) :

T, trying to visualize. and understand how this could
be presented to other people (say, if I'm making a presenta-
tion to the Priwme Sponsors)." (2) ' :

(6) Need for’ a synthetic comprehension of system’s capabilities,

*I don't realIy care about the best approach, so long as I
can understand and use it . , . ." (42)

"i'm looking for a kind of "end-of~-the-tunncl' information

. . . basically, I'm thinking what goes into the tumnel and
what goes out of the tunmel and what kind of a quick analysig
1 need in-betwcen, , , . while we arc going thru thc tunnel,
the computer will be doing certain action, but then on the
end, the manager will have this kind of information.," ~(2)

Also the manager expressed his satisfaction on certain, limited aspects
of Matrix Displays:
(7) A global appraisal of Matrix Displays.
"Graphically, I can see much more quickly , , . . (2)
"1 found itvhelpful'to me as we come to clustering those
that are off 15 percent one way or -another ., , . , 1 think
it’s starting to zero-in on a particular kind of problem

that would be quite helpful to me."™ (11)

"I'm convinced , . . that this test run alerted me to certain
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problems. , ., . Graphics will assist me in referring out
those Prime Spousors that may have potential problems, 1
think that the system has possibilities," (19)

Although this was a form of a recognition of the utility of

Matrix Displays, the prevailing feeling was that of a gap between the

c"' : heeds (1) through (6) and the proposed system (7).

VI.4,2 Suggestions for-a Gap—Bridgiﬁg Person

- Two éf the participants in the round-table discussion had a
leading'role in sﬁggesting ways® in which the system could aﬁswér mané—
gerial needs. A;C;ﬂ.,-pn tﬁe academic side, and B,B,{-on fﬁe management
side, converged tqgether trying to conciliate the two seemingly con-

flicting requirements:

(1) Get clear informational statements for the manager (A.C.H.,
32).

.(2) Get analytic justificatiéns of such stqtements (A;CLH., 22),

The method which they.sﬁggest-to'use is based upon the idéa that
there should Be’an intermediary link between the computer and the mana-
ger, They‘proposc that this 1ink{ "the ‘analyst," is the direct client
of fhc Matrix Display process and thaﬁ he himself works for the manager.

Somecbody is going to have to analyze this: 1it's not likely to be
in top management; it's not likely to be in the Fed-reps. It is
likely to be an analyst somewherc and he is going to be interested
in the Similarity board (B.,B., 12). ' '

Having watched several projects, the desire is to get the manager
P in touch with the computer; but actually I don't see it happening,

Rather T see the computer getting in touch with thc analyst getting
in touch with the mdna&er (R.B,, 35).

Maybe you should shifit this (systewm) a little bit and work more
closely to the analyst and get clear stalcuents about what the data
says. The whole thlng must be tuned . ., . (A.C H 32) ;

Furthermore, the discussion also provides a basis for defining

a few characteristics of the analyst's job, namely:
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(1) The capacity to EEEBE to his audience from "Fed-reps" to
top management,

"There is a key to each level and by gbing through all the
levels, each one is going to want to see a dlfforent thing
(B.B., 12)."

“Hopefu]ly, we could tell the same thlng to different people
in different ways (B, B,, L1y v

(2) The capacity to justify the plCtUICS obtained in relatxon
to the data themselves .

"As soon as this thing is producing answers that you, mana-
gers, believe, you are going to have -a problem to convince
your assistants to pay attention (A C.H,, 22)."

(3) The capacity to advise management on the basis of the ana- °
lytical results,

"It seems to me that you should be able to tell (a manager
who fails), ‘how do I change my operations so that I come
up on Lhose measures you tell me you are going to evaluate'
(A.C.H., 26)." :

“"You can look at those similarities between those which

~perform well and look at the way their programs are operating,

and say, 'Here are the similarities among the operations of

people who are performing well., Maybe you could do the sawe,

or better' (B.B., 27).»
Oné.managcrjal participant in the interactive session, B.C.,

offered veactions which suggest that he might have an information

analyst's profile., His perception of the process of Matrix Display

‘analysis (4,6), his distinction between longitudinal tiwe-series system'-

and the multidimensionél character of MATBORD (8), and his appreciation
of graphic displays as an aid to "lay persons'” (21) offer some evidence
that his undérstaﬁding of Matrix Displays was higher than average,

in sum, the'fouudftablc discussion led to the suggestion that
there necds to be an intermediary person betwcen managérial users and

MATBORD, This analyst should be capablc of using all the analytic
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resources of the system (such as the Similarity board), so as to discover
suitable statistical structures in the data; he should essentially com-
municate end-product pictures, so that the manager 1is informed in as
economical a way as possible; and finally he should be qble to adapf to

a variety of information clients within the ofganization, from middle;

line to top management.

VI.4.3 Some Conclusions

In section V. 4.3, I enunciated a few research issues which the
managerial feasibility aspéct elicited, The empirical case study of
implementation which I realized in a management environment permits for-
mﬁlating some explorafory results on those issues:

(1) The concept of Matrix Display (i.e., the graphic format of
a matrix represcentation) is understood and well acccpted by
management people. (There was no questioning at all of the
graphic format.)

(2) The three-step analytical process is accepted differentially
by management. people: The Raw and Profile boards arce fairly
well accepted (only one user over seven did objeclt to the
Profile board); the Profile concept is highly appreciated,
and fairly used in terms of "think times.'" On the other
hand, only one user over seven clearly indicated his support
of the Siwmilarity concept, All the other users® reactions
range frowm mild acceptance to complete rejection of the
similarity matrix., The manager who had a central role in
the implementation process (C,2.B.) showed a psychological
"blockage" toward the direct usc of this analytic notion,

(3) It appears that managemeni people accept a fairly high level
of sophistication in the system's comwmands,. so long as they
understand the end-result pictures., It scems that the use
of a Similarity board would have been better vnderstood if
automatic manipulation routines ("levelC sophistication in
V.3.2) had been made available, thus accelerating the process
of similarity analysis,

(4) One definite result is that the manager does not need to
get all the pictures generated during the process of matrix
analysis, Rather he needs a selection of a very few picltures
("1 need three pictures" was C.Z B.'s claim) preferably pre-
pared beforchand by an information analyst.
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(5) The question was raised of how would an intermediary analyst
decide upon which pictures to select for managerial usage.
A suggestion was made that the manager sit in front of the
graphic screen and be presented very quickly a set of pic-
tures among which to choose. Another suggestion was to
let the analyst choose the relevant pictures according
to his knowledge of the manager's needs.

(6) It seems that the pictures should always be presented along
with the corresponding data, and the list of opcrations made
to arrive at the specific displays. There was a claim made
that the manager must be able to explain how any picture
is arrived at and to justify it in front of adversary
opinions, Moreover, it was suggested that Matrix Displays
be used for education purposes (improving management by
showing "profiles of good performance™),

About six months after the above session took place, two-thirds
of the interactive Matrix Display system (MATBORD) was incorporated
within a larger graphic syétem for management information reporting
(CHART, Benson, 1976). Practically, the Raw and Pfofile modes and all
the graphic mapping and simple analytical coumands were chosen to beloug
to this larger system. This represents quite a major appfeciation of.
the feasibility of interactive Matrix Displays for management informa-
tion reporting. It confirms the results of the case study at the U.S,
Manpower Adininistration,

It is characteristic, however, that the Similarity board, which
represeunts the major technical step in matrix data analysis, has not yet'
been selected to belong to the larger:graphic system mentioned above,

It is a conclusion of this thesis that the concept of Similarity and
its implicétions

(1) Have much value in a technical sense (i.e., are tocthoa]ly
and theoretically feasible)

(2) Are not directly acceptable by a manager (i.e., are not
feasible as a dircet aid to management)
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Consequently, thcre secems to be a definite need for an interwmediary
analytic level between the manager, the data, and the concept of Simi-
larity, It is proposed in this thesis that a "management information
analyst™ function is necessary in the organization chart of those or-
ganizations which plan to use interactive Matrix Displays.

In summary, this thesis has shown ways in which Matrix Displays
can be made useful to management, 1In particular, it has clearly assessed
the costs and rewards associated with the use of Matrix Displays. 1In
the long run, it is expected that the benefits will largely balance the

learning efforts required from managers to use Matrix Displays.
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‘Welcome to the interactive Matriijoard;

The general principle of MATBORD is to represenf'numeficalvdata
tables inte a graphic aisplay forhat, S0 tﬁat data analysis can be done -
in a visual fashion. The displays are called MATRIX DISPLAY BOARDS, |
since fhey can be manipulated r6w—wise and columnfwisé as matrix boards
would be. The system»of graphic representation includes circleé, bars -
and shades.

