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Chapter 1

HEEQEQQIQE

During the past 15 years there has been an upsurge of

interest in scenic beauty assessment. In general such

assessment deals with evaluating landscape beauty and

measuring people's visual perceptions within natural

environments. The increased attention given scenic beauty

assessment has scmewhat paralleled the environmental

movement. Rising public concern for preserving the scenic

quality of natural environments stems from the ccnception of

landscape beauty as being as important as any cf our other

natural resources, and the realization that the visual

resource can be destroyed. As of 1971 the federal

government had funded 50 studies related to man—environment

research, an area in which aesthetics is a predominant theme

(Bagley et al. 1973). many other studies related to scenic

beauty assessment have been federally funded since then. In

addition state, regional, city and private aqencies have

begun to consider aesthetics in their planning procedures

(for examples pertaining to metropolitan and river basin

planning see Mcüarg 1969).

There are important economic considerations in scenic

beauty assessment as well. To accomplish management goals,
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resource managers face the hurdle of allocating scarce

resources, such as land, labor, and capital. In order to

compare the viability of projects which compete for such

scarce resources the manager must evaluate the projects°

relative costs and benefits (dollar and nondollar). Since

the National Environmental Policy Act (0.5. Ccngress 1969,

P.L. 91 -190) requires federal resource managers and

planners to consider the aesthetic impacts of all decisions,

they must also consider the costs and benefits associated

with landscape manipulation.

hisrerisal Esrerssrire
The term “aesthetics" comes from the Greek verb

aggghggikgs meaning perceptible by the senses. Nebster's

Third New International Dictionary defines aesthetics as the

philosophy and science of art; specifically, the science

whose subject matter is the description and explanation of

the arts, artistic phenomena, and aesthetic experience and

includes the psychology, sociology, ethnology, and history

of the arts and essentially related aspects. Evidence of

consideration of the pleasure derived from natural and man-
Ä

made works of art goes back to the ancient philosophers.

For example, Aristotle felt that the fine arts here derived

from man's desire to imitate nature and that the end result

of the perception of fine arts was pleasure (Mure 196u).

This is because
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in recognising the relation of copy to criginal
there is a pleasure over and above the pleasure we
take in the copy as simply an object beautiful to
look upon. This is shown by the fact that the
realistic representation even of an object in
itself painful to behold gives us pleasure (Hure

The intention here, however, is not to discuss the history

of the philosophy of aesthetics, but to establish the

origins and meanings of the word “aesthetios" and its

relation to present·day scientific scrutiny.

The 18th Century German philosopher Alexander

Baumgarten (1714-62) coined the term aesthetics conceiving

of it as the science of sensory cognition. Aocording to

Dickie (1971),

He (Baumgarten) thinks of art as a low·level
means of cognition, that is, gaining knowledge.
In short, Baumgarten conceives of art as falling
under the domain of both the sensory faculty and
the intellectual faculty as a mode of inferior
cognition (p.10).

Baumgarten thus sought to study the acguisition of

knowledge under the rubric of aesthetics versus the

acguisition of knowledge through logic and reason. Nearly

two centuries later, Santayana (1907) apparently agreeed

with Baumgarten's ooncerns. Santayana states,

beauty is a species of value...A first
approach to a definition of beauty has therefore
been made by the exclusion of all intellectual
judgments, all judgments of matter of fact or of
relation" (p. 20).
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To Santayana, aesthetic judgments are judgments cf value

while intellectual judgments are judgments of fact.

Kant used the term aesthetics to include not only

judgments of beauty but also judgments of pleasure in

general.

For Kant, all aesthetic judgments focus on
pleasure, which is a property of the experienoing
subject rather than of the objective world. Such
judgments are suhjegtiyg because pleasure does not
play a role in the cognition of the objective
world external to the subject.... But if
judgments of beauty are subjective, Kant also
thinks that they are stable and universal in a way
that other pleasures are not. That is, he seeks a
theory which will show that although the pleasure
felt in the taste of, say, chocolate or anchovies
is merely personal, the pleasure felt with beauty
is universal and necessary" (Dickie l97l, p.
26-27).

However, Pickford (1972) emphasizes that

One important point is that the psychology of
aesthetics is not to be identified necessarily or
only with the study of liking of pleasure-giving
stimuli, objects or situations. Aesthetically
valued objects, situations or stimuli may not
always be those which give pleasure or most
pleasure, even displeasing or ugly objects may be
aesthetically good, and there are many pleasure-
giving situations and objects which are not of
aesthetic value or interest" (pp. 246-247).

Although Pickford is not referring to the beauty of

natural landscapes, one may readily generalize and oonclude

that landscape scenes may be pleasure—giving without

necessarily being composed of those elements (e.g., form,

texture, compositicn) which make a work of art aesthetically
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valuable. Conversely, a landscape may contain several

artistic elements and still be judged low in scenic quality.

Bagley et al. (1973) trace the historical development

of the western concepts of aesthetics and list several

reasons for the rising emphasis recently placed upon such

concerns. After 1950, suburban sprawl and central city

development and subsequent decay were recognized as problems

by professional planners. Therefore, among other factors

(crime, crowding, etc.), urban planners and architects

became more concerned with the aesthetic inpacts of

development and inner-city rehabilitation. In the 1960*s,

the Keep America Beautiful campaign of Lady Byrd Johnson and

the use of the scientific method to study scenic beauty

(e.g., Sonnenfeld 1966; Peterson 1967) were but two

manifestations of the growing concern for the protection of

the visual resource. Finally, Earth Day and the subsequent

environmental movement rekindled an appreciation of nature

in its raw state, and, conseguently, the l970°s will

probably be remembered as a time of preserving natural areas

and reassessing the use of our natural resources.

Today, citizen pressure groups no longer accept

development on cost efficiency arguments alone, but require

the consideration of aesthetic issues as well. Federal

legislation (discussed below) requires assessment of the

aesthetic impacts of all federally funded projects.
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Several major themes emerge from this historical

discussion of aesthetics. First, aesthetics deals largely

with individual perceptions of beauty and the acguisition of

knowledge through such perceptions. Second, visual

perception is a cognitive activity. Perception is not just

a passive reception of data, for the mind requires sensory

information in order to function properly. Third, everyone

gains some sort of pleasure from the percepticn of beauty.

Finally, the 20th Century conception of aesthetics includes

not only human responses to art but also human responses to

objects other than art works, including natural landscape

scenery-

Assfhsfiss ans äsisntiiis Lnnnirx
People spend a great deal of time looking. This is not

too surprising considering the fact that a significant

proportion of all human information processed is acguired

visually. There is also evidence that vision dominates the

other sense modalities (Rock and Harris 1967). According to

Newby (1971, p. 68), "...man is truly a visual animal with

respect to his environment. He learns more, reacts more,

and appreciates more through his visual system than through

any other sense.“

The scientific method is increasingly being used to

study aesthetics. Bagley et al. (1973) summarize this

notion well:
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From the 19th Century on, aesthetics has
steadily progressed in the use of the scientific
method. It has become more empirical, basing its
conclusions on the observation of works cf art and
related phenomena, instead of deducing them from
religious and metaphysical
assumptions...Aesthetics makes constant use of
terms, concepts, and data from psychology and from
the social sciences (pp. 22-23).

Scenic beauty assessment is thus reccgnized as a

legitimate area of scientific inguiry and especially crucial

at a time when natural beauty values clash with

technological development (Shafer and Tooby 1973). Scenic

beauty, however, is one of the most difficult resources to

measure objectively. This measurement problem is primarily

a result of scenic beauty's being defined net cnly in terms

of physical characteristics, but also in terms cf human

judgment. Also, the aesthetic experience is usually

difficult to separate from other experiences (Arthur et al.

1977). As an example, aesthetic satisfacticn is often

highly correlated with recreation satisfacticn (Arthur et

al. 1977). Scenic attractions are often the cbjective or an

important element of many recreation activities, such as

driving for pleasure, and photography. In support of this

hypothesis, there is some empirical evidence that scenic

attractiveness is a component of total site attractiveness

(Buhyoff 1979).
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Lenislnrixe Fesnirenents
Despite all of the conceptual problems related to

scenic beauty measurement, legislaticn requires that the

aesthetic impacts of resource planning and management

decisions be evaluated. In general the National

Environmental Policy Act (U.S. Congress 1969, P.L. 91-190)

requires the "Federal Government to use all practicable

means... to ...assure for all Americans safe, healthful,

productive, and aesthetically and culturally pleasing

surroundings...“ Specifioally, NEPA directs all federal

agencies "to identify and develop methods and

procedures...which will ensure that presently unguantified

environmental amenities and values may be given appropriate

consideration in decision-making along with economic and

technical considerations." This section of the Act provides

the basis for the development of methodologies for measuring

and quantifying aesthetics (Bagley et al. 1973). In

addition the Multiple Use and Sustained Yield Act (U.S.

Congress 1960, P.L. 86-517) requires the U.S. Forest Service

to consider the more intangible forest resources

(aesthetics, wildlife, and recreation) as well as the more

tangible ones (timber and forage) in the management of

national forests. Likewise, the Federal Land Policy and

Management Act (0.5. Congress 1976, P.L. 9ü-579) and the

Forest and Rangeland Renewable Resources Planning Act (U.S.
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Congress 197¤, P.L. 93-378) mandate the protection of scenic

quality and the quantitative measurement of scenic benefits.

The Forest Service has responded to these legislative

initiatives by adding to their policy manual a section

entitled "Landscape Hanagement" in which landscape beauty is

recognized as a basic resource to he considered equally with

other forest resources. In line with this pclicy, training

documents have been developed by the Forest Service for the

purpose of illustrating the concepts, elements, principles,

and applications of the agency's landscape management

program (U.S. Department of Agriculture 1973, 197ü).

Finally, the American courts have played a significant

role in matters concerning the protection of scenic values.

For example, in the Scenic Hudson case of 1966 (Scenic

Hudson Conference v- Federal Power Commission), citizen

groups attempted to block the construction cf a pumped-

storage plant on the Hudson River due to potential adverse

effects on scenic values and fish populations (Sax 1970, p.

131). The court agreed that the Federal Power Commission

had not adeguately considered deleterious impacts on all the

natural resources cf the area (scenic beauty included) and

returned the case to the Commission for further research.

Few of the court decisions have ultimately rested upon

protection of the visual resource; however, the negative

aesthetic impacts of certain extractive practices (e.g.,
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clearcutting, stripmining) and develcpmental procedures

(e.g., high·rise construction, dredging of marshes) have

drawn enough public attention to force judicial

interpretations of the laws governing man's role in

manipulating the environment. To illustrate, the recent

Monongahela decision (Izaak Walton League v. Butz) began as

a public outcry over the aesthetic impacts of clearcutting

practices on the Nonongahela and Bitterroot National

forests. While the issue of clearcutting served only as a

focal point for many groups interested in the overall reform

of all forest management practices (Fairfax and Achterman

1977), degradation of soenic values brought the olearcutting

issue enough national notoriety to result in a legal

interpretation of the Forest Service's Organic Act.

The legislation pertaining to visual resource

management poses two problems. First, there are no

standards defining an acceptable level of aesthetic impact.

Second, the acts suggest no methods which managers and

planners may use to facilitate their decisionmaking process.

Thus, managers and planners are forced to use their own

professional judgment, a purely descriptive inventory

system, or one of a multitude of “quantitative" procedures.

Sole reliance on professional judgment could he ineffective

because research has shown that managers and planners do not

always know the desires and attitudcs of their current and
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potential clientele (Lucas 1970; Clark et al. 1971;

Peterson 197M; Buhyoff et al. 1978). Little is known about

which procedures are the most reliable; there have been few

attempts at replication.