MATBORD can be used és an aid to decision~makihg. Specifically,

as a user of the system, you can accomplish management tasks such as:

FLAG. (sort out) deviant entities, according to. the size of
their deviations. '

RANK entities from lowest to highest.

“GROUP entities into homogeneous clusters.

AGGREGATE similar entities into one macro-entity.

1

Since all these tasks are accomplished graphically, you get a direct
‘perception of their results, and you can monitor the interaction'aécording
to wheré the pay-off secems best,
The matrix boards themselves can be used in three different
modes, which correspond to three different steps in data analysis:
-RAW: 1If you want to consider the raw numerical table that you
selected, then you stay into RAW mode.
-PROFILE: If you nced to look at -data profiles determined in
_reference to a certain criterion, you go into PROFILE mode.
~-SIMILARYTY: finally you might want to go further into the analysis
and ask for a prescntation of the similarities between data
profiles, in which case you go into SIMILARITY'que.
This three-staged sequence can be used to find multidimensional

structure in the data, such as when grouping entities which have

_ similar profiles across a whole set of attributes.

191
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In summary, MATBORD tlghts up graphlc techn1ques and data "

analysis prlnC1ples SO that typlcal management tasks are fac111tated

I - DESIGN OF MATBORD

1:1. Matrix Dlsplay Boards

A MATRIX DISPLAY BOARD is the direct tranSlatio_n of a
_ numerlcal data tables -into'a graphlc dlsplay so that:
- to each NUMBER or data item, there corresponds a GRAPHIC
item (e.g., a bar of varying length)
- the general outlook of the display is that of a 2- dlmen51ona1
table, or MATRIX, with ROW and COLUMN entries.
- the matrix 1nself can be manlpulated as a game BOARD durlng
~ the interaction.
Typically, a numerical table of management data shows the
perfbfmances of a set of N managerial entities, or OBJECTS, over a

set of P managerial characterlstlcs, or ATTRIBUTES In general the

convention is to rcpresent obJects as Tows, and attrlbutes as columns

- ATTRIBUTES B\iANAGkRIAL C}{ARACTEI\IQTICS]

123 4aaas e sl LfA o P

1 L

2 '

3

. '
. : | ‘ _ | , - .
OBJECTS . , - , ) The Matrix cell [1,J] .
MANAGERIAL - o ' . shows the performance o

ENTITIES * - : . ' ! ' .of entity I on charac-
| 1l -{_1,3'1 _ - teristic J.
o \ —
N




In MATBORD, there are general rules'for the manipulation of both :
entiies: yows or columns can Se switched, rank-ordered, or groﬁped
in use—diretted’fashion. Similarly, the computer may help in the re-
‘organization of rows and/or columns on the basis of formal features in
the data. Fiﬁally the mapping of the numerical.data items into graphic
items is done according to specific rules of sealing, which-might be

modified by the user.

1.2 Steps in Data Analysis

193

When a manager looks at a RAW matrix table showing performance data, .

he may_choosertobcomparé managerial entities according to the absolute-
size of their performance. In this situation, entities with low per-
formance are:contrasted with entities of higﬁ performance:v for‘insﬁance,
it i§ meaningful to rank—order'the managerial entities from‘loweSt to
highcst performances. Since the brimary factaf of intercsf lies with.
size variations in the RAW aata itself, dﬁtq analysis is then done
phroughva direct considerafion of the‘RAW table.

MATBORD provides for a second step in the analysis when the RAW
data is not homogeneous,~or when the user wants to cbmpare overall
Shapes‘rather than size variations. Suppoée; for instan;e, that a
housewife wants to compare several supermarkets on the basis of a
price sample of food items. Since food prices might be as diverse as
$.25 for 1 LB-Oranges and $2.65 for 5 LBS;Sugar, there is a need for
comparing the relative deviations to the average price for cach product.
rather than comparing ubsolute prices;. In turn, this providesvthe house-
wﬁfe with supermarkets' PROFILES, where a "good" supermarket shows a

PROFILE of prices lower-than-average. Another instance where a
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PROFILE board is uééful is when the user needs to trahsfofm absolute
counts (e.g., Census bounts) into propor;ions. ‘More gencraily, fhe
proceéé of obtaiping a PROFILE board from a RAW iable is useful in a
variety of inquiries supported By MATBORD.'

Finally, when the user wants 'to compare objects' PﬁOFILES in
a systematic fashion, MATBORD enables him td obsérye betwéen dbjecfs
SIMILARITIES. Foi instance, -correlation coefficients provide a sym-
metric matrix where each cell inaicates_the SIMILARITY Between‘the
object-row and the object-column. This matrix board can bc.hanipulated'
visually, and its entries‘rearranged o) thatvsignificant_patterns,~§uch |
asrclﬁsters around the main diégonal,‘show ué. In turn, these patterns
indicate a multidimensional structure in the set of objects, whichAcan.-'
be interpreted back on the PROFILE and the RAW.boaras.

"iﬁ summary,.MATBORD offe;s the user thr¢e modes-bffinquiry through

the definition of RAW, PROFILE and SIMILARITY boards.

1.3 Data Structurg

The data structure in MATBORD is as fbllows:

SIMILARITY —_— — >

PROFILE 7 | DISPLAY

\\ RAW - = = -

1. The Data Analysis sequence enables the user to call three kinds of

analytic boards: the RAW, PROFILE and STMILARITY modes. However,



these boards cannot be called in random order, and the following
rules must be respected:

- Always start the analysis by a look at the RAW board.
- Call SIMILARITY only when PROFILE has been defined.

There is no sense in computing similarities between profiles if
the profiles themseclves have not been defined. On the other‘hand,
we may call back RAW directly from the SIMILARITY board. (See
arrows indicating permissible moves on the left-hand side of
diagram).

2. Once an ana1ytiC board has been defined, it must be plotted in
graphic form. For this purpose, a set of mapping routines (indi-
cated by arrows (2) on diagram) has been writfen, which includes
such transformation as:

- SCALING in data items into a 0 - 1 range of graphic variations.
The available rules include ABSOLUTE, RELATIVE and RANKING scales.

- BINNING, cr the mapping of a whole set of data items into a
reduced number of graphic bins.

- ENHANCING, which permits the use of enhancement rules for
improving the perception of the low, the medium or the high
nunbers in the data distribution,

Besides those routinés, the user may choose three kinds of graphic:

representations: circles, bars, or shades.

1.4 Commands for Basic Modes

*R—A‘—Y_:

Tﬁis command shows the RAW data as circles of varying sizes.
RAW is ﬁsed as the first cail of any intcraction, since it immediately
follows the selectioh of a data TAELE.. Once an ihteractioh,is on itS
way, RAW may be cai]éd at any point with the effecf of shéwihg the daﬁa

set which is currcntly the basis of the analysis. Since it is expected
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that the RAW data set will be re-defined along the interactive inqﬁiry

(see 2.1 calibration), this‘command enables the user to knbw the Curfent

data-base.’ -
The call is simply made by typing-in:

~ RAW

* PROFILE:

| As a.secqﬁd step in the analyéis, the user may neea consider
PROFILES either in the Réw or the Column direétion; In order to coﬁ-v
pute PROFILESH the system compares the<RAW data arrays to pre-égt criterion
arrays.. These érrays’are defined through a call to REFERENCE‘or to
THRESHOLD (see p.199). .Hence the coﬁdition.for caliing PROFILE is that
a REFERENCE criterion be previously defined. Once this aoné, the user
needs,specify a rule for comparing the data arrays to the criterion. This
comparison mayvinvolve:takiné differences, or proportions, ér normdlized
differences (i.e. differcﬁceﬁ:orresponding reference vaipe).

Hence the following calls which p]ots'PROFILE bars:

-PROFILE ~  [ROWS) (1 FFERENCE]
[corumis]  (PrororTION) .
[NORMALI ZE]

* SIMILARITY:

It is possible to compute the SIMILARITY'befween two profiles
takén at a time, by way of.a general indicator of resemblance such as
" Pearson's ProductMoment -~ Correlation coefficient:

Eum‘of profiies' producté]/Square Root [éum of products of profiles' squareg



By considering all couples'of PROFILES in a systematic fashion, MATBORD
generates a shaded SIMILARITY matrix on the selected PROFILE entry.
The call to SIMILARITY is then:

- SIMILARITY Rows 1
 [eoLums ]

II - COMMANDS IN MATBORD

MATBORD offers its user three types ﬁf commands for dircéting
the interactive data analysis: -
- CALIBRATICN commands enable the user

. to replace outlying data values (OUTLIER)

. to select subsets of data and to recdver subsets having been
masked (WINDOW, MASK and RESTORE)

. to aggregate row or column entries on the RAW board
(BLOCK, COMPACT)

- .ANALYSIS commands enable the usér

. to go progressively into more sophisticated analysis as seen
above (RAW, PROFILE, SIMILARITY)
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. to normalize the data for profile computations (REFERENCE, THRESHOLD)

. to apply operators for permutation and order analysis
(PERMUTE, SEQUENCE, RANK, DIAGONAL)

. to apply a simple grouping operator (GROUP)
.. to apply an operatér for sorting purpbses (SORT)
- GRAPHIC MAPPING commands enable the user . '
. to plot the data in various.graphic ways (PLQOT)
. to monitor graphic operations (SCALE,'BIN, ENHANCE)

. to obtain an estimate of the fidelity of the graphic mapping
(FIDELITY) ' '

‘Besides these three kinds of commands, MATBORD includes a number

of utility commands for input (TABLE), formattiﬁg (LABEL, TITLE,
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(HARDCOPY), redeflinitic_m of Taw data-base (DECLARE, BACKUP) and stopping
- (s10P). | | | -
Any interactive process in MATBORD can be represented as a circular

process of going from one command type to another:

CALIBRATION “ > “ANALYSIS

. ~ [ GRAPHTC MAPPING | 7

Let us now provide a detailed account of each command.

. Commands for Cdlibrations

*OUTLIER Row 1 (1Y [coumy] N2 " XVALUEY
|  [corum] [Rov ] B

This command enables the user to replace a designated outlier
at coordinates (NI, N2) by a value ¢XVALUED.

*WINDOW Cofeow 1 <my N2>
' ~ [corumy] -

Using this command amounts to selecting on the row or column entries a
data subset sta_rting at {N1» and ending at {N2}. It results in
- masking all other rows or columns.

*MASK [RowW ] (LIST OF NUMBERS>
[coLumy] |

This command results in masking the rows or columns identified
in the list of numbers.
*RESTORE [rows 1  ¢np
(coLumng]

The user might restore {N) previously masked rows or columns by
a call to this routine. The scheme is of a LIFO type, i.e.:
last element in/first element out, and the default for <Ny is 1.

*BLOCK  [ROWS ] (LIST OF NWMBERS) [SUM - ]
[coLums] [AvERAGE]



This command enables the user to:égregaté a éet of rows or cblumns

on the RAW board. The sct, designated by LIST OF NUMBERS is
-BLOCKEDFinto one ﬁew TOW or column, while its component elements

are MASKED out of user's sight. Rulés}for BLOCKINC include SUM-

MING and AVERAGING.
*COMPACT rovs 1 [ ]
[corumns]  [AVERAGE]
This command automatically BLOCKS the current groups ihtéiaggregates.
For instance a.RAW matrix with threec groups of rows will be

reduced to a three-row matrix.

Commands for Analyéis

*REFERENCE Row ] “[AVERAGE]
o) um
[INSERT ]
fwser] <Ny
, © [ask ] |
[RESTORE)

This command allows the user to specify the criterion array
to be used for the definition of a PROFILE board.. This REFERLNCE

array might be: , _ o

computed, by summing or averaging over rows or colummis.
directly inserted as a label plus an array of values.
designated by permuting to the row (or column) mmbered N. -

finally it might be masked or restored as any other row or
column array.

1

“*THRESHOLD fROW 1. <X VALUE)
[coLumn]
Whén the use wants to défine a uniform reference value (i.e.

the REFERENCE is the same across all columns or rows) he calls

THRESHOLD and fixes the value {XVALUE) .



*PERMUTE CRows 1 <ny (N2
[coLumns] |

This command enables the user to permute two rows or coiumns '
.at a time. It affects the whole data structure at once so that

‘a11 boards "know" that the switching has occured. When applied

on the SIMILARITY board, both entries are switched ét once so as.

to.keep.the matrix symmetfy.

*SEQUENCE [Rows 1 <£LIST OF NUMBERS) [FORWARD] a

' oLnas) | (BACKWARE)
Rows or columns can be rank-ordered in user—directea fashion.
The usér only needs specify a list of numbers correspondihg to.
:the ordef into thch he would like the current Tows or columns to
be re-ordered. -Henée if the list starts with the nﬁhber 10, it
means that fhe usei'ﬁants the current eiemcnt number 10 to
become the first elemenf (element numberll) in the new ordering.
Furth¢rmore the user can spccify if he wants this Qrdcting to be
interpreted FORWARD (First element in ordering is first on bbard)'

or  BACKWARD (first element is put last). The default. option is

FORWARD. As for the SWITCH command, all boards are affected at once.

*RANK ~ [row T <‘N>. [HIcu]
[coLum] | fLow 1

This command ranks the array of values of the designated row or
column from highest to lowest (HIGH option) or from lowest to
highest (LOW option). The default is HIGI. Also RANK affects the

boards in much the same way as SEQUENCE does.,

© *DIAGONAL

This command is used only in SIMILARITY mode. It provides a test
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*GROUP

*SORT

for evaluating the badness-of-fit of the current diagonal pattern
| L

to a perfect_diagonal pattern. This test is based on a stress

measure which is analogous to KRUSKAL'S non-metric stress. (In

Psychometrika, 1964, 29, 1-27 and 115:129). It indicates the‘éx;

a perfect rank-order.

[Rows 1"+ ¥ LIST OF NUMBERSS
(coLums)

“This command_groupé the rows or columns of the boards on the basis

of a list of numbers entered by the user. These numbers represent

the cardinals (or sizes) of the grohps to be formed in sequential

‘order. ' For instance a list which reads 2 5 3 means that there

should bé formed three groups, the first group comprising'two,

the second group five and the third_group three elements, When the
sum of the numbers in théAlist do not equal the total number of
clements, the remaining elements are considered to form a group
by fheﬁseives.

[uNDER) {XVALUE) - [ABSOLUTE]
© [over] B [RELATIVE]

‘This comnand, which can bte used only: in PROFILE mode, softs out

data vaiues lower than (or alternapivcly‘greater.;han) a specified
value'<XVALUE7. When the user wants to SORT un-signed valﬁes,

the ABSOLUTEfoption is ﬁsed. When on1y §igned values (positive or
negative) ﬁuét bé softed, the RELATIVE option is used.. Défault

is ABSOLUTE.
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tent to which the rank-order of the matrix entries is far from fitting--
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2.3 quphic Mapping Commands

*PLOT (circie 7}
~ [HORIZONTAL]

[VERTICAL )

fsapEs ]

preits’ ]

This command is used to change the definition of the graphic-
repfesentation, since by convention MATBORDVrepresents:‘

- RAW data as CIRCLES ' N

- PROFILE data as either VFRTICAL (Row proflle) or HORIZONTAL
(Column profile) bars.

- SIMILARITY data as SAHDES.

The user may re-set the graphic variable to be either one of those
four possibilities. Moreover he can-ask to see DIGITS (i.e. numeri- -

cal data) rather than graphic items.

*SCALE ~ [ABSOLUTE] -
[RELATIVE]
- [RANKING ]

In order to map data values into graphic ifems; we need apply a
SCALING transformationyWhich re-set the values into the:dispiéy
range 0/1. The rules which might be uqed for scallng are:

- ABSOLUTE scallng where thc maximum absolute data value is mapped

- into the display value 1, and ‘all other’ absolutc values are
mapped accordingly

- RELATIVE scaling where the distribution of the data values
from Minimum value to Maximum value (RANGE) is mapped into
the 0/1 display interval. ‘

~ RANK-ORDER scaling where the data values are rank ordered from
lowest to highest (i.e. from first to last) and mapped into
the 0/1 interval in proportion to their ranks. This results
in regularly spaced numbers.

MATBORD uses the following default values: the RAW, PROFILE and

SIMILARITY boards are respectively scaled RELATIVE, ABSOLUTE and



*BIN <N>

OO0 w046 0uUd4068

RANKING. - By calling SCALE, the user can change these conventions.

T B
¥

A data tablc whlch conta1ns \'% data values and no t1es (no two
values are 1drnt3cal) 1s properly rcpre<ented as a matrlx dlsplay

42

contalnlng V glaphlc items dlfferlng, say, 1n size or shape

Under certaln c1rcumstances however the user may need to reduce

-
s

vthe variety of the dLsplay so as to 1mprove his perception of
specific patterns or trends. This can be done by‘pUtting,the.V '
values into‘{N>>different'BINS, so that each BIN contains the same
number of values, and its own value is detefnined by aVeréging those

values. BJnnlng can be applled to any of the three boards RAW,
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PROFILE or SIMILARITY It is partlcularly useful with the SIMILARITY

board, since 1t,pe1m1§s to extract clusters on the basis of black

or white shading.. (The number N is made equal to 2);

*ENHANCE fLow ]

(e 1.