Qhiesrirne
The purpose cf the research described herein is

primarily of a methodological nature. The aim is to examine

the usefulness of a procedure known to industrial

psychologists for approximately 18 years. This procedure,

called “Policy Capturing" (Hoffman 1960; Bcttenberg and

Christal 1961; Christal 1968a) has never been employed in

the study of scenic beauty. Specifically, the objectives

quiding this research are twofold: (1) to determine if

Policy Capturing is a an appropriate procedure for modeling

the human judgment process regarding scenic beauty

preferences, and (2) to identify and determine the relative

importance of those landscape features which explain

variations in scenic beauty preferences.



Chapter 2

Eälléh PE Lliéßélääé

Several comprehensive literature reviews

pertaining to scenic beauty assessment have already been

written (see Arthur et al. 1977; Craik 1971, 1972b; Fabos

1971; Riesenman 1977). It is not the author's intention to

summarize these excellent reviews. Instead the purpose of

this chapter is to relate past findings to the research

methodology employed, Policy Capturing (PC). Since PC is

basically a multiple linear regression procedure, discussion

will be aimed primarily at those studies which used a

similar type of analysis. In addition, a section on PC and

its theoretical underpinnings will be presented.

ässssssisn snslisis in Lsnssssrs Asssssrssr
Peterson (1967) was interested in constructing models

which identified and weighted the dimensions accounting for

people's preference for the visual appearance ct residential

neighborhoods. Io measure subjectively his independent and

dependent variables, Peterson used a rating scale method

based on Thurstone's Law of Comparative Judgment (Thurstone

1959). Peterson obtained the following two—variahle model

accounting for 79 percent of the variance in preference:

12
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Preference = ·0.563(Apparent Age of Neighbcrhood) +

0.ü6U(Closeness te Nature)

Factor analysis with varimax rotation reduced the

original nine independent variables (greenery, open space,

age, expensiveness, safety, privacy, beauty, closeness to

nature, quality of the photography) to four factors which

accounted for 97.3 percent of the variance. When used as

independent variables, the model became:

Preference = —0.723(Physical Quality cf the

Neighborhood) + O.587(Harmony with Nature) +

0.26¤(Noise) + 0.126(Quality cf the

Photography).

This relationship yielded an R2 of 0.95. The fourth factor

generated by factor analysis was termed "Noise," not because

of the absence of meaningful information, but because it was

not directly interpretable in terms of the nine original

variables (Peterson 1967).

Although the variables explained a great deal of

variance and are intuitively meaningful, Peterson warns that

the lack of a theoretical basis for explaining the

relationships demonstrates only that the data fit the model.

Other meaningful models might fit the data egually well.

Finally, Peterson admits that a major weakness cf his study

was that the method employed failed to consider individual

Variations among subjects. That is, Peterson did not
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attempt to identify clusters of individuals sharing similar

perceptual preferences.

Two years later Peterson and Neumann (1969) attempted

to develop preference functions responsive to both

individual differences and to visual characteristics of

beach environments. Using a rank ordering of photographs as

the dependent measure and semantic differential ratings of

seven dimensions as values of the independent variables,

Peterson and Neumann identified two groups with distinctive

preference functions. The first group preferred scenic

natural beaches, low use levels, and natural green

vegetation (R? = 0.988). The second group preferred city

swimming beaches, high quality sand and attractive

buildings. while these findings suggest direct management

implications in terms of how to satisfy different user

groups, differences in preference between the two groups

could not be adequately explained by the variables used.

Peterson and Neumann conclude that the appropriate

independent variables were not measured.

It was the work of Shafer and his cclleagues (Shafer,

Hamilton and Schmidt 1969), however, that has been the

source of greatest interest in the literature pertaining to

scenic beauty assessment. These researchers used grid

analysis as a more objective measure of various landscape

features than rating scales. Grid analysis simply involves
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placing a one·guarter inch grid transparency over a

photograph and subseguently measuring various parameters of

two dimensional space (e.g., number of cells, area,

perimeter) accounted for by each pre—defined feature. Using

area and perimeter measurements as values of the predictor

variables and the rank orderings of random packets of photos

as measures of the dependent variable, Shafer found six

characteristics which accounted for 66 percent of the

variation in landscape preference. His final model was:

Y = 18¤.8 - O.5¤36X1 - 0.09298X2 + 0.002C69(X1·X3) +

0.0005538(X1·Xü) - 0.002596(X3·X5) +

0.00163H(X2·X6) · 0.008U¤1(X4·X6) —

0.000QM31(X4·X5) + O-COO6666X12 + O.OOO1327X5Z,

where Y = Preference
X1 = perimeter of immediate vegetation
X2 = perimeter of intermediate nonvegetation
X3 = perimeter of distant vegetation
XM = area cf intermediate vegetation
X5 = area of any kind of water
X6 = area cf distant nonvegetation

ln five of six field tests using Adirondack campers as

subjects, the authors found high agreement between observed

and predicted photo rankings, suggesting that the model may

be applicable to a wide range of recreationists in the

Northeast.

Several authors have criticized Shafer°s work on

methodological and analytical grcunds. These criticisms can

be summarized as:
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1. The dependent variable was only an ordinal measure
(Buhyoff and Leuschner 1978). Thus, one cannot tell hy
how much one landscape is preferred over another-

2. Some of the independent variables, such as perimeter of
distant Vegetation times area of water, lack practical
meaning or intuitive appeal (Euhyoff and Leuschner 1978;
Weinstein 1976; Kaplan 1975). That is, these variables
have no theoretical foundation, or underlying reason, for
being combined.

3. Shafer did not show that the photographs he used were
representative of the landscapes in which they were taken
(Arthur et al. 1977; weinstein 1976).

U. With enough regressor variables (Shafer began with QM) a
regression eguation that will correlate perfectly with
any dependent variable can be found (Weinstein 1976).

5. The variables in the prediction model were based on group
averages. "Successful prediction of group averages does
not neeessarily imply successful prediction of individual
reactions" (weinstein 1976, p. 619). when preferences
are averaged, measurement errors rend to cancel out and
the predictive ability of the model increases.

6. Photographs are only abstractions of the real world and,
hence, may not be valid indicators of actual landscapes
(weinstein 1976; Kreimer 1977).

7. Certain photographie quality variables (e.g., time of
day, composition, scale of elements, type ef lens, etc.)
that Shafer did not consider may account for a
substantial amount of Variation in preference (Kreimer
1977).

8. Due to cognitive dissonance, eampers sampled cn—site will
naturally prefer those landscapes nearest in type to the
ones in which they are camping (Kreimer 1977).

Debate over some of these issues continues in the

literature (e.g., see Carlson 1977; Shafer and Brush 1977;

Buhyoff and Hellman, 1979a, 1979b). A partial explanation

for this eontroversy is that the whole field of visual

resource quantification is still in its exploratory stages
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and new methodologies are constantly being tested and

evaluated. Since most of these issues pertain directly to

the research described herein, they will te addressed

separately in the chapters to follow.

For now, it is sufficient to say that one accepted way

of assessing the reliability of a model is through

replication (weinstein 1976). ln this respect it is

important to note that Shafer's model predicted with egual

success the overall preference patterns of recreationists in

Utah (Shafer and Mietz 1970) and in Scotland (Shafer and

Tooby 1973). Hhile Weinstein and others pose valid

criticisms, replication or near-replication has certainly

strengthened the basis of support for Shafer°s model being a

reliable one.

Carls (197ü), using a method very similar to Shafer's

except for the addition of a few new variables, interviewed

over UO0 recreationists and members of the general

population and obtained their landscape preference scores

for 20 Illinois scenes. Factor analysis reduced Carls' 27

landscape variables to 9 orthogonal factors. The variable

with the highest loading in each factor was selected to

represent that factor as an independent variable in the

multiple regression equation. Carls derived the following

eguation accounting for MB.1 percent of the variance in

preference:
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Y = 205.92 — 0.067X1 — 2.08X2 · 0.081X3 + 0.288XM +

0.071X5,

where Y = estimated preference score
X1 = area of stream
X2 = area of waterfall
X3 = area of lake
XM = area of people
X5 = area of high development

The area of water variables had a positive relationship

with preference and accounted for about 18 percent of the

variation; the effects of people and development had a

negative relationship and acccunted for a little over 20

percent of the variation (Carls' preference measure was

scored so that a low Y value meant high preference).

Zube, Pitt, and Anderson (1974) were able tc derive a

1M—dimension regression model explaining 80.2 percent of the

variance in the scenic quality of the Connecticut River

Valley. Their best six dimensionsi in terms cf variance

explained were:

1Grain Contrast = the difference in the size of the
individual elements of adjacent land uses; Mean Slope =
steepness of landform; Length of View = the maximum distance
of view; Spatial Definition = the amount of enclosure
created by landform; Area of View = size of the view area;
Absolute Relative Relief = the range of vertical elevations,
based on sample points, per unit area. These definitions are
those of Zube et al. (1974).
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rer ren; Earianse irrlained
Grain Contrast 23.7
Mean Slope 16.9
Length of View 9.7
Spatial Definition 7.Q
Area of View 6.5
Absolute Relative Relief H.8

Total 69.0

Wohlwill (1968) was interested in the relationship

between stimulus complexity and preference fcr landscape

scenes. To obtain complexity values wohlwill had subjects

rate a set of slides for amount of variation along five

attributes: color, shape, direction of dominant lines,

texture, and artificial versus natural influences. The

summation across these five attributes averaged over all

judges served as values of complexity. For the dependent

measure, subjects were asked to rate how much each slide was

liked. Graphic (visual inspection of plotted data) and

trend analyses (i.e., tests for linear, guadratic, and cubic

trends possible in ANOVA designs) revealed a curvilinear

relationship between complexity and preference. In other

words, preference increased with increasing amount of

complexity up to a point and then declined once complexity

surpassed some optimal level.

Applying the theory of Signal Detection (Green and

Swets 1966) and Thurstone (1927) scaling procedures, Daniel

and Boster (1976) developed the Scenic Beauty Estimation
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(SBE) method which produces interval level measures. These

interval measures are called "scenic beauty estimates" and

are abbreviated: SBE's. Using Daniel and Boster's method,

Arthur (1977) obtained SBE's for six sites on the Coconino

National Forest in north-central Arizona. Arthur then

performed three regression analyses with three separate sets

of independent variables. She regressed either physical

landscape features, timber cruise variables, or design

inventory parameters against the SEE's and found the

following three models which explained 76, 60, and 97

percent of the Variation in scenic beauty, respectively:

1) Physical Features: SEE = -27.71 - 32.6191 - 13.6892

+ 7.7493 + 7.ü59¤ +17.6095 - 25.7396 + 12.7197,

where 91 = amount of downed wood
92 = distribution of downed wood
93 = amount of vegetative ground cover
P4 = density of trees
P5 = size of trees
96 = Variety of tree sizes
P7 = distribution of trees

2) Timber Cruise: SBE = -21.92 - 18.78T1 + 6.60T2

-38.10T3 -45.51Tü,

where T1 = trees/acre, dbh (diameter breast height) < 13
centimeters

T2 = total tasal area/ha, in sguare meters
T3 = cu. m/ha (based on ponderosa pine 1N-29 cm dbh)
T4 = amount and distribution of slash

3) Design Inventory: SBE = -20.08 -86.94D1 + 79.92D2 +

138.2üD3 + 65.33Du + 229.60D5 - 103.50D6 -

98.8¤D7,
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where D1 = lighting direction
D2 = clouds (none-—billowing white)
D3 = contrast among discrete landscape elements

(little—·much)
D4 = surface variation (none-·much)
D5 = crown canopy (little·—prominent)
D6 = presence of detail (little—·much)
D7 = visual vividness (little--very Vivid)

The design inventory variables were rated on a 5—point scale

by two independent groups of landscape architects.