(MepIun )

[ORDINARY]
The use of MATBORD might be faeed wi%h the:preblcm of impreving his
.. discrimination of certain portions of the data distribution. For
instance, he amay want-to improve the discrimination of values in
the LOW range, or the HIGH'range or the MEDIUM range of the dis-
tribution- fhejENHANCE command -permits .
- to ENHANCE the LOW range through a square—foot transformation.

- to ENHANCE the HIGH range through an exponential transformation..
- to ENHANCE the MEDJUM range through a logistic transformation.

The ORDINARY option permits to go back to a no-cnhancement situation.
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*FIDELITY

In MATBORD, cach data table is mapped into a graphic representation,

Slnce the various mapplng transformatlons (SCALE, BIN ENHANCE) may

" have the effect of reduC1ng the original data var1ety, there is

a need for measuring the FIDLLITY of the correspondence between

the data and the dlsplay. This FIDELITY measure is prOV1dCd by

computing the correlation between the data matrix and the d1sp1ay

matrix.

2.4 Utility Commands

*TABLE - DATA

This command inputs a data table with two modalities: (same
1nput command as in CHART; see CHART write- up)

- the user may directly type-in-a new TABLE by using the followlng
© input format: first, type-in the M column labels (one per line),
then a blank line, and then in turn each row :label followed by

its correspondlng M data values.

- or, by select1ng the DATA option, the user may read-in a data
table previously stored in the input flle with the same format
as above.

*LABEL [Rows 3 CLENGTH?

(coLumns)

When the user wants to modify the length of either row or column-

*TITLE

labels, he may'do so by specifying a LABEL's length. Default length =~

is N=10 characters.

[rop - [LIST OF TITLE LINE NUMBERS]
[BO”I'I‘OM]

[LEFT 7]

[RIGHT)
(¢NULLY]

Entefs and Positions selected title lines (see CHART write-up).

.
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*HARDCOPY
This eommand provides a hardcopy of the correct pictﬁfe; plus
the corresponding data tablé on‘the pre-set HARDCOPY device.

(StMILARITY] -

1. It might happen at times that a PROFILE board looks like a
sound data ‘table to start agaln the analy51s from. 1In that
case the PROFIIE board ‘is declared RAW board

2. In othcr situations it mlght be suitable to look over the
PROFILE board as if it we:e_aﬂSIMILARITY boardi In that
case the program checks the-board's symmetry (equal number
of rows and columns) before making the move.

*BACKUP |

When the DECLARE statement is used (caSg 1.), the former RAW

board isxstored away. This former board can always be called

back if necded again. In fact, at any point during an inter-
action, #he user ié al]bwed to call the BACKUP board. |
*_S_'];O_P_ |

This commqnd STOPS the cxecutioﬁ of tﬂé progranm. ‘Contrarily to

all previous instructions where three letters suffice to the

interaction, this'must be typed-in as a four-letter word.

I - Usmc MATBORD

3.1 Dl%plny Organlzatlon

In MATBORD, all the boards are organized accordlng to the

same format. This format allows for three types of information:
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the labelling of the component clements on board entries.
the definition of arrays of values along either the row or
column entry.

the masking of unneeded arrays,

Hence each board comprises a visible portion and an invisible one, -

according to the following diagram:

VISIBLE
PORTION

- T B P - = - a R e W e W B MR R Al e e e e = e - W e Am e e e e =

-

NOT
VISIBIE

b--

o | NOT
| VISIBLE PORTION ;VIQIBLF |

-......__._..-.-_.._.._.........._.......-_-__.._-...-.._.. - e e - -

1

!

t

| ;
BOARD !
MODE :
:

i

]

]

!

1

: MASKED
R!EFERENCE ROW COLUMNS

e e e el ok

-t

ROW - R!
LABELS {E!

MASKED ROWS
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When considering ‘only the visible portion.of the board
which the user sees, the following features apply:
- the board mode -(RAW, PROFILE or SIMILARITY) is always indicated-

in the upper left corner,.

- when a REFERENCE row or column is created, it is always placed
first in the list of rows or columns.

- finally the user can modify the LABEL sizes by calling the LABEL
‘routine.
3.2 How to use MATBORD commands

Not all commands can be used in any board mode. The following

table indicates under which mode(s) each command can be used.
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MODE = RAW .. PROFILE . SIMILARITY

COMMAND
__ CALIBRATION
.OUTLIER
.WINDOW
.MASK
. RESTORE
.BLOCK
. COMPACT
- ANALYSIS
.REFERENCE
. THRESHOLD
.PERMUTE
.SEQUENCE
.RANK
.DIAGONAL
.GROUP x - x
.SORT '
-~ GRAPHIC MAPPING
.PLOT
.SCALE
.BIN
.ENHANCE
JFIDELITY
TABLE
.LABEL -
.TITLE -
.HARDCOPY
.DECLARE
.BACKUP X
.STOP | i X

XX X X % X

4

XX X XX
v

E I S -

®oOoX oM XK
B T S A B
oo X X X

R T I
>_¢><><'><

b

S
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3.3 Program Operation
-~ CONTROL CARDS LA R
" 1n order to use MATBORD, you reed prépare :the following déck;
1. DISPOSE (FILE = MF, M - ME) -
2, LiBCOPY.(GRAPHIC, LGO, SWLGO, SCLGO,*XXLGb)”“"
3. LIBGEN (F = LGO, P = ULIB) ©
-4, LINKSET (P = ULIB. EO) ' - LED
- S) LIBCOPY‘beﬁQ‘RROGRAM,"MATBOAR) o

On card n2 2, XXLGO = TXLGO if using -the Tektronix 4012

GTLGO if using the GT-40

XXLGO =
XXLGO = TZLGO for Tektronix or GT-40
XXLGO =

TTLGO for Terminal output.

'~ DATA SETS |
Data tables' can be entered directly'éf“the.terminalfpr they'can be
storédlih aHQQﬁEe."VIﬁ this ‘case, the following control card |

" should be added:
6. LIBCOPY (YOURSTORE, DATA, UTABLE)
| when se?eral tables are stored at orice, an EOR,carﬂ should
separate them.

- USE OF COMMANDS
You need type in only the firstbthreé letters of,edch,command,
since only the first three letters are parsed (except‘forvSTbP
where you must type-in all four letters).

- PLEASE | |
If you find anything wrbng?in”this;prégrdm, immediately notify

the autho¥. -
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3.4 Examples of use
| If you load the folldwing control card:
6. LIBCOPY (GPL, DATA, UTEST)
you will find.é seriqs of three téblés illustrating the main
concepts of ﬁATBORD.
- First TABLE DATA: Hdusewife's commodity basket.
The data shows the prlces of 9 house items in 4 shopplng centers.
The problem is to determlne where to buy commodltles Start w1th
the following commands.
RAW
REFERENCE ROW AVERAGE
PROFILE Row NORMALIZE3
...etc.
- Second.TABLE DATA: vManagément performancé data
.The data shows the percent perfo£mance in ACTUAL/PLANNED cxpenditufes
for 12 manageﬁont entities oﬁcr a set of prnogramé. Find the .
best pefformer? thevbést §£gEE_of performers? thé:group of.
over;spcndcrs? | -
Start with the follewing:
RAW
REFERENCE ROW AVERAGE
PROFILE RON DIFFERENCE
SIMILARITY ROW.
.;.etc.. .
- Third TABLE DATA: Population profiles.
The.data shows héw the population of twelve districts disfribﬁte

into characteristics such as: ‘SEX, AGE, EDUCATION, LTHNIC GROUP.
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The problem is to compute population profiles so as to cluster,

together district of similar profiles.

Start with:

RAW | |
REFERENCE COLUMN NUMSER 1 (contains population totals)
PROFILE COLUMN PROPORTION '

SIMILARITY ROW

...etc.
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APPENDIX B

Protocol of the Interactive Session

at the Terminal (excerpts)

* February 9, 1976
10:42:45 am to 11:55:50 am

Management Participants " Faculty Observers
(U.S. Department of Labor)

- C.Z.B (Manager) - C.W.C (Business Admin.)
- B.C (Bill, aide) - A.C.H (Business Admin.)
- A.P (A1, aide) ' - E.R.F.W.C (Industrial
nm _ ‘Engineering
B.B (Bruce, repre o . & Psychology)

.sentant U.S. DOL
at Lawrence Ber-
keley Lab.)

- K.T (Kevin, aide of
Bruce)

212

Experimenter .

—‘B.K (Bernard) .

w®



-

"~ 'B.K (1)

C.W.C ()

C.2.3 (3)

This is the first data set you gave me. It shows a,comﬁaré

- ison Actual over Planned performance for the 12 Valley Prime -

Sponsors, under Title One, Title Two and Title Six prograns.
For each program we have two data arrays: Enrollments and
Expenditures. What we are showing here is a Percent figure.

»Peréeﬁtages.witb respect to Plan -?

Right, Actual over Plan.’ It is broken down on’'a quarter
~basis.. The Prlme Sponsors respond quarterly against their
“plan, so that we're looking at enrollments, we're also

looking at dollars... So we are trying to measure the actual
agzinst the planned, what they said they were going to do
and how well they performed against the plan... This is the
second quarter period.—~ September thru December.

B.K (4)

C.Z.B (5)

B.K (6)

C.Z.B (7)
B.K (8)

C.Z.B (9)

C.z2.B (10)

B.K (11)

(Part I of the Interaction)

. So we have percentages. TFor instance, Butte is performing
98% of its plan on Title One (Enrollments), and 237% of its

. plan on Title Two (Enrollments) etc... Now we can show this,
visually as a matrix display, with each figure belng repre~

sented by a c1rc1e of proportlonal size.

I'm particularly interested»in that first plot that you had
on percentages of that plan, so we should have a hard copy
of that. That one we need.

Now what I would suggest is to do what we did with, the test
run, and compute the average performance for each Title
program, in enrollmcntg and expenditureb

Why don't we rather take the absolute refercncé‘levdl at:

100% so that we compare them to 100% success on plan?

0.K. So I'm going to compute the difference between those
data and a 100% performance, which gives the Profilc‘board.

Look at Kern, hcere, under—expenditures in Tlt]e rwo. and
this one here...

Look at this 2.28 hefe for Merced I .would. be very curious

to know how Merced got 228/ more enrollments with spending
only .16% more. : :

'What we did in the test run was to select those which were

under or over a certain percent, we might do this now if
you wish.

213



C.Z.B (12)

B.K (13)

C.Z2.8B (14)

B.K (15) .

C.W.C (16)

B.K (17)

C.Z.B (18)

.K (19)

C.Z2.1 (20)

C.W.C (21)
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Why don't we cluster them? Ie that what you're talking
about? Let's cluster them and see how it comes out as far

-as the... scan here, you know, can we put them in clusters?

Alright... We might start by ranking the first column, Title
One enrollments and see what happens.

I realize we are doing three things on this one. - You have
Title One, Title Two and Title Six, each of which has
different administrative costs. So you have three titles
that we're comparing at the same time...

-We are trying to compare the profiles of Prlme Sponsors so

as to cluster together those which resemble.

So it might be that Kings could Very well be put with

Stockton? ...and it might be that Fresno has a tougher job?

Now what we can do on the basis of that is to compute an
index of similarity between the profiles of Prime Sponsors,
and this I do now... Each of those cells is shaded so that
the greatest similarities are most shaded and the lowest
less shaded. Using a graphic trick, I can bin the'data
into a lower number of shades, say, 2 shades - black or
white - and now you can see better the contrast between
cells.

'(Thevscreen shows a similarity plot)

Excuse me... The previous step, as far as a manager, was
better... This one is kind of superfluous to me. Tt makes
more sense to me to see it clustered in the other board.
This is a two-step process that is not necessary for me to
know. :

_After this manipulation, we go back to the profiles to

cluster them there, but I need to do this first, because
visually it is easy to find clusters on the similarity
data... ' :

0.K. But just visually it is not easy to sceé what this

means. You have to go from Imperial here to Imperial over
here. 1 need it clustered so that T can understand what SRR
I'm seeing. Tt's like my Kenn... Sce, I 'can't tell by this

“whether T'm looking at Title 1, whether I'm looking at Title

2 or whether I'm looking at Title 6... This would probably
be a technical job, if you have to go thru those steps for
the computer to understand.

What ?ou're saying C.Z, is that it is not useful?



C.Z.B_(22)

B.K (é3)'

What I'm saying is that since we had the other percentages

by title, it would secm logical to me that we do the
-grouping by Title... This, I think, distracts me. It gets

me into another mode, that I don't really know what I'm
looking at. If I can see the percentages + or - with
reference to 1007 pcrformance why not then take them and
cluster them by T1t1e7 '

O.K; Let's stop- d01ng that and let s go to the Profile
board.

C.2.B (24)

B.K (25)
C.ZiB (26)
AP (27)
A.C.11 (28)
B.c'(29)

C.Z.B (30)

B.K (31)

(Part II of the Interaction)

0.K. Now this is the one we ran previously. Can we array
these? Could we go from the ranking to the clustering...
Now can we cluster those Prime Sponsors by performances of
Actual versus Plamned in each program Title, in that kind
of a mode where you have ‘dark spots.

You can cluster them visually, in other words, you can say.
that Kings resembles San Luis and resembles Merced, and on

the other hand, Santa Barbara resembles Kern and«Stocktoﬁ...

.0.K. . On Kings now, is that block there 95% of blan, or is

it 85% of plan, or what is it of plan? You see, I don't .
know, we have to look at the other sheets. Maybe you can
cluster those 90% of Plan in one L]uster, 70 - 907 in
another cluster...

. I don't know what we arc going to get ‘out of it...

Now you have three groups here, corresponding to program
Titles. What about doing each program Title JndJVJdually,
without mJXJng thosce different effects?

_ Yes, that would seem of more value. We want an analysis of
Title 1, slash, an-analysis of Title 2, slash, and flnal]y

one with Title 6.

As a manager, I do not need to sce ten steps when only
threc would be approprlaLc Now, maybe the computer-has
to have those ten stcps to get people three. I think
that's what I'm responding to.

0.K. - Now we mask all other elements, and we sclect only
the data for Title 1 and we go into Profile made by taking
the difference to the 100% reference level given by the

- "threshold"”. Now we sec that Kingd and Merced, for

instance, have similar profiles. They arc high on
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enrollments, and low (below 100%) on expenditures. Now

San Luis Obispo and Santa Barbara also have similar profiles,
high on enrollments and above 100% on expenditures. We can
then cluster them visually... ‘

You see, this is meaningful, reference enrollments and
expenditures. I'm quickly looking for: if they are in
expenditures and low in enrollments I'd wonder about their
administrative costs in No. 1, because on Title 1, it

should be less than 10% of total costs. It appears as
though, just on administrative costs, that they are certainly
below with high enrollments or operation costs. So that is
just a quick scan for me to see how does it stack up with

‘expenditures. Does that seem to make sense to you, Bill or

Al?

Yes... If we could figure out in what particular subcomponent

“under enrollment, and under or over expenditures, we'll run

that as well.

0.K. That comes later. It has to be plugged-in. But now
it looks 0.K. That looks 0.K. It will give me a quick scan

for Title 1. Could we have a hardcopy of that? Question:

why should Stockton be up there and not San Luis Obispo?

Stockton is up there because here it is negative on expendi-

tures (it's below 100%), while San Luis Obispo is positive-
there (over 100%). So that you get basically three groups
(1) high in enrollments/low in expenditures, (2) pretty’
high on enrollments, higher than-100% on expenditures, (3) a
third group which is rather under-enrolling and under-
expended. . . C ’ '

So Tmperial is slightly over-enrolled and substantially
under expended. Let's print that one two... Now can we run
the same thing for Title 2 and 6: 1let's have a readout on
the percentages and then come with this kind of clustering...

This is the picture for Title 2.

Hold that right there. There secns to be no similarity in
the performance in Title 1 as far ‘as over expenditure and
over enrollments. o

Look. 0.K. Merced has over-enrollments, and Sacramento has
over enrollments, Now that over enrollment has continued in
Sacramento since last summer. They have been saving money
though they did not believe us! Look at Kings, Merced and
Sacramento... I think it would be helpful if we could have
this read out and then come back to the other profile for
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quick comparison. Let's now concentrate on this one and the

"one we had just before. I think what I'm looking - for is the

minimum number of sheets that will highlight on what's going
on with the prlme sponsors.

We might form groups at this_point, say three groups.

Now that breaks it out so that I can qu1ckly sce. A
question: on an analysis of performance, these would be
Jow performance here, the bottom three?

Not necessarily. It would depend on what you base your per-
formance on. Those bottom three appear to be fore-planned
in that they over enrolled and under expended. "It should be
a direct relationship from expenditurésito enrollments.