Daniel et al. (1977) were able tc inventcry these key

predictors and generate scenic beauty maps that have the

interesting potential of being overlain with cther resource

(e.g., timber) maps.

Buhyoff and Riesenman (1979) obtained reliatle interval

scales of landscape preference using Thurstone'e Method of

Paired Comparisons (Guilford 195ü), another psychophysical

scaling routine. Buhyoff and Leuschner (1978) further

analyzed these data to derive the “psychological disutility"

functions of people viewing landscapes containing various

amounts of insect (Southern Pine Beetle) damage. Using

amount of insect damage as the sole predictcr, they were

able to derive the following nonlinear regression model

which explained 8M percent of the Variation in landscape

preference:

Preference = 1.03 — 0.28 ln(Amount of insect Damage)

The above model was found when subjects were told in

the scaling instructions that they would be viewing scenes
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containing varying amounts of insect damage (experimental

group). The control group was informed only that their task

was to judge which of each pair of phctographs they

preferred. The corresponding model for the control group

explained 33 percent of the variation in preference.

Buhyoff and Leuschner interpreted the difference in R2

between the experimental and control group models as

evidence that the experimental group was cueing primarily on

one dimension (amount of insect damage) whereas the control

group was using other variables in a multidimensional

fashion to determine their preferences.

Beliei Qaeiering
Recall that two of the criticisms of the Shafer

approach were the lack of a theoretical fcundation and

failure to account for individual and group differences. ln

fact, the absence of a theoretioal foundation for using

regression analysis is noticeahle in all of the landscape

preference studies just reviewed. The procedure outlined in

this section is not necessarily intended to provide a

landscape preference theory. However, this procedure does

present a conceptual framework and justificatien for using

multiple linear regression to study the relationships

involved in landscape preference judgments. That is, PC

yields a regression model, or strategy, representing the

manner in which an individual or group weights separate bits
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of information to arrive at an overall decision; such an

interpretation of the linear regression equation is based on

empirically—supported psychological theory.

Emphasis on individual differences is another strong

point of PC. In the landscape studies just reviewed,

individual responses were aggregated and a composite model

derived. The PC technique, however, involves computing a

linear model for each individual and the ccmbining

individual models in a logical fashion (to te described

later). In this manner, individual rater consistency and

differences between individual rater strategies (weights)

can be explored. Also, homogeneous clusters of raters with

similar policies can be identified.

rhsereiisal hashgrsnnd
The technique of policy capturinq has existed in

industrial psychology for approximately 18 years. Hoffman

(1960) and Bottenberg and Christal (1961) are usually cited

as the pioneers of this analytic tool. PC has never been

employed in the study of the scenio beauty cf pictures but

seems to hold much promise (Christal 1968a). Thus, the

research reported herein is mainly a methodolcgical study.

As previously stated, the major aim is to see if PC is a

useful and appropriate tool for developing predictive models

and understanding the internal judgment processes related to

scenic beauty preference.
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Brunswik (19QO) first proposed the use of multiple

regression to model human judgment processes (Beach 1967).

However, before 1960 there was little research on human

information processing (Slovic and Lichtenstein 1971).

Since 1960, there have been hundreds of studies dealing with

human use of information in judgment and decision making

(Slovic and Lichtenstein 1971). The judgmental paradigm

relating individuals and stimuli is sometimes referred to as

cue·utilization or policy capturing and is embedded in

Brunswik's Lens Model (Higgins 1973).

Figure 1 diagrammatically represents Slcvic and

Lichtenstein°s (1971) explanation of the Lens Model.

According to Slovic and Lichtenstein (p. 655) "Brunswik's

main emphasis was not on the organism itself, but on the

adaptive interrelationship between the organism and its

environment.“ Brunswik thus studied the way in which humans

learned the characteristics of their environment, not merely

the degree to which humans used such cues. The Lens Model

depicts the probabilistic relationships among organismic and

environmental components of the judgment task.

The variables XV X2, ···-, Xk are cues or independent
variables that define each stimulus object. Each of these

variables has a specific amount of relevance to the true

state (criterion value) of the world, Ye, The relevance of

the ith cue is shown by the correlation,rie , between each Xi
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andYé . The rij values represent the intercorrelations
among dimensions. The subject's judgment or response isYS

and the correlation between each subject°s judgments and the
Xi's is denoted by ris.

Both the criterion value and the subject°s response can

be predicted from the following linear combination of

dimensions:
„ kYe :1il bie Xi ’ (1)

„ kYe =~Z bis Xi. (Z)
1=l

The optimal strategy is represented by Eguation 1. In

other words, the optimal means of predicting Ye is to weight

the cues as shown in (1). The multiple correlation

coefficient, Re , reveals the extent to which the weighted

linear combination of cues is able to predict the criterion,

Ye.
Equation 2 depicts the subject's decisionmahing

strategy or policy. The correlation coefficient, RS, is a

consistency index indicating the degree to which the subject

reliably uses his or her mathematically weighted policy to

reach a decision- The weights (bie and bis values) are
measures of the importance of of each cue in the environment

and for the subject-
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The values, Ra andRm , are measures of the subject°s

performance. The correlation, Ra, denotes the extent of

agreement between the criterion and the subject's responses

over g observations; I%1represents the degree to which the

policy equation of the subject (2) "matches" the

environmental model (1).

The major difference between the Lens Model (Brunswik

1952) and the cue-utilization paradigm (Hoffman 1960; Naylor
and Wherry 1965) is that the former places egual emphasis on
the environmental factors influencing a judge's decision and

his or her strategy. Policy capturing, however, is more

interested in the judge's weighting process or policy
(Eguation 2; the right—hand side of Figure 1). In policy

capturing, therefore, less emphasis is placed on modeling

the environment and more emphasis is placed on controlling
the environmental condition (Slovic and Lichtenstein 1971).

Environmental control is achieved by making the stimulus

dimensions apparent and varying their levels systematically,

sometimes at the expense of realism.

Brunswik's Lens Model also serves as the basis for

Social Judgment Theory (Hammond et al- 1975). According to
Social Judgment Theory (SJT), humans constantly try to

manipulate variables (experimentation is one example) in

order to reduce ambiguity and thereby gain control of their
environment. This notion pervades the social psychology
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literature as well (Langer 1975; Harvey and Smith 1977).

For example, Kelley's (1967) attribution theory is based on
the contention that the need for environmental mastery is

the primary reason why individuals make causal attributions.

A basic tenet of Festinger's (1957) cognitive diseonance

theory is that persons attempt to control their world by
engaging in rationalization, a tension—reducing process.

Sometimes they sucoeed in gaining control, but when the

appropriate variables cannot be manipulated, humans must use

their own cognitive ability. In other words,

They must do the best they can by passive
rather than active means to arrive at a oonclusion
regarding a state of affairs clouded by causal
ambiguity. They must, in short, exeroise their
judgment. (Hammond et al. 1975, p. 272).

Furthermore, this causal ambiguity must be represented in a

theory of human judgment (Brunswik 1952, 1956; Hammond

1955). That is, for the sake of realism, the ambiguity of

the relationships among the variables must be represented in

the task used to study human judgment.

As noted above, Brunswik argued for the representation

of the organismic and environmental systems in a symmetric

manner- SJT is similar to the lens model in that SJT also

includes a set of parallel concepts which apply to task

(environmental) systems as well as human (organismic)

systems (Hammond et al. 1975).
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Hammond and his assooiates (1975) propose the following

three concepts or ohjectives of SJT:

l. SJT is meant to be relevant to real-life situations.

2. The purpose of SJT is not to find the laws of human
jndgment, but to describe the judgment process.

3. Another purpose of SJT is to provide "ocgnitive aids for
human judgment." This is especially important for those
responsible for formulating any type of social policy
from which there is apt to arise much dispute. Thus, an
objective of SJT is not only to UHd€fStäDG human judgment
but also to develop ways of making it better.

Policy capturing shares a common heritage with SJT:

the Brunswik Lens Model. SJT relies on multiple linear

regression as an analytical tool for capturing individual

and group strategies and for desoribing individual rater

differences. The major difference between the two (PC and

SJT) is eguivalent to the difference between the lens model

and policy capturing just mentioned: policy capturing

represents only 0ne—half of the lens model and SJT, the half

dealing with the human system. That is, policy capturing is

basically conoerned with the internal judgment process and

not the judgment task (environment) itself; SJT is concerned

with both.

H9.! Bells}: Qeetnrinn Herbe
Hoffman (1960) postulated the use of linear models to

represent human judgment. Hoffman referred tc such linear

models as “paramorphic representations“ (mathematioal
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descriptions) of human decisionmaking processes. The term
"paramorphic representation" is not intended tc imply that
the actual psycholcgical process involved in decision—making
is one of differentially weighting various cues, but rather
that the process could be represented by such weighting
(Dawes and Corrigan 197ü). Hence, “the mathematical

description of judgment is inevitably incomplete..., and it
is not known how completely or how accurately the underlying
process has been represented" (Hoffman 1960, p. 125).

In essence, PC analysis requires that a group of judges
study the information relevant to a given situation and then

make an overall judgment or decision based upon this
information. For example, Hamilton and Dickinson (1978)

presented judges with profiles of hypothetical employees

(see Figure 2). The judges were asked to review the

information on the profile and then make an overall rating

of that person's job performance.

A multiple linear regression model is next used to

identify the informational cues considered by each judge and
to indioate how such cues must be weighted to simulate the
judge°s decision. In the above example overall job

performance ratings were regressed onto the ratings given
the various elements of job performance. The result was a

statistical model which theoretically approximates how

judges weight information cues (Eeach 1967; Eottenberg and
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Job Elements far Machinists

Hypothetical Employee #37
Policy Capturing Profile

See attached scale for definitions of elements and meaning of points.

Elements

Craftsmanship ...... 4

Practical Intelligence
and Aptitude .... 3

Alertness .... 3

Planning and
Organization . . 2

Safety .... 3

Positive Work Attitude . . 2

Initiative ...... 4

Based on the profile of the hypothetical employee above, please circle

your rating of the OVERALL JOB PERFORMANCE using the following scale:

l 2 3 4 5 6 7 8 9 10

Figure 2. Sample profile of machinist employee (from Hamilton and

Dickinson 1978).
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Christal 1961; Christal 1968h; Naylor and Wherry 1965; Dawes

and Corrigan 197ü). In this manner the researcher can

generate a regression equation which "captures," or defines,

the policy of an individual or group.

slneterinn herbei
Since policy capturing is aimed at revealing individual

differences in judgment policies, a number of methods for

groupinq or clustering judges on the basis cf hcmogeneity of

their equations have been developed. ward (1961) and

Bottenberg and Christal (1961) are generally credited with

the initial work in this area. The clustering technique

most commonly employed in the literature and the one used in

this research is called the Job Analysis (JAN) technique

(Chfistal 1963; Naylor and Wherry 1965).

In actuality, JAN is a twc·step procedure. During the

first step (JAN I) the input data are the values of the

predictor and criterion variables. JAN I then yields as

output the raw score (unstandardized) reqressicn weights,

first—order validity coefficients (correlations between each

predictor and the criterion), and the multiple ccrrelation

coefficient (RZ ) for each judge°s policy eguation. Each R2

demonstrates how well a particular judqe's policy can be

replicated (in a given sample) using a least sguares

composite (Christa} 1968b). If the R2 is relatively high,

one can say that the judge's equation is reliable from
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judgment to judgment (Madden 1963; Slovic and Lichtenstein

1971). The R2 also can be viewed as the extent cf congruence

between the linear eguation and the inferential process of

the judge (Goldberg 1968b).

JAN II, the second step of the clustering procedure,

receives as input the regression weights and validity

coefficients generated by JAN I. During JAN IL individual

eguations are comhined one at a time and a oomposite

strategy is calculated at each step. The clustering

procedure terminates when all individual eguaticns have been

grouped into one ccmposite policy. The loss in prediotive

efficiency (R2) in going from individual tc composite

eguations is a measure of the reliahility of both individual
‘ and group policies. If the drop in efficienoy is small

throughout the clustering process, one can say that the

individual rater eguations are highly hcmogeneous (i.e., the

judges tend to agree on the relative weighting of the

predictors) and that the composite strategy is reliable

(Naylor and wherry 1965; Dudycha and Naylor 1966; Hamilton

and Dickinson 1978).

In the original formulation of the clustering process,

Bottenberg and Christal (1961) proposed the use of the

seguential F test as a criterion for determining the number

of different policies which exist among the judges. This

statistic tests the hypothesis that the two eguations being
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clnstered have the same set of regression weights. However,

the F test criterion was found to be neither practical nor

effective in indicating how many different groups or

policies exist (Naylor and wherry 1965). Instead,

Bottenberg and Christal (1968) proposed the loss in R? in

going from one group to the next as an alternative

criterion. As an example, suppose that the greatest

decrease in R2 occurred when six separate eguations were

combined into five. In this case, according to Bottenberg

and Christal, there are six meaningful clusters or groups

and the results should be interpreted in light of the

possible reasons for such group differences.

Qlinisal xerees äfefiefisal ärsdiefien
The psychological literature on human decision—making

abonnds with examples in which linear models produce

prediotions superior to those of human judges (Goldberg

1970; Dawes and Corrigan 197Q). In 195U, Meehl reviewed 20

studies in which statistical methods were oompared to the

judgments of clinicians (experts). Meehl found that in all

20 studies the statistical method outperformed or at least

tied (in only 2 studies) expert judgment. Many other

studies addressing the issue of clinical versus statistical

prediction were conducted since Meehl's first review. Yet,

Meehl (1965) was still forced to conclude that there was

only one example showing clinical judgment tc be superior
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over rather simple linear models; Goldberg (1968) argues

that even this example does not show clinical superiority.

Libby (1976a) reports one empirical example of a case in

which judges clearly outperformed their model. Goldberg

(1976) notes, however, that when some of libby's cues are

appropriately rescaled, the models outperform the expert.

While Libby (1976b) does not agree with Goldberg's

conclusion, the evidence still overwhelmingly favors the

statistical model.

Goldberg (1970) provides one empirical example of the

superiority of a model of man versus man himself. The

judgment task in this study was distinguishing between

neurotic and psychotic patients on the basis of their

personality profiles. The expert judges were 29 clinical

psychologists varying in experience and training. Least

sguares regression weights were computed for each judge in

the usual policy capturing manner described above. Goldberg

found that linear regression models of expert judges were

more accurate predictors than were the humane modeled.

Goldberg also discovered that modeling did not increase the

predictive ability of the judgmental composite (average

judgment of all 29 clinicians to each personality profile).

That is, the compcsite judge was as accurate as its model.

As recently as 1974, Dawes and Corrigan reported that

they could find no evidence from numerous studies reviewed
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for the superiority of expert over statistical prediction.
Dawes and Corrigan concluded from their review that linear
models were superior to expert judgments because of the
following charaoteristics of the contexts in which such
models were used: (1) the independent variables had

conditionally monotone (positive) relationships with the
dependent variable (or may be rescaled to have such

relationships); (2) the dependent and independent variables
possessed a certain amount of error; and (3) linear models

are robust to changes in weiqhtings of the independent
variables (this holds as long as the weights are given an
appropriate sign). In fact models whose weights were chosen
randomly (except for sign) correlated more highly with
dependent variables than did clinical judgment. Acoording
to Dawes (1977, p. 356),

The psychological reason that linear models
outperform people is that the models automatically
perform the integration process at which people
are quite poor (or at least much poorer than they
think they are) while leaving the choice and
coding of variables, at which people are quite
good, to the people.

Linear xerene äenlinenr neéele
. Despite the reported strength of the linear model, the

proponents of statistical prediction do not deny the
potential influences of nonlinear cue utilization. For
instance, Meehl (1965) states that one advantage of clinical
judgment may be the judge‘s ability to use configural
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(interactive) relationships between regressor variables and

a criterion. In addition, both Goldberg (1968) and Slovic

and Lichtenstein (1971) report investigations in which

judges verbalized their cognitive processes as being complex

ones relying on configural and curvilinear utilization of

cues. This suggests that the linear model may be inadeguate

and that it may be necessary to add to the mcdel higher—

order (X2,X3, etc.) or interactive (X1·X2) terms. However,

Goldberg (1968b, p. u88) reports numerons studies in which

the introduction of more complex terms into the linear

models “rarely served to increase the cross—validity of the

new model." In light of this evidence and the results of

other research investigating the linear/nonlinear issue,

both Goldberg and Slovic and Lichtenstein ccnclude that

humans ggg process information in a nonlinear fashion, but

that the linear additive model is powerful enough to explain

most judgments with a small amount of error. However, there

is some experimental support to the notion that judges use

cues in a configural manner (Slovic 1969). Thus, Slovic and

Lichtenstein warn that even though nonlinear models are

limited in their ability to outpredict linear models,

"nonlinear processes are likely to play an increasing role

in our understanding of judgment" (p. 683).
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Prastisal Qsss
The PC procedure has become popular mainly because of

its ability to identify individual differences in judgment.

Also, the method gives insight into many practical

considerations, such as the key elements of good employee

selection or the critical characteristics of student success

in college. For instance, Zedeck and Kafry (1977) had

nursing personnel evaluate hypothetical nurses. For

registered nurses, Zedeck and Kafry derived an eguation in

which four predictors——empathy, clinical knowledge and

performance, professional growth, and leadership

ability·—accounted for more than 60 percent of the variance

in perceived nurse effeotiveness. In the JAN clustering

procedure, RZ ranged from .66MO for 32 individual eguations

to .3811 for one composite egnation. The criterion of

largest decrease in E? indicated the existence of two

separate groups. However, Zedeck and Kafry found attempts

at stratifying the two groups according to background and

organizational variables to be fruitless. Thus, they

concluded that the sample of nursing perscnnel was

homogeneous in their policy. Nevertheless, there were

noticeable differences among individual raters in the

elements that influenoed their overall assessment of

subordinates. This finding alone has important implications

for identifying organizational goal differences in that it
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is possible for a rater to receive two different evaluations

from two different raters. Zedeck and Kafry (p. 292) argue

that "the results can provide reliable information to

subordinates with respect to what is expected of them, what

is valued by their supervisor (or organization), and what is

to be rewarded."

Taylor and Wilsted (197Q) were interested in studying

the judgmental process involved in cadet ratings at the U.S.

Air Force Academy. These researchers found that (1) raters

were reliable in applying their igdigidggl strategies to

cadet ratings; (2) the policies among cadet raters varied

(predictors received different weights by different raters);

and (3) the stated policies of raters differed markedly from

their mathematically-derived policies. Taylor and wilsted

reasoned that it was possible for a cadet to receive

different ratings depending on his rater. All these

findings are consistent with other investigations involving

the PC procedure. The composite linear model indicated that

overall cadet ratings could be described by knowing the

ratings given three variables: performance of duty,

cooperation, and leadership (the authors failed to report

how much variance was explained by these three variables).

The most likely explanation for why other predictors (e.g.,

acceptance of authority) did not account for auch variance

is that the rejected predictors were highly ocrrelated with
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the three predictors retained and were thus implicitly

included in the final model.

In a third study involving the PC paradigm, Anderson

(1977; had 16M high school teachers evaluate 36 teacher

profiles in terms of overall teacher quality. Among other

things, Anderson found that raters were no less consistent

when given an eight predictor profile than when given

profiles with either six or four predictors. Although she

states that her evidence is inconclusive, Anderson reasons

that no matter how many cues are presented, the judge uses

only a limited number in making his or her decision.

Policy capturing has also been successfully employed in

research aimed at identifying and weighting the key elements

of various Air force specialities (wherry and Naylor 1966),

group policy toward nuclear safeguards (Brady and Rappoport

1973), psychiatric diagnoses (Goldberg 1965), college

students' grade pcint averages (Wiggens and Kohen 1971),

selection procedures for life insurance salesmen (Roose and

Doherty 1976), the personnel status of Naval ships (Berman

and Dunnette 197ü), stockbrokers' decisions regarding the

growth potential cf stocks (Slovic 1969), and planning

decisions involving the designing of transportation and

other systems (Hammond et al. 1977). while this list is

certainly not exhaustive, it does point cut the wide range

of applicability of policy capturing.
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Since landscape assessment is still in its infancy, the

search is on for reliable and valid methods of

quantification and description of the visual resource. One

of the more powerful analytic tools used tc investigate

landscape preference is multiple regression. The landscape

preference studies which have used this type of analysis

have generally shown favorable results. Multiple RZ values

have ranged from 0.330 to 0.988 with all but two R2 values

above 0.600. This indicates that the predictor variables

studied have been able to account for much of the variance

in landscape preference. There have even been two

successful replications of one of the models (Shafer and

Mietz 1970; Shafer and Tooby 1973). Of the sight studies

using regression, three reported that judges were using

visual information possibly in a nonlinear manner to arrive

at their preference evaluations (Shafer et al. 1969;

Wohlwill 1968; Buhyoff and leuschner 1978). Thus,

researchers in this field have extended the simple linear

regression model to include nonlinear terms and parameters.

Such an extension of the analysis has revealed the existence

of complex relationships among prediotor variables and

between predictors and the criterion, landscape preference.

Despite these results, other researchers have voiced

their criticisms of the multiple regression approach. These
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criticisms were summarized on p. 16. while not directly

stated, one of the purposes of this chapter has been to

suggest that the methodology to he employed in this

dissertation, policy capturing, presents a ccnceptual

framework backed by empirical evidence for answering most of

the criticisms leveled against the multiple regression

approach to landscape assessment. For instance, two of the

strongest criticisms of the Shafer model in particular and

the multiple regression paradigm in general are the lack of

any theoretical foundation and the failure tc account for

individual differences. According to Daniel (1976) any

measurement system should provide a clear conceptualization

on which it is based. This allows the validity of the

system to be evaluated in terms of how well the index or

model it yields conforms to its own conceptualization of

what it says it is measuring. Policy capturing, with its

roots deeply embedded in the Brunswik Lens Model of behavior

and Hammond's Social Judgment Theory, presents a well-

developed conceptual rationale for the use cf multiple

regression in any task involving human judgment. Landscape

assessment is obviously one such task.

In terms of individual differences, "cne of the

purposes of using a linear model to represent the judgmental

process is to make the judge's weighting policy explicit.

Large individual differences among ueighting pclicies have
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been found in almost every study that reports individual

eguations“ (Slovic and Lichtenstein 1971 , p. 678). Hence,

one value of PC is that it allows the inferenoe of an

iggigidpal judge's policy by reguesting an overall

evaluation of a total stimulus (e.g., a landscape) rather

than requiring evaluations of the elements waking up that

stimnlus. "The focus of the analysis is on the decision cf

the rater rather than on the rater's interpretation of

his/her decision process" (Zedeck and Kafry 1977, p. 287).

The exposure of individual differences is crucial to

landscape management (Craik and Zube 1976).