That's right. So, Bill, they. mlght be holdlng administra-
tive costs dellberately low. -

Whereas the top four - that's logical - are over enrolled
and slightly over expended.

The next five are under enrolled and under expended}

The comment is that if we can éuickly'get a visual analysis
(say for instance, at the bottom thrce there, we determined
a low performance) we also have something else to plug into
that, which is a team approach that will go in and focus in
on those 3 prime sponsors. What we are looking at right
now are enrollments and expenditures. The next step is to

look at the characteristics whether they are serving ethnic,

female, or low income groups. .It appears that by looking
at these thus far, on a 100/ porfoxmancg basils, they are
yunning fairly close to plan. Can you have the percentage

read out and give me a print out on the clusters? Give

4+ 15% deviations or more...
Now we go into Title 6.

Tmperial is hlgh cnrollmontq low cxbgnditures;.. Fresno is
high enrollments, low expenditures..

What we might do is rank them on the basis of the enroll-
ments. from hlyhesL to lowcst which is a simple thing to
do...

Gee! that tells something. Look at Fresno, Al: High.
enrollments, low expenditures. - It is curious, very curi-
ous... San Luis Obispo, low _expenditures...
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That's such a. small program. Look at Merced,. or Kings,
well it's a small one too. But look at Santa Barbara, over

" enrollment, under expenditures....

The one that is really outstanding is Imperial, right. High
enrollments, but expenditures are fairly. close to plan...
Maybe what we need to give you is specific 1,2,3,4 Charts
that would be helpful, although you may have to go through
the process of, say 10 steps as an example. '

I think we agree but it's good too that you see how this
works. '

Yes, T think it's good to know how it works, but how many
managers will have that much time? If it's going to be used
as an easier decision-making process, you would not have to
know the ten steps, but basically what you want to know is

the. end-product.

C.Z.B (55)
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‘(Part III of the Interaction)

So this is a comparison now of enrollments and expenditures

‘_for_all three titles, right?

Yes that's right. We can now sort all those values which
are over 157 deviation to plan. The system sorts ocut all
the values greater than * 157 deviation, and replaces‘all
the other ones with zeros so that we just see the ones
standing out.

That's not a bad profile then... But then, again, after this
one, I think if you could show.the high performance, the
medium, the low... you want to do that? There was one that
was considerably ovér. 1 forget which one now...

Yes, Merced.

Can these now be clustered in reference to + 1577 O.K.
Let's sce that chart. Are all three Titles like this on
one chart?. : »

In order to cluster them we have.to do the analytic process
of computing similarity coefficients, because the profiles
now are much longer than before. :

(The screen shows a similarity plot.)

Euh... What I'm getting at is that there is probably a

process that you have to go through in order to arrive at

~
/
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a certain thing. I'm not being cr1t1ca1 but in a way,
being critical, there has to be shortcuts. As a manager,
each time we want to arrive at- somethlng, we should not '
have to go through the 10 step process. I get the feeling
that you are locked into doing those things but I'm asking,
as a Manager, how can we take that base + 15% of actual

versus plan, and go into the next step‘of clustering?

Showing the major problems or the minor. problems, and who -
are average. Is that possible?

That's p0531b1e to obtain the result you wish, but I have
to go through this lengthy process. There are two ways
you can shorten that: either you have someone who does it
for you, or you have an automatic device which does it for
you. I do not have the automatic device, so someone needs
to be here.

Because as a manager now, I have the feeling that to have
a manager sit down for an hour and go through the process
and say "Look, man, I'll see you next week" - if you can
walk say "Look, this is what is involved in it and these
are 10 steps, but however I can give you 3 steps', 0.K.

then I'll listen ‘to you.

So all that you're saying is that there is no great problem,
except he does not know what pictures to present you...

_See what 1 keep trying to do is bring the theory back in

operations and have a marriage someplace in-between. Bruce,
maybe I'm not asking the right question?

~No, I think it is pretty clear. First he needs to know

which of the ten things you need to know. Then you've got
to have some understanding of what he's done to get that.
And then, after you both know those things, the rest can be

pretty well automated so that sometimes when you sit down

at the scope, you'll get just the three pilctures you want
and you'll have some understanding of how you got the

~pictures. So that when. qomeone jumps up and sayq "how- did

you cluster me with so-and-so", you can answer 'you look
alike in this and this"

I think what we are going to do is -- first we want to know
by Prime Sponsors, their performance against the 100%
performance to plan. After we do that we would like to
know by clustering mode, who has similar problems and what
does the similarity mean. As far as enrollment and expen-
ditures, tell us whether they are high or low you know, by
a quick graphic run. .
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Then what I hear YOuvsaying is that when you seevthe prOfilé'
charts, you .get it better than with those similarity plots.

"However an analyst can look at the similarity displays and

get a lot more informatlon out of them?.

.1 can understand when he clusters them. But this kind of
‘similarity thing takes me a little aboard... Because what

I'd like to do. is to take these simple plots (it really is
not that thorough an analysis) and then go back to the prime-

 sponsors, check it out on the spot, and then your total

analysis really would occur with corrective action at that

‘.1evel.

0.K., now we get 3 clusters, and we can go back in Profile

mode to interpret what they mean.

Now, look at that!

It would be interesting if we could weight that against the
total grant, even if it is a very small grant. So that we

know whether it is 31gn1f1cant in actual dollars?

0.K. Maybe at this point, we~could suggest that we break
for lunch. '
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APPENDIX C
‘Excerpts of the Round-table Discussion
after the Interactive Session
February 9, 1976
©12:30 pm to 14:00 pm
Management Participants. Faculty (U.CL) VExperimenter
(U.S. Department of Labor) : : : :
- C.Z.B (Manager) - © ~ C.W.C (Business Admin) - B.K (Bernard)
- B.C (Bill, aide) - A.C.H (Business Admin)
- A.P - (Al, aide) - E.R.F.W.C (Industrial
- ; ‘Engineering
- B.B  (Bruce, repre- :
senting U.S. DOL & Psychology)
at Lawrence Ber-
keley Lab.)
- K.T  (Kevin, aide of

Bruce)
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Maybe we could start the discussion first by looking at the
tasks that this graphics system does, like selecting a

‘certain data set, eliminating the outlayers and alerting on

deviations of plus or minus 50% to plan, and things like

-that. How do those tasks suit your needs?

I'm looking at it, I think, from two standpoints. I would
like for my staff to inject their comments, but thinking
more as a manager as to what information would be useful to
me to get a feel or the trend of all prime sponsors. It can

~be a kind of alert system for my Fedreps and also back to

the prime sponsor. Secondly, from what I've heard- this
morning trying to visualize or understand how this could
be presented to other people, say, if I'm making a presen-
tation to the prime sponsor. ' '

As a manager, I think I'm looking for a kind of the end of
the tunnel kind of information. What goes in, you know, if
we are going on BART to the City, certainly my ears may
feel a change in pressure as I go through, but basically
I'm thinking what goes into the tunnel and what goes out

of the tunnel and what kind of a quick analysis do I need in
between. So, in relating to rumning information, the quar-
terly information, maybe we should have a kind of a clear
indication as to what the process was all about. I'm °
thinking as a presenter now, not only presenting this to my
staff but presenting this to CETA type sponsor. "Gentlecmen,
you are going to be receiving this kind of information
regarding planned versus actual or actual versus planned on
Titles 1, 1I, and VI and also on characteristics of your
significant scegments whether they are female, whether:

they are ethnic origin, or low income or what. And, thirdly,
then, we'll be trying to array for your costs regarding
vocational education classes, classroom training, how do
these relate to placement - the cost?, how do these relate
to administrative costs?" '

Now there are various steps in between that graphic picture
) ! - - ’

"but there are other steps that may be taken and then T think

I would elaborate upon those steps - realizing, and I think:
it would clarify, that the computer can only respond so
quickly, so, as we go thru that tunnel, this is what we are
going to put in. While we are going thru the tunnel, the
computer will be doing certain action, but then on the end,
the manager will have this kind of information. So many
people went into the tunnel at this end, and so many came

‘across at.this cost, and so on and so forth — if that's an

example.

1 think I could have turned off at that point. It was
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interesting you know as to how-you rate them, but I found my -

‘mind wondering as to what is he telling the computer, what

is the computer trying to tell us, are weé really focusing:
in on what information does a manager need to make some
decisions. I think we were coming to that point, but I
felt we were running out of time, and then I felt we were
trying to hurry the computer by trying to arrive at some
quick analysis as to what we wanted to see. So, I think
the information is in.the computer, but I think we, as
managers, need to ask specifically certain questions to
get it out of the computer. It seems to me. that you have

‘given a lot of thought - there is a-lot 'more planning and

thought and programming that goes into the system rather than
just. a quick output and I appreciate that.