Finally, an effort was made to review triefly those

studies which indicate the applicability of PC to numerous

real-life situations. This "realism“ of the PC procedure is

a direct legacy from Brunswik and the social judgment

theorists (Hammond et al. 1975). Therefore, while PC is

not aimed at discovering the laws of human judgment, it is

intended as a cognitive aid for those persons having to make

everyday decisions with social ramifications. In this

respect, PC seems to have practical advantages for those

concerned with planning and management of the visual

resource. A chief aim of this dissertation is to ascertain

to what extent this last statement is true.
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The methodology employed in the present study was

designed to (1) ottain a representative sample of stimuli;

(2) identify and guantify the appropriate independent

variables (landscape features), and (3) ottain global

preference evaluations of each stimulus as measures of the

dependent variable. The steps discussed belcw generally

follow these three goals.

äxinnli
The original stimuli for this study were over 700 35mm

color slides of landscape scenes taken from the Blue Ridge

Parkway (BRP) between Waynesboro, Virginia and Asheville,

North Carolina. These slides represented a wide variety of

scenes from panoramic views of distant landfcrms and rural

environments to rather closeup shots of wooden fences,

fields, forests and other ccmbinations of natural and man-

made (mostly rural) landscapes. The slides were taken by

four different individuals (two graduate students in forest

recreation, one assistant professor of forestry, and one

U.S. Forest Service planner) and represented as closely as

possible the range of scenes visually perceived along the

BRP.

uu
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Daniel and Boster (1976) argue that phctographs of

landscape scenes should he taken in a random fashion so that

the landscape in question is validly represented. No effort

was made in this study to randomize the taking of slides.

Nonetheless, for the reasons stated above, it is reasonable

to assume that the slides were representative of BR?

scenery. In addition, monetary and time ccnstraints

necessitated the use of slides taken for other landscape

research projects and personal use.

Qinensiene
In order to carry out the PC procedure, cne must first

be able to identify and quantify the important elements of

landscape preference. The literature in this area consists

of many studies in which anywhere from 50 tc 100 different

variables (a conservative estimate summed over all studies)

have been proposed as contritntors to landscape preference

judgments. Since variable reduction was not one of the

purposes of this research, another criterion was used as the

basis for selecting predictor variables. In particular,

Harvey's (1977) wcrk was used as a guide fcr selecting

landscape dimensions. There are two reasons for using her

research as a guide. First, Harvey used five methods

(Thurstone's Method of Paired Comparisons, Iikert scales,

semantic differential scales, grid analysis, and free

response) to investigate the elements of landscape
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preference. Since the results of all methods tended to

support each other, there is some convergent validity to her
findings- Second, Harvey's slides and photographs were of

BRP scenes. Since the same study area is used in this
research, the important landscape features identified by
Harvey should be nearly identical to the ones used for this
study.

This study employed 10 of the most important dimensions
identified by Harvey: foreground Vegetation, mcuntains, man-
changed area, visible distant landforms, green colors, blue

colors, unobstructed expanse cf view, sky, clouds, and

undisturbed forest. The definitions of these dimensions are

given in Table 1.

One reason for choosing only 10 dimensicns is due to
one of the limitations of PC. That is, to avoid overfitting

regression eguations it is recommended that each judge rate
at least 10 stimuli per dimension (Naylor and wherry

196ü,1965; Hamilton and Dickinson 1978). Ten such judgments

are also necessary to insure sufricient variahility along

each dimension. with 10 dimcnsions and 10 stimuli per
dimension, each judge had to rate 100 slides. Sith any more

than 100 such judgments, subject boredom and iatigue could
confound the results. Since 15 seconds per judgment were

allowed, it took subjects only 25 minutes to make the 100

judgments. Pretesting the procedure indicated that this

many judgments would not he unduly burdensome.
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Table l. Definitions of dimensions

Dimension name Definition

Sky (S) The proportion of the scene containing clear
(unclouded), blue sky.

Foreground The proportion of the scene containing grasses,
vegetation (FV)* shrubs, trees, or other plants in the front-most

portion of the scene. The "front-most portion"
is that area of the scene where individual leaves,
twigs, blades of grass, needles, etc. are clearly
discernable.

Green (G) The proportion of the scene containing any
shade of the color green. Blue—green counts as
green.

Blue (B) The proportion of the scene containing any
shade of the color blue, except blue—green.

Mountains (M) The proportion of the scene containing
mountains, as opposed to rolling hills, flat
land, and sky.

Man—changed The proportion of the scene which man has
area (MCA) visibly altered in some manner. These changes

may be either positive (beneficial) or negative
(harmful).

Unobstructed expanse The extent to which an observer can clearly
of view (UEV)* see a distant scene beyond the foreground. lf

a brick wall or a mountain were directly in
front of the observer, then the observer's view
would be highly obstructed. UEV can also be
considered that proportion of the middleground,
background, and unclouded sky which is un-
obstructed.

(continued)
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Table l. Definitions of dimensions (continued).

Dimension name Definition

Visible distant The proportion of the scene containing land
landforms (VDL)* features (flat land, hills, mountains, etc.)

which the observer can clearly see. "Distant"
means beyond the foreground of the scene and
includes visible landforms in the middleground
and background but does not include sky or
clouds.

Undisturbed The proportion of the scene containing
forest (UF) forested areas that have not been noticeably

changed by either human or natural forces.
UF may include foreground if the foreground is
forested.

Clouds (C) The proportion of the scene containing any
type of cloud formation. Clouds do not include
haze.

*For the definitions of each of these dimensions, a slide on which
the foreground was clearly delineated with a black line was shown.
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Another reason for keeping the number cf dimensions

relatively small is reported by Darlington (1968).

Darlington (p. 174) arques that "the estimated true validity

of a sample multiple regressicn equation is very low (and

the mean square error very high) when the number of

predictor variables is large in relation to the number of

people in the sample on which the equation was derived." As

an example he cites a study in which a regression equation

with 84 independent variables and data from 135 subjects was

constructed. The correlation with the criterion was 0.73

in the initial sample and 0.04 in the cr0ss·validation

sample. Darlington concludes that “ it is often better to

use fewer predictor variables, or to use a different

prediction method altogether, than to use a regression

equation with an extremely large number of variables“ (p.

174).

One final justification for the use of 10 variables is

supplied by hang and Stanley (1970). In a review of various

weighting procedures hang and Stanley ncte that

differential weighting is probably worthwhile only when

there are a small number (3 tc 10) of predictcrs, their

average intercorrelation is low (0.50 or less), and the

weights have substantial standard deviaticns. Fewer than 10

dimensions could be used in this study. However, since this

is primarily an exploratory study, it is desirable to begin
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with as many variables as possible given the limitations of

the methodology discussed above.

"ransr;" Ansage: Jihass .1
As an initial cut the original 700 slides were reduced

to about 300 on the basis of poor photographic quality.

Some of the original 700 slides were also eliminated because

they were near-duplicates of other slides or because people

were contained in the scenes. Finally, about one-fourth of

the 700 were discarded because they were taken during

seasons other than the season during which the landscapes

were to be judged. This latter point needs some

clarification. Using a paired comparison routine, Buhyoff

and Wellman (1979) have revealed the potential for

seasonality bias in landscape preference research. These

researchers found a significant interaction between season

of photography and season of preference judgments. In other

words, if landscape photographs display various seasonal

characteristics (e.g., fall colors), then preferences may be

biased toward a certain season depending on the season in

which preferences are elicited. To illustrate, spring

scenes shown in the winter are likely to receive higher

ratings than the same scenes shown during the spring. Since

subjects in the present study were asked for their

preference judgments in late spring, summer, and early fall,

slides showing fall colors and winter or early spring

characteristics were automatically eliminated.
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A panel of judges composed of 11 forest management/

economics graduate students, 3 forest reoreaticn graduate

students, and one undergraduate senior majoring in interior

design (n= 15) assisted in reducing the 300 slides selected

in the first cut down to the 100 needed for the judgment

task.

Eressdnre = Ehase 1
The desired result in this phase of the study was a set

of 100 slides (10 dimensicns x 10 judgments per dimension)

varying in amounts of each of the 10 dimensicns to be

evaluated in Phase 2. Each of the 15 subjects (from the

panel of judges just described) was asked to study the 300

slides carefully (all 300 were laid out on a large light

table) and pick out 10 which varied in the amount of the

dimension that that particular subject was given to

evaluate. Thus, the first subject was asked to choose 10

slides from the 300 which varied along a scale from 0 to 9

in amount of mountains, 0 meaning no mountains and 9 meaning

a maximum amount cf mountains ("maximum" refers to that

scene of the 300 slides available which was most

mountainous). Each subject was reguested to select two

slides which clearly represented the 0 and 9 points on the

scale and to choose the remaining 8 to represent points

between 0 and 9 with most of these 8 representing amounts

near the middle of the scale. This procedure took about 15
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to 20 minutes per subject. For each of the 10 dimensions, 2

subjects selected 10 slides; some subjects selected slides

for more than one dimension. Thus, instead of randomly

selecting 100 slides, attention was paid to choosing a set

of simulated landscapes which varied in amounts of those

predictor variables selected to investigate preference. The

100 slides used are filed with the School of Forestry and

Wildlife Resources at VPI 6 SU.

änhjssse = äaee 2
The data for this phase of the study were collected

during late spring of 1978. Subjects consisted of 225

undergraduate students enrolled in the introductory

psychology class at VPI 8 SU. This 3,500 person subject

pool is maintained by the Department of Psychology and is a

statistically representative cross—section of the student

population at VPI E SU. Subjects were asked tc participate

voluntarily in this study with additional credit in the

introductory psychclogy course serving as an incentive.

Based upon previous research results showing similarity in

landscape judgments across groups (Wenger and Videbeck 1969;

Zube 197Q; Riesenman 1977; Buhyoff and Leuschner, 1978) it

was not considered necessary for this exploratory study to

sample actual recreationists or citizen groups.

Of the 225 subjects sampled, 99 were males and 126 were

females, the average age was 19 (standard deviation = 1.7),
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and 36 percent were freshmen and sophomores. Many indicated

that it was too early in their college careers to specify

their majors, so this information, though ccllected, was not

considered useful.

£r9esdnre= Ehaee 2
Each of the 10 groups (n = 22 to 24 per group) rated a

different dimension according to the definiticns given in

Table 1. For example, the first group was asked to rate the

100 slides according to the amount of foregrcund vegetation

each scene possessed. The next group was asked to rate the

same 100 slides according to the amount of mountains, and so

on until all 10 dimensions were rated. A 9—point rating

scale? was employed with a “1" on this scale representing

complete absence of a given dimension and a "9“ representing

nearly complete coverage of the scene by a given landscape

feature. In all cases, subjects were shown E practice

slides which they attempted to rate according to the

definitions given. These practice slides were chosen to

vary in the relative amount of each dimension from high to

? Both Guilford (1954) and Nunnally (1970) state that
numerous studies indicate that the reliability of rating
scales increases monotonically with the number of scale
steps. Beliability increases, very rapidly at first, as the
number of steps increases from 2 to 20. Gains in
reliability level off at around 7 steps and beyond about 11
steps there is little gain. Thus, the 9-point scale used in
this study offers substantial reliability with the added
advantage of being less cumbersome than a larger scale
(i.e., only one column per slide is reguired for coding
rater responses).
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low. After each practice slide subjects were asked to voice

any problems they had in making their ratings. Every effort

was made to assure that they understood the instructions and

the scale. Fifteen seconds were allowed per judgment. Five

duplicate slides were placed at the beginning and at the end

of the tray of 100 to see if subjects were using the scale

consistently. The complete instructions are given „in

Appendix A. For this phase of the study rater selection for

a particular group was based solely on their availability

for testing rather than by random assignments.

Qnhjsses= Ehass Q
The 78 subjects used in this phase of the study came

from the same subject pool described in Phase 2. These

subjects consisted of 34 males and 44 females; their average

age was 19 (standard deviation = 2.05) and 80 percent were

freshmen and sophomores. Again, there were sufficient

uncertainties concerning majors and so many different majors

listed that this information was nct considered useful.

£reeednre= Phase Q
All 78 subjects used a 10—peint scale ranging from 0 to

9 to rate their overall preference for the same 100 slides

shown in Phase 2. This time the low end of the scale

represented nc preference for the slide (negative

preferences for the landscape scenes used in this study were

assumed to be nonexistent) while the high end represented a
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maximum amount of preference. Based on the free responses

in Phase 2, which indicated slight confusion among some

subjects, it was decided to add the "0" to make the scale

more meaningful. That is, a "O" representing no preference

makes more intuitive sense than a "1."

The instructions given these subjects were very similar

to those presented in Appendix A with the major exception of

how the scale was anchored- For this stage of the study,

all 78 subjects were told:

"Your task this evening will be to rate 1OO slides
of landscape scenes according to how much youprefer a given scene. The rating scale you will „
be using is on the blackhoard. A zero on this
scale means that you have no preference whatsoever
for a given scene. In other words, ycu are
neutral toward that scene; you have neither
positive nor negative feelings for that scene. A
nine on this scale indicates the maximum amount of
preference you can have for any given scene. In
other words, a nine represents the landscape
scene that you most highly prefer or that you have
the most positive feelings toward. A four cr five
represents an intermediate amount of preference
for a scene. Each unit on the scale represents an
additional amount of preference. For each slide
shown simply blacken in a number from zero to nine
on your op—scan sheet. The number you blacken in
represents your amount of preference for each
scene."

A...¤a lieie
Eelisx Qnnrnrinn

Using JAN I, a multiple regression eguation was

computed for each of the 78 raters. Overall preference

ratings served as values for the dependent variable while
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the means of the 10 dimension ratings (Appendix B) served as
values of the independent variables. Thus, for each subject
the criterion was a vector of 100 preterenoe ratings
corresponding to each of the 100 slides. The raw data for
each of the 10 predictors, on the other hand, were
represented by a 22 · 2¤ x 100 matrix ( 22·2¤ subjects per
dimension and 100 slides per subject); the mean rating for
each dimension (n = 22-2Q) served as the value of each of
the 10 independent variables entered into JAN I.

The JAN I output has already been discussed (see p.
32). To reiterate, the output consists of the multiple
correlation coefficient, R2 (a measure of individual subject
reliability), and zero-order validity coeffioients and beta
weights for each landscape dimension. Beta weights indicate
the relative importance of each dimension. Theoretically,
when the prediotor variables are all orthogcnal to each
other, the zero—order validity coefficients can be used as

indices of the importance (percent of variance explained) of
each dimension to the rater's overall preference judgment.
However, it is reasonable to oonclude that scme of the

dimensions used in this study were relatively highly
correlated (e.g., amount of mountains and amount of visible
distant landforms). The decision to use such variables was
based on the desire to include as much realism in the study
as possible- One of the costs of this decision is the
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inoreased difficulty in interpreting the zero-order validity

ooeffioients.

In addition to R2, the reliahility of rater judgment

was also assessed by deriving a test—retest measure on the

ratings of the five slides at the beginning and end of the

100 slides. That is, a Pearson Product Noment oorrelation

between the ratings given the two groups of five slides was

computed. Such a measure can be considered a “ooefficient

of stability" (Lemke and wiersma 1976, p. 72) since it is

the oorrelation between ratings given at two different

times. A stability ooefficient of 0.80 means that 80

peroent of the variance in ratings remained stable from Time

1 to Time 2; 20 percent of the variance was random and/or

due to the instability of the phencmenon being measured.

Qinstsring
Individual regression egnations were clustered using

the JAN II program. The output of JAN II has also been

previously discussed (see p. 33). To reiterate, at each

stage of the grouping process, there is a measure of the

composite group effioiency, B2. If there are 50 raters, the

first R2 is the prediotive effioienoy of a system with 50

different policies- The second R? is the prediotive

efficiency of a ¤9 separate policy system or one oluster of

the two most homogeneous raters and H8 distinot policies.

The last RZ is the prediotive efficiency of a one-policy

system, or all 50 jndges clustered into one group.
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Lndixidnel ßenrseeien Analyse;
Tables 2 and 3 present the results of the regression

analyses (JAN I) performed upon the preference judgments of

each rater. Table 2 shows the zero-order correlations (Rxy)

between the landscape dimensions and the overall preference

judgments of each rater. The last column of Table 2 gives

the R2 values for each rater, an index of the ccnsistency of

rater judgment across the 100 slides. As Table 2 indicates,

only 17 of the 78 raters can be considered rairly consistent

(R2 > 0.50). Thus, one can say that for only about 22

percent of the sample are the preference judgments fairly

predictable by linear regression (Eorman and Dunnette 197ü).

There is also a substantial degree of variation in

consistency with B2 values ranging trom a high of 0.66

(Rater 77) to a low of 0.08 (Raters MO and 65).

To exemplify the interpretation of the zero-order

correlations, the Exy between landscape preference and

amount of mountains (M) is -0.67 for Rater 1 indicating

that as the proportion of the scene containing mountains

increases, preference decreases. If the landscape

dimensions were reasonahly uncorrelated with each other

58
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Table 2. Zero-order validity coefficients (rxy) associated with each of
the dimensions.

Dimension Codes*-
Rater S FV G B M MCA UEV VDL UF C R2

1 .03 .14 -.37 .10 -.67 .65 -.41 -.24 -.61 -.20 .59
2 .03 .26 -.24 -.14 .38 -.25 -.25 -.25 -.28 -.08 .24
3 -.16 .07 -.03 -.16 -.20 .35 -.09 .08 -.18 .08 .26
4 .04 .32 -.20 .04 -.42 .18 -.15 -.37 -.27 -.03 .28
5 .06 -.19 .01 .00 .24 -.19 .30 .05 .12 .12 .22
6 .08 -.05 -.30 .23 -.38 .49 -.52 -.06 -.43 -.16 .38
7 .18 .04 .12 .12 .08 -.31 .22 -.16 .13 .01 .22
8 -.18 .05 -.08 -.06 .08 -.12 -.03 .08 .16 .24 .16
9 .02 -.10 .13 -.04 -.27 .26 .08, -.03 -.19 -.10 .32

10 -.12 .08 -.34 .00 -.34 .44 -.39 -.10 -.39 -.03 .31
11 -.16 -.06 -.06 -.04 -.24 .15 -.11 -.23 .22 .27 .25
12 .19 -.23 .00 .18 .02 -.16 .04 .00 .03 -.04 .20
13 .03 -.21 -.33‘ .10 -.29 .44 -.23 .01 -.42 -.10 .29

_ 14 .07 -.01- .03 .14 .08 -.18 -.11 -.07 .10 .13 .23
15 .13 .08 -.51 .31 -.56 .50 -.50 -.28 -.56 -.20 .49
16 -.02 .01 -.37 .02 -.38 .57 -.33 -.04 -.49 -.14 .44
17 .28 .09 -.31 .37 -.48 .47 -.25 -.30 -.56 -.33 .44
18 -.04 -.19 -.34 .14 -.29 .49 -.38 -.03 -.42 .02 .41
19 -.12 .29 -.31 .03 -.49 .53 -.52 -.20 -.42 -.03 .49
20 . .11 -.02 -.47 .23 -.44 .61 -.63 -.14 -.56 -.19 .57
21 .10 .18 -.32 .12 -.59 .54 -.44 -.30 -.56 ,-.22 .45
22 .14 .11 -.33 .28 -.21 .12 -.38 -.14 -.21 -.07 .28
23 -.07 -.08 -.23 .06 -.32 .53 -.64 .09 -.40 -.06 .49
24 -.24 .33 -.13 -.10 -.27 .20 -.41 -.18 -.13 .24 .33
25 .13 .06 -.12 .18 -.36 .23 -.20 -.22 -.31 .00 .32
26 .03 -.06 -.33 .11 -.40 .46 -.36 -.03 -.37 -.16 .35
27 -.09 .34 -.10 -.12 -.55 .47 -.27 -.25 -.46 -.13 .59
28 -.13 -.09 -.01 -.02 -.03 .13 -.11 .03 -.08 .15 .12
29 -.17 -.13 .23 -.22 .29 -.20 .14 .25 .28 .24 .16
30 .00 .08 -.21 .10 -.39 .30 -.49 -.16 -.36 .07 .42
31 .11 -.15 -.21 .18 -.29 .36 -.30 -.02 -.32 -.16 .21
32 -.16 -.18 -.07 -.03 .20 -.01 -.23 .28 .14 .21 .26
33 -.06 .18 .11 -.04 .22 -.38 .04 -.02 .36 .24 .29
34 .20 -.16 -.51 .27 -.45 .53 -.40 -.11 -.55 -.19 .46
35 .05 .21 -.45 .19 -.41 .31 -.28 -.30 -.40 -.04 .33
36 .21 .07 -.44 .39 -.55 .35 -.24 -.44 -.51 -.15 .46
37 .00 -.01 -.06 .10 .18 -.18 -.02 .08 .15 .09 .13
38 .14 .06 -.51 .29 -.44 .35 -.35 -.20 -.42 -.18 .42
39 -.01 .16 -.31 .10 -.37 .28 -.21 -.24 -.33 -.04 .22
40 .04 -.06 .06 .07 .06 -.12 .14 -.01 .07 .06 .08
41 .10 .09 -.39 .17 -.41 .42 -.51 -.17 -.43 -.15 .36

(continued)
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Table 2. Zero-order Validity coefficients (rxy) associated with each of
the dimensions (continued).