" But, again, as a manager, I'm wondering how can we get in-
. formation quickly? How do we retrieve information quickly?

So what I'm looking for is an immediate response time, with
analysis built in, so that I can get a handle on prime
sponsor performance or alert the Fedreps if this appears to
be a problem. "There appears to be a trend between or among
twelve prlme sponsors.' This may not necessarily be signifi-

cant, but I'd like for you, as a Fedrep, to check into what

a prime sponsor would say: How about this particular
factor? Why are administrative costs much higher than your
enrollments? How do you have high enrollments and low
administrative costs? ' Do you really have sufficient staff

to have an adequate information system or is your reporting

such that you do not have a-handle on your financial

~system?" I think these are the kinds of questions I'm
. asking and to me, graphically, I can see that much morc
‘quickly, althoubh the bcdrops will be donng this

individually.

It is difficult for me as a Manager,.tb‘look,at 12 prime

sponsors. At this point we do not have standards as far. as
evaluation, so it .is my thesis that we must measure agalnst:
something. We must measure performance against that plan
whether that plan is good, bad, or indifferent. Because
the Congress will be asking us, '"how have you asscssed your
prime sponsors? . Assessed against what?" I guess, in a

nutshell, what I'm looking for, if it is a ten-steps process,-

is how can I get four sheets of paper that wlll give me
that summary information. :

Apparently the capability is within the computer to skip
several of the processes as 'a mattér.of’apalysis. This is
something that would address one of C.Z's concerns to
achieve only that one piece of paper .or these four pleces
of paper. ,
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I think another problem is that we really haven't specifi~

cally delineated what we are - for several reasons.. In the-

-first place, I don't think we fully understand the capabili-

ties that you can provide. I, personally, have a much
clearer understanding now than I had four hours ago.

I agree with Bill, but I don't think we really know what we

"want to get out of this. I think Bernard has given us quite

a bit of information, and I think its more for you. As a
Fedrep, I can do a lot more with a QPR than 1 can with any
of this. I'm only responsible for Sacramento; OK? I can
look at the QPR and I can see if they are above or below
and how much. : ‘

I think we have the raw data we need. I think it is put in
a format that firstly C.Z can manage, and make some sort
of assignments to the individual Fedrep responsible for
Butte and Santa Barbara or whatever. I'm saying that Butte

.and Santa Barbara appear to have some of the problems which

you presented us. Over enrollments and under expenditures.
So I think that the raw data is there. I think it is a
matter of manipulating that data into a format thdt we can

- manage and I think that format is something we can't clearly

deflnc yet.

Well, possibly this is more of a system for management. We
are looking at performance on a broad scale and then asking
the Fedrep to do some analysis and also some onsite verifi-
cation. I think it has a second step possibility. Realize .
that this is quarter information. T hope that if it has '
merit, that it would go to a monthly basis. The third step,
we could do some comparison, for instance we could do
mnonthly comparisons as far as performance. That should give
you a continuum, on a month-to-month basis hopefully, or a
quarterly basis if we can't go to the monthly, as .to what
Sacramento prime sponsor or Santa Barbara prime sponsor arec
doing. That should tie in definitely with the program

summary that is in the plan they are supposed to do, tie in

with the financial information in the plan, and so on and so

forth. Tt could be used, possibly as a tracking system we

could go back and ask the computor to prepare quarLor]y and
monthly programs. :

Then, you are talking about a longitudinal sort of tracking
system? But these are two separate problems. A longitu- '
dinal problem, and the problem of taking the current data
and only looking at that current data. I think, what you
are saying is absolutely right, it is terribly desirable -~
the longitudinal kind of tracking system. ' '
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Say, at the current time, we have 47 different prime spon-
sors in the region; we have 47 different Fedreps plus

"backup Fedreps. You may have 94 to 100 different ways of

operating' Now, if you focus down on what is an information
system -~ a management information system - there may be

100 different opinions as to what is an information system.
So, you know there is many things built into this as a
manager. How do we get a handle as to performance against .
plan, how do we alert the Fedrep and the prime sponsors to
"Look! There may be potential problems in this area, maybe
we need to correct and modify in a timely fashion." We

need to have, I think, some timely retrievable information
for comparison if we need it. Why wait five years after

the termination of a project to analyze it? Why not analyze
what's going on during the operational phase and hopefully
we can come up with some analysis. Now, as an individual
Fedrep, each one will know what's going on within their
project. But as a manager, I will not know nor does my boss
know what he will know and as you go right up the line to
Washington, they will not know. And if they come back from

Washington and say, "Look, I want an analysis of whatever

factors in Region 9 of prime sponsors' we would be going in
100 different directions, I think.

Can you kind of evaluate how the system could have that job
of looking across prlme sponsors and -across their character- .
istics? That's one question which I have.

Let me respond to it while you ask. I found it helpful to
me, although we would have to look at each prime sponsor for
verification, as we come to clustering those that are off
15% one way or another. At least, their performance agalinst
plan. That suggests to me that they are having certain
kinds of problems particularly as we look at them. 7T

think the system is starting to zero in on a particular kind
of problem. ‘1 think this is quite helpful to wme. ‘

C.Z was suggesting that we have 47 prime sponsors that we
are interested in what they are altogether. Now, we had
only one dataset and it was a very simple dataset. We
have the capability to study several kinds of performance
at once. Maybe, placements as perccntage of people of
intake, placements as a cost, placements, etc., that we
could analyze over several factors all at ome time to give
a much more comprehensive view. For instance, if we take
in the cream-of-the-crop, then we turn out cheap placements,
but if we take people that are really hard to get jobs and
turn placements, that's something else. We have the capa-
bility in this tool to begin to explore that kind of thing
which is very, very difficult to do visually. That's why
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we tend to only talk about placements or tend to talk about
placements per cost. This system, first, is getting a
sophisticated view of the real performance, and permits to
begln to compare performance to other criteria like, you
know, how are they shuffling people through the programs.
Maybe it turns out that the people who take in really:
hard-core disadvantaged people and turn out placements are
running them into on-the-job training rather than basic
education or vice-versa. We can begin, in a sophisticated
way, to explore the kinds of similarities that there are
among the people of the programs who are achieving well.

Now, taking the regional viewpoint, you would want to do
that amongst all the prime sponsors. Then, take C.Z's
viewpoint, you would want to take it among his prime-
sponsors. Then take Al's viewpoint here, you would want
to say, "Well, you Sacramento prime sponsor is following
the pattern of the good, the so-so, the lousy!'" So there

is a key to every level and each level is going to have to

- analyze this and it's not likely to be a top management,

it's not likely to be in the Fedreps; it is likely to be an
analyst somewhere and he is going to be interested in an
analysis of stuff in a similarity board, in the kinds of
analysis he can perform. Then, he is going to want to set

-up a series of output, one to go to H., our top boss,

which shows up the whole region; one to go to C.Z who will

vsﬁow his area; and one to A.P to show how he stacks up
. compared to the rest of them. So, I see those multiple

levels of service.

Bruce, on your comment here, you know, one of the other
phases we need to run, even if it is at Sacramanto or even
if it is at the Fresno level, we may want to know why they
are putting more people at 0JT (On the Job Training) or
classroom training in reference to placements... We can
start comparing, I think, the administrative costs relative
to those factors and also placement out here. So the system
should be able to break down from national to regional, to
the valley, to particular prime sponsors.

We are going to need somewhere an analyst to start thinking
about the things you are talking about. Setting it up so
that when you sit down before the screen, it pops up - OK -
"it turns out that all these people that are 1007 of plan
just changed their plan"

If you start looking at program performance, there should

be some relation to their own plan and it has to be in a
timely fashion. Hopefully, this kind of system or some kind
of system will alert us that there needs to be a change in
policy.
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Then, are you saying that the present thrust of the emphasis

should be on planned versus actual?

I think that is a very elementary step, but I'm not sophis-
ticated, you know, at this point to receive the whole
picture. The only thing 1 know that we can measure agalnst
is the plan, "what is their actual performance -against what
do they plan to accomplish". '

The display thing assumes that you have got the picture and
we now have to worry about the management of Bernard's
thesis (we three are managers of this thesis). The basic
thesis behind Bernard's work .is that somehow or other,
graphics or some form of display is beyond the numbers and
tell you more than you would_get by just looking at the
numbers in an array. That's, I think, for us the basic
question. '

I'm convinced from the test run that we did last September
that this test run alerted me to certain problems within
my specific area. .I'm convinced, at least in my own mind
as a manager, that graphics will assist me in referring out
those prime sponsors that may have potential problems. T
have set that aside, but I think the system has possibil-
ities. Now, I'm trying to see what substance we get out.