_ Dimension Codes*— ‘

Rater S FV G B M MCA UEV VDL UF C R2

42 -.24 .19 .07 -.14 -.08 .03 -.21 -.06 .03 .27 .18
43 -.10 -.12 .32 -.14 .13 -.05 .07 .17 .13 -.04 .22
44 -.33 .20 -.18 -.05 -.01 .08 -.50 .07 .06 .37 .53
45 -.12 .00 -.11 .06 .05 .04 -.38 .07 .09 .08 .34
46 .02 -.26 -.13 .04 -.14 .22 -.08 .06 -.22 .04 .18
47 .17 .00 -.44 .29 -.30 .25 -.26 -.27 -.34 -.15 .24
48 .09 -.09 -.13 .12 -.54 .61 -.43 -.09 -.54 -.19 .50
49 -.13 .19 -.43 .04 -.51 .64 -.58 -.12 -.50 -.01 .65
50 .10 -.05 -.42 .20 -.62 .63 -.43 -.21 -.63 -.23 .53
51 -.27 .02 -.10 -.10 .10 -.02 -.20 .08 .05 .31 .22
52 .17 -.05 -.30 .12 -.60 .69 -.31 -.11 -.63 -.36 .61
53 .07 .10 -.36 .05 -.40 .35 -.12 -.20 -.38 -.19 .33
54 -.22 .15 .25 -.15 .46 -.59 .31 .08 .58 .39 .46
55 -.06 .08 -.32 .01 -.45 .59 -.48 -.08 -.47 -.14 .46
56 .30 .38 -.13 -.15 -.10 .06 -.13 -.16 -.01 .24 .26
57 .55 -.07 -.49 .53 -.49 .43 -.15 -.36 -.62 -.59 .61
58 -.08 .25 -.26 .11 -.17 .03 -.32 -.13 -.05 .14 .32
59 .13 .27 -.22 .18 -.30 .09 -.02 -.30 -.20 -.16 .22
60 -.01 .04 -.17 .10 -.23 .20. -.42 -.12 -.21 .13 .28
61 .03 .07 -.43 .10 -.54 .58 -.52 -.17 -.53 -.20 .52
62 .10 .18 -.41 .16 -.63 .61 -.37 -.32 -.64 -.27 .57
63 .06 .22 -.28 .19 -.40 .36 -.41 -.26 -.38 -.08 .29
64 .20 .03 -.35 .24 -.54 .63 -.44 -.20 -.64 -.40 .57
65 .08 -.12 .07 .06 .04 -.01 -.07 .10 .04 -.16 .08
66 .11 .19 -.41 .18 -.63 .65 -.39 -.32 -.62 -.24 .58
67 .23 .20 -.17 -.17 -.34 .44 -.36 -.10 -.31 .06 .34
68 .02 .00 -.54 .23 -.23 .18 -.42 -.14 -.19 .05 .50
69 .29 .02 -.47 .40 -.26 .08 -.13 -.28 -.29 -.20 .27
70 .06 -.02 -.10 .08 -.10 .00 .11 -.08 -.07 .03 .11
71 .00 .01 .00 .01 .27 -.32 .01 .09 .34 .10 .25
72 .15 -.06 -.36 .17 -.38 .46 -.36 -.09 -.45 -.34 .39
73 .01 -.02 -.48 .12 -.54 .69 -.55 -.07 -.62 -.19 .65
74 -.04 .05 -.36 .12 -.39 .51 -.50 -.08 -.40 -.07 .42
75 .02 .13 -.24 .08 -.25 .29 -.28 -.07 -.28 -.05 .20
76 .24 -.04 -.22 .17 -.41 .27 -.07 -.23 -.36 -.22 .29
77 .22 .25 -.32 .20 -.72 .62 -.48 -.42 -.66 -.35 .66
78. -.30 .12 -.08 -.12 .36 -.31 -.17 .14 .40 .52 .55

*S=sky; FV—foreground Vegetation; G=green colors; B=blue colors;
M=mountains; MCA=man-changed area; UEV=unobstructed expanse of View;
VDL=Visib1e distant landforms; UF=undisturbed forest; C=clouds.
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Table 3. Unstandardized regression weights (bx) associated with each of
the dimensions.

Dimension Codes*-

Rater S FV G B M MCA UEV VDL UF C

1 -.10 .23 -.24 .06 -.75 .31 .10 .41 .18 -.08
2 -.07 .39 -.18 .29 -.52 .09 .07 .39 .17 .03
3 .36 .27 -.15 .14 -.68 .71 .36 .57 .64 .40
4 -.50 .14 -.08 .01 -.37 -.29 .00 -.10 -.21 -.25
5 .50 -.15 -.03 -.08 .36 .25 .26 -.19 -.01 .49
6 -.17 .04 -.05 .46 -.22 .41 -.21 .22 .24 .02
7 .49 .02 .32 .00 -.05 -.43 .00 -.02 -.35 .44
8 .03 .06 -.24 .32 -.57 .06 .08 .38 .60 .38
9 -.03 -.29 .30 .29 -.88 .55 .39 .08 .66 .22

10 -.34 .10 -.27 -.06 .06 .02 -.14 .06 -.34 -.14
11 .24 .11 -.23 .36 -.30 .07 -.08 .51 .50 .50
12 .39 -.30 .23 .17 -.54 -.34 -.08 .20 .07 .50
13 -.34 -.15 -.21 .21 -.13 .30 .12 .13 -.06 -.06
14 .35 -.13 .33 .28 -.02 -.20 -.30 -.09 -.04 .61
15 -.38 .18 -.26 .38 -.30 .03 -.13 .25 -.14 -.13
16 -.16 .26 -.42 -.15 .16 .38 .07 .22 -.24 _-.30
17 -.08 .44 .05 .52 .08 .28 .17 .31 -.50 -.02
18 -.51 -.34 -.05 .54 .15 .70 -.04 -.31 .22 .13
19 -.32 .35 -.22 .18 -.30 .25 -.16 .24 .07 -.14
20 -.12 .07 -.27 .02 .38 .42 -.38 -.12 -.12 -.21
21 .09 .22 -.13 -.28 -.23 -.02 -.19 .09 -.30 -.22
22 .25 .41 -.21 .26 -.21 -.28 -.27 .55 -.20 .22
23 -.34 -.01 .06 .16 -.01 -.10 -.51 .24 -.42 -.12
24 -.10 .08 -.01 .06 -.41 -.01 -.33 -.04 .24 .26
25 .58 .16 .32 .41 -.82 -.04 .06 .55 -.10 .88
26 -.12 .01 -.36 .21 -.68 .53 .05 .35 .75 -.09
27 -.36 .43 .07 -.45 -.31 -.71 -.09 .35 1.14 -.47
28 -.44 -.31 .24 .39 .08 .16 -.05 -.27 -.07 .19
29 .28 -.22 .14 -.12 -.17 -.05 -.02 .07 .20 .37
30 .29 .10 .25 .04 -.58 -.66 -.45 .48 -.70 .55
31 -.08 -.15 -.02 .39 -.46 .43 -.02 .16 .48 .10
32 .02 -.19 -.15 .36 -.14 .33 -.21 .17 .70 .33
33 .68 .15 -.01 -.01 -.38 -.16 -.16 .20 .53 .60
34 .39 .11 -.38 .12 -.37 .48 .04 .43 .24 .29
35 -.06 .38 -.39 .18 -.22 .06 .07 .29 -.11 .07
36 -.32 -.03 -.05 .76 -.56 .36 .21 -.01 .30 .28
37 .10 .19 -.10 .42 -.01 -.04 -.02 .34 .12 .28
38 -.11 .31 -.48 .36 -.62 .06 .06 .60 .23 -.02
39 -.38 _ .18 -.25 .15 -.28 -.07 .07 .15 -.14 -.14
40 .03 -.09 .21 .38 -.23 -.02 .16 .10 .03 .36
1.1 .14 .27 -.29 -.18 -.06 -.06 -.34 .25 -.23 -.10

(continued)
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Table 3. Unstandardized regression weights (bx) associated with each of
the dimensions (continued).

Dimension Codes*-
Rater S FV G B M MCA UEV VDL UF C

42 -.16 -.08 .25 .12 -.30 -.21 -.26 -.08 -.04 .32
43 -.78 -.41 .46 .00 .26 -.34 -.18 -.42 -.40 -.55
44 -.25 .17 -.18 .58 -.31 .11 -.39 .31 .50 .40
45 -.57 -.34 -.16 .38 .14 .51 -.45 -.52 1.02 -.28
46 .18 -.25 .07 .15 -.41 .10 .10 .23 -.03 .47
47 -.22 -.08 -.35 .16 .20 .40 -.06 -.36 .28 -.15
48 .04 -.09 .33 .29 -.71 _ .22 -.09 .34 -.03 .26
49 -.16 .34 -.43 .24 -.42 .60 -.05 .40 .42 .01
50 -.36 -.09 -.18 .24 -.57 .35 .03 .13 .20 -.13
51 -.63 -.14 .00 .18 .28 -.46 -.31 -.13 -.53 .01
52 .19 .24 -.21 -.08 -.58 .49 .21 .52 .12 -.14
53 -.09 .24 -.52 -.35 -.23 .07 .19 .20 -.04 -.39
54 .03 -.03 .03 .30 -.16 -.07 .09 -.08 .62 .41
55 -.27 .13 -.34 -.16 -.08 .40 -.16 .05 .14 -.40
56 -.60 .23 -.26 Ä12 .14 .11 .01 -.22 .09 -.19
57 .22 .34 -.34 .12 .24 .46 .24 .12 -.15 -.31
58 .06 .38 -.28 .42 -.64 -.13 -.14 .58 .37 .34
59 -.03 .47 -.25 .21 -.38 -.02 .25 .37 .03 -.09
60 .36 -.05 .17 .10 -.30 -.17 -.42 .11 -.13 .60
61 -.20 .11 -.41 -.16 -.32 .25 -.19 .13 .20 -.36
62 -.35 .36 -.24 -.06 -.08 .02 .04 .19 -.55 -.42
63 .00 .32 -.05 .29 -.07 .24 -.15 .12 -.04 .12
64 -.49 .25 -.07 .10 .26 .08 -.12 .09 -.66 -.60
65 -.25 -.18 .09 .02 .04 -.09 -.19 -.09 .10 -.37
66 -.02 .31 -.32 .09 -.25 .72 .14 .09 .31 -.14
67 -.43 .06 -.17 -.28 .04 .14 -.18 -.19 -.13 -.33
68 -.37 -.16 -.66 .43 -.36 .52 -.16 -.11 1.13 -.01
69 .02 .24 -.40 .38 -.08 -.13 .06 .25 -.13 .01
70 .39 .10 -.07 .24 -.62 .13 .34 .42 .28 .53
71 .48 -.05 -.34 -.10 -.17 .28 -.16 -.05 1.10 .17
72 -.39 .06 -.35 -.23 .19 .02 -.19 -.01 -.26 -.71
73 -.33 .21 -.39 .02 -.19 .15 -.12 .41 -.26 -.30
74 -.19 .08 -.30 .35 -.31 .72 -.10 .12 .69 -.01
75 .20 .48 -.21 .07 -.14 -.02 -.02 · .57 -.30 .11
76 .45 -.05 .38 .06 -.70 .00 .10 .23 -.09 .39
77 .16 .32 -.04 -.32 -.20 .04 -.22 .04 -.37 -.27
78 .26 -.02 .08 .43 .02 .10 -.36 -.02 .54 .80

*S=sky; FV=foreground Vegetation; G=green colors; B=b1ue colors;
M=mountains; MCA=man-changed area; UEV=unobstructed expanse of View;
VDL=Visible distant landforms; UF=undisturbed forest; C=c1ouds.
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these zero—order ccrrelaticns could be used as an index of

importance. The conclusion would be that for Eater 1 ä¤.ü

percent (-0.672 x 100) of the predictable variance in

landscape preference is accounted for by the amount of

mountains in a scene. Similarly, amount of sky would

account for only 0.12 percent of the variance in Eater 1's

preference. However, Table U indicates sutstantial

correlations among some of the predictors (e.g., the

correlation between amount of sky and amount cf mountains is

0.85). Thus, the interpretation cf zero-order correlations

as indices of importance is not strictly appropriate in this

study (Zedeck and Kafry 1977). Due to substantial

redundancy among certain dimensions, it is difficult to tell

from Table 2 which are more important. Eor example, given

that the correlation between mountains and sky is 0.85, are

mountains really more predictive cf Rater 1's preference

than sky, or is the information given by the amount of sky

in a scene implicitly included in the information provided

by the amount cf mountains? Also, Schenk and Naylor (1968)

have shown that

if one assumes a linear model of some specified
degree of fit for a subject, any increment in cue
intercorrelation will gggegggggly yield an
increase in the degree of fit of that model (p.
3).