That's what Bernard is doing, trying to see whether there

is something in. these graphics that say something to yeu.

A couple of us here werc brought up as statisticians and

it was said to us "Here is some data to massage, and massage
it the way you want'"... Bernard's point is that you would
not be able to get it across to people that way, by an
analysis of the numbers alone. It seems to me to be more
inclination to look at that chart in graphic mode than to
look at numbers.

It is certainly more understandable to the lay person,. and
that's what we are dealing with. If we are dealing with
an analyst, it may or may not be the case. But we are
dealing generally with lay people.

Let me push the question further down like... yhere is a

moral problem which I see emerging. You have got a manager
at some point. He falls down hére, he falls down therc, he
is cheating on this, .so you get him. And you present him
with all of this and he says: ''Why should I believe this?".

Well, in statistics you find some form of a proof in numberw

Now, C.Z, you are showing impatience with that, because you

_say "Give me the answers'. Well, that's fine until you get

in front of that guy in Fresno who says "I do not
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believe you!"

say, ""This is because...

Then you have to be able to come back on and
" and you go through the process

‘of somehow convincing him that he should pay attention to

his work.

I am involved in a thing like this with the post office
where the mail carriers are given a sample of mail, and the
forecast then comes after that and the managers are up in
arms "That sample is drawn at a peculiar time at peculiar
days and so on... " I find a similar debate in here: 'as
soon as this thing is producing answers that you, managers,
believe, you are going to have a problem to convince your
assistance to pay attention - and you'll get that problem
too, and it's related to this question of whether you want
only answers or whether you want answers with analysis.

I have a comment on that, something that in our business
would be meaningful to me, would be to take this QPR (Quar-
terly Progress Report), and bring it along with the pictures
and say "Look, we have run your data through the computer,
and this is how you deviate from plan".

So do you feel that his right performance is the important
th1ng7

Well, T probably take the position that we plugged in his

‘own data, so that he should understand. Say "Look, from

this information, we got these pictures". I am questioning
the time, whether that person would take the time to try to
understand the displays. The manager in Fresno might turn
you to their MIS person who will probably understand this,
the ten steps. But the manager himself{ may not have that
much time. For instance, Al talks to a manager and says
"This has been the analysis, this is what comes out, this
is how it clusters"

If T follow that all the way, then he really does not have
to believe it; what he has to believe is that if you are
going to evaluate him on how he comes out on those things,
so if you tell him "0.K., you fell down on these threc
measures and I am not going to do what you want me to do
until you bring those up" then he will pay attention to it.
But when it seems to me that you should be able to tell him
how should he change his operations so that he-comes up on
those measures you tell him you are going to evaluate.

I think you can tell him because you can look at those simi-
larities between those which perform well and look at the
way their programs arc operating, and say "Here are the
similarities among the operations of people who are
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performing well, maybe you could do the same, or better".

Then you begin to help the manager run the prog:ém-better.

We did this in the Savings and Loans industry some time ago,
and we published for the Commission of Regulations a list
of performance ratios and then .we generated a two-page table

. which showed the performance ratios grouped by size cate-

gories and characteristics. This went to the commissioner
and he would say to some.manager: 'Wait a minute... on
ratio 13 you are about the next to lowest in your group
size. Till you improve your ratio 13, I do not see what
reason you have to ask for a grant'. It worked...

There are two levels there. One is that, some way or an-
other, ratio 13 has to get up and then there is the question
of what is involved with ratio 13. : Maybe we could have two
people talking, one is a manager and the other is the
analyst. ' ' :

This is what we actually did, and it works, but it requires

. an enormous amount of organizational backup, a level that

requires some sophistication of the system. You reverse
those things and say "this is what is alleviated with

_success', they tell you what success is and you tease out

of the grass how to get that.

Well, you are talking about the Savings ahd Loans example,

~which is certainly a very large universe, much larger than

what we are talking about. I do not know if we nced as
much as 13 ratios.

You do not need thirteen ratios, three only maybe. " But it
would be nice if you could be able to characterize your

various agents in such a way that they find themsclves being:

compared with meaningful others. 1In Bernard's systew it.
helps to find which the meaningful others atre... T am won-
dering if the focus of this thing, which is focusing on the
manager alone should not be also to focus on the analyst;
you, C.Z, do not want to sit here in front for two hours
and get a piece of paper, but the analyst does not mind.
Maybe .you should shift this a little bit and work more
closely to the analyst and get clear statements about what
the data says. The whole thing must be tuned.

But if the manager knows what he does want, he can interact
directly and then he can find answers wore effectively than
‘goingAthrdugh the analyst, who is actually interpreting his
manager. ‘ : S

But it may well be that a simplified routine, makes the job
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of the manager much easier. This is what C.Z is lookihg fof;
Then we could have another set of routines that perhaps Fed-

‘reps are interested in. And then for the researcher or the

analyst who perhaps is looking at the regional performance,
(and how the region fits in the nation as a whole) he might
be interested in still more detailed routines.

o
-

This a powerful tool when the decisions are made for the ‘
coming year - where to fit the money, where to fit the = - L.
people. If you can go back to a prime sponsor, or another

prime sponsor can say "Aha, this is a profile of success,

limited, or failure', then a set of graphs coming from that’

-profile routine would give an answer. As Bruce pointed out,

there are levels of use. I know C.Z is impatient and would
like to get step C right away, but we have to go from Al,
A2 and B1l, B2, etc.

The:concept of getting the manager involved is very good

because you get right away what the manager actually says,

and the analyst should be in a procedure to hear what the’
manager says. Perhaps it is for the analyst to ‘then sit
down and to work it out, so that the manager can see what
he wants to see in the fewest number of steps. And then

C.Z sits down the screen and you flash him what he wants

to see, and then along the line he says "Yes, but how about
...?" And the analyst, Bernard in this case, can go through
and flash you whatever is necessary to get the answers to
his new questions. So you get an interaction between a tool,
the analyst, and the manager which has a high payoff. Some
pre-programmed things flash off right away, and then there
is the ability to make some additional inquiries and get
answers rlght away. ' :

Having watched several different pfojects, the desire 'is to

.get the manager in touch with the computer; but'actpally I
don't see it-happening; rather I see the computer getting

in touch with the analyst getting in touch with the manager.
Computers are becoming analyst tools, for analysts to do
sophisticated things quite rapidly and to make this exchange
between the analyst and the manager very rapid. But the

ability of the manager first to understand what is going on

(and maybe he is not 1nterested), and qgcond Lo learn how to ‘

type "Profile" or '"Raw" board is more than the managcr is _ .
ever g01ng to be. able to do. )

PRy

I am not saying that it is this, or that it is a question

. of getting simpler graphics... you need somebody there who

¥uows all the many possibilities and it will take a -

.manager a long time to learn. I don't see these tools

falling into the manager's hands except at a very high
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summary level, with a program where you write the word
Script .and you get whatever is written on the script.

It's a very high summary level, where the manager sees

what is there. But if he wants anything different, he

- goes on to the script and asks the analyst "Eh, how do

I get this and that'"... And that's where I see the level
of computer-managerial interaction.

Unfortunately to do this or something else, we are going to
need a lot of time; granted that all those other various
steps are needed, how do we manage to get the time to know
the system?. Whatever system, there are some basic concerns
which I think the manager should have - I am addressing it.
at my level. ' '

I see, Bernard, you know what you are doing, and I know
that the capability is there to make problems pop up. But
what I am looking at as a manager is '"how do I 'sell this
concept: glve me the things to read out which I want to
see quickly". : :

-

Isn't it that manager—-to-manager conversation has been
amplified by the graphics? Or could it be? Say, how
the Fresno manager compares to the other one over here,
Sacramento... My God, that's a serious improvement, isn't
it? ' ' N

0.K., but let me clarify - I am not only looking down to
managers that are running the programs. I am ]ooking at

our own irternal management in this dcpartment.

But, on requost, you can say 'Look I have upoLLed where
the troubles are just at a glancc right here".

You see, you can pick up partlcular displays that attract

"you and that you find useful. The analyst, like Bernard,

would generatc a stack of these, and you will just sample
those you want. '

Hopefully we could tell the same thnng to dlfferent people
in different ways.

I think I am looking for some standardization. I don't
really care about the best approach, so long as I can under-
stand and use it. Forty-seven prime sponsors are a lot.

If a picture tells me '"those are the factors", then it

clarifies my thoughts.
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