However, this issue is not entirely settled because in

Schenk and Naylor's work the regression weights remained
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Table 4. Correlation matrix for landscape dimensions and preference.a

Landscape _
Preference S FV G B M MCA UEV VDL UV C

Landscape
Preference

s .02b
FV .04 -.31

G -.19 -.36 .14 V
B .09 .85 -.22 -.55
M -.22 -.34 -.19 .50 -.38

Mc.¤. .23 .00b -.09 -.31 .02b—.65
UEV -.23 .03 -.08 .34 -.15 .43-.57
VDL -.09 -.44 -.46 .43 -.51 .67 -.06 .06

UF -.22 -.42 .13 .61 -.46 .85 -.80 .44 .47
C -.04 -.83 .27 .20 -.67 .40-.21 .04 .26 .44

aS=sky; FV=foregronnd Vegetation; G=green colors; B=blue colors;
M=mountains; MCA=man-changed area; UEV=unobstructed expanse of View;
VDL=Visible distant landforms; UF=undisturbed forest; C=clouds.

bNot significantly different from zero (p > .03).
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relatively stable across sets of predictors varying in

amount of correlation and, therefore, much of the change in

linear consistency (E2) may have been a statistical artifact

(Slovic and Lichtenstein 1971).

Table 3 provides the raw score regressicn weights for

each independent variable for each subject. The vector of

regression weights represents each subject's policy and each

of the weights may be thought of as an importance index

(Borman and Dunnette 1974; Taylor and üilsted 1974).

Others, (e.g., Naylor and wherry 1965) argue that raw score

regression weights are notoriously hard to interpret due to

such effects as cue intercorrelations (discussed above) and

suppressor relationships. Nonetheless, based cn empirical

investigations of 5 different weighting procedures, Claudy

(1972) states the following general guideline:

For samples in which the criterion
correlaticns show little variability and the
intercorrelations among the independent variables
are on the average either high positive cr low
negative (Class Y), use egual raw score weights
for samples of less than 50 and beta weights for
larger samples (p. 320).

Since this is only a general guideline and the parameters of

this study closely resemble those of Claudy's

recommendation, the interpretation of the raw score

regression weights in Table 3 as relative importance indices

is not unreasonable (use of standardized beta weights would

not be unreasonable either). As such, the preference
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evaluations of Rater 1 appear to he most heavily influenced

(largest weight) by the amount of mountains and least

influenced by the proportion of blue colors. Also, note the
wide range of Variation in individual policies in terms of
the relative weights assigned to the 10 dimensicns. There
was no clear pattern in terms of which dimension received
the highest weight. The five dimensions mcst often
receiving high weights were: sky (by 17% of the Ss),

mountains (by 15% of the Ss), undisturbed forest (by 19% of
the Ss), clouds (by 13% of the Ss), and man—changed area (by

12% of the Ss).

gay L; glysyeriag
Table 5 indicates that as the number of groups is

systematically reduced from 78 separate eguations to one

overall policy, R2 went from 0.358 to 0.109. The former R2

means that about 36 percent of the variance in landscape

preference is predicted by the 10 dimensions hy using 78

policies. If only one policy is used, only 11 percent of

the Variation in preference is predicted. Because of the

failure to consider information contained in individual

eguations, there is a loss in predictive efficiency as

raters are combined.

The cut-off pcint for determining how many homogeneous

clusters of raters exist is described by Bcttenberg and

Christal (1968) as being that stage of the iterative
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Table 5. Composite predictive efficiency (R2 from JAN II) and standard
error of the estimate (SE) at each stage of the grouping
process.

Number of ° Number of ° Number of
Groups R2 SE I Groups R2 SE I Groups R2 SE

78 .358 —· 52 .331 .192 26 .276 .547
77 .357 .028 51 .328 .194 25 .272 .556
76 .357 .048 50 .326 .199 24 .267 .571 .
75 .356 .051 49 .323 .222 23 .263 .578
74 .355 .056 48 .321 .226 22 .259 .634
73 .355 .058 47 .320 .229 21 .258 .644
72 .355 .093 46 .319 .247 20 .257 .706
71 .354 .099 45 .316 .250 19 .254 .729
70 .353 .100 44 .315 .252 18 .251 .755
69 .352 .104 43 .312 .262 17 .249 .794
68 .351 .104 42 .310 .266 16 .245 .896
67 .350 .108 41 .307 .269 15 .238 .911
66 .349 .113 40 .304 .271 14 .236 .912
65 .349 .114 39 .301 .277 13 .233 .993
64 .349 .117 38 .300 .282 12 .231 1.057
63 .347 .120 37 .299 .282 11 .228 1.388
62 .345 .121 36 .298 .287 10 .218 1.402
61 .344 .128 35 .296 .288 9 .213 1.420
60 .343 .134 34 .294 .291 . 8 .207 1.474
59 .341 .140 33 .291 .346 7 .201 1.836
58 .341 .142 32 .287 .352 6 .194 2.514
57 .338 .145 31 .284 .366 5 .187 2.749
56 .338 .145 30 .283 .388 4 .167 3.102
55 .336 .161 29 .282 .455 3 .161 4.859
54 .334 .176 28 .279 .469 2 .148 7.854
53 .333 .186 27 .278 .499 1 .109 —-
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procedure where the inclusion of one more rater policy

produces the greatest drop in predictive efficiency (R?).

As can be seen in Table 5, the greatest initial drop in

predictive efficiency is in the change from 5 groups (R? =

0.187) to Q groups (R2 = 0.167) suggesting the existence of

5 meaningful clusters. However, Zedeck and Kafry (1977) did

not find this criterion very helpful in terms of

differentiating clusters. Likewise, Dudycha and Naylor

(1966) found very little difference between the policies of

the different clusters that JAN identified using the change

in RZ criterion. JAN II, however, also gives the change in

error at each stage of the grouping process. As shown in

Table 5, the standard error for this study increased from

0.028 at the 77 system stage to 7.85ü at the 2 system stage.

This process can be seen even more explicitly in Figure 3.

It was decided, therefore, to use the greatest initial

increase in error as a criterion for deciding how many
separate group pclicies existed. Since the greatest initial

increase in error occurred in the change from U groups (SE =

3.102) to 3 groups (SE = ü.859), the existence of 4

meaningful clusters was assumed.

A more complete picture of the grouping process may be

obtained hy examining Figure Q. This figure shows a

seguential history of the grouping of policy eguations. The

final grouping (far right) is designated by a 1 indicating
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that at this stage all raters were grouped into one

composite. Following the lines leading to this final

composite, one can see that the final grouping consisted of

the joining together of a group of 36 raters with a group of

#2 raters. This grouping process can be traced throughout

the entire "tree" down to the first grouping indicated at

the far left with the number 77. At this stage there were

77 policies, 76 single rater policies and one policy

representing a pair of raters. Figure U also identifies the

raters being grouped. For example, the first two raters to

be combined were Raters 21 and 77. The combination of

Raters 35 and 69 reduced the array to 76 policies, and so

on.

final heésls
Once clusters of "homogeneous" raters have been

identified, the final two steps in the PC procedure are to

derive the composite linear models for each group and

attempt to determine why these groups are different. The

JAN software does not compute the final composite

regression eguations. Another statistical package or

program must derive the final models. In this study, the

stepwise regression procedure available in the SAS

(Statistical Analysis System) package was used to generate

the final group policies. The results, as shcwn in Table 6,

indicate the existence of four separate group pclicies. For
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instance, the first group is composed of 17 members whose

policy reflects heavy reliance on visible distant landforms

and foreground veqetation in making overall preference

judgments. The members of Group 2 , on the other hand,

attach more importance to undisturbed forest, man-changed

area, and the proportion of blue color. Note that the

regression coefficients of the models generated by stepwise

regression are consistently smaller than the R2 values

produced by JAN II. This is because the former coefficients

are based on raw score regression weights while the latter

are based on standardized weights.

At this point it is worth notiug that stepwise

regression is a method of narrowing the range of possible

candidate models to be used as a basis for data—fitting

(Draper and Smith 1966). That is, there may be linear

combinations of landscape dimensions other than those

identified in Table 6 that fit the data equally as well.

Also, there may be other models that are as valid from a

prediction standpoint. The best model for data fitting is

not necessarily the best for prediction. Basically,

stepwise regression begins by introducing that independent

variable, X1, which by itself gives the largest R2. In the

next step, the independent variable which gives the largest

increase in RZ in the presence of X1 is entered. However,

at each stage, all variables currently in the model are
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suhjected to partial F tests. Those independent variables

found to be not significant are removed. This process

terminates when no more variables can enter cr be removed.

Thus, there are two significance levels that the researcher

must specify: one for variable entry and one for removal.

In this study, both significance levels were set at 0.20 to

allow ample opportunity for variables to enter and to he

retained in the final model.

Stepwise regression also gives some idea of how much

each predictor contributes to variance. That is , each time

a predictor is added or deleted, one can cbserve the

resulting changes in R2. Table 6 reveals that stepwise

regression permitted between 6 and 8 dimensions to enter the

final models. However, in all cases, the first two, three

or four variables entered accounted for most of the

variance. For instance, a linear model consisting of 7

variables produces an R2 of 0.17 for Group 3. However, the

third step of the stepwise procedure resulted in a

3·variable model with an H2 of 0.15. Thus, nct much more

variance is explained by going from a 3·variable to a

7—variable model. In fact for all the models shown in Table

6, the first 3 variables entered accounted for usually more

than 60 percent of the variance explained by the full model.

This is not too surprising since prediction is seldom

improved by the addition of more than 5 variables (Claudy
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1972). Again, this is partly the result cf some of the

dimensions being highly intercorrelated and provides useful

information if the data for one or more independent

variables is extremely expensive or time-consuming to

collect.

Christal (1968b) contends that it is possible to have

low interrater agreement among the entire sample but still

be able to cluster raters into two or more groups displaying

high agreement. Inspection of Table 6, however, indicates

that this did not occur. The multiple R2 for the full

model for all 78 subjects is 0.09 indicating that this

particular linear combination of variables accounted for

only 9.0 percent of the variance in landscape preference

judgments. Clustering the raters into separate groups led

to an increase in R2 in three out of four groups, but the

amount of variance explained (10.0 to 17.0 percent) is still

considerably lower than the amount explained in other

landscape preference research using multiple regression.

Likely explanations for these findings are (1) the

appropriate landscape dimensions were not measured, (2) The

subjects were being highly unreliable in their judgments,

(3) the landscape dimensions were not measured accurately,

(M) a nonlinear relationship between the dimensions and

preference exists, or (5) some combination of all of these.

These hypotheses will be explored in greater detail in the

next chapter-
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ärger Qitisreness
Table 7 summarizes the background variables associated

with all 78 subjects and with the groups clustered using JAN

II. An additional variable, "major,“ was also assessed but

due to the wide variation in types ot majors listed by

subjects and the substantial number of subjects reporting

that they had not decided on a major yet, this variable was

not considered. In all cases, with the possible exception

of sex for Group 1 (2ü% males, 76% females), none of the

variables performs an adeguate job of distinguishing among

groups. For each group and all raters combined, males and

females were nearly egually represented, over 63 percent of

the subjects were either 18 or 19 years old, and over 75

percent were either freshmen or sophomores. None of these

results are too surprising given that all subjects were from

an introductory psychology class, a rather homogeneous

sample. Also, Brush (1976), in his review of a large number

of studies, reports that sex, age, education, occupation,

and preferred leisure setting account for little variance in

scenic beauty evaluations. Two background variables that

seem to account for more variance than the cnes just

mentioned are familiarity with landscapes (Scnnenfeld 1966)

and exposure to certain landscapes in childhcod (Zube et

al. 197ü).
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Table 7. Background characceriscics of groups idencified by JAN II
(in proporcions).

Group ° Sex- ° Age- ° Year in School
Cacezories I Xales Females I 17 18 19 20 >20 Z Fr. Sooh. Jr. Sr.

A11 Racers .44 .56 .05 .46 .28 .08 .13 .54 .28 .12 .06
(n¤78)

Group Cne .24 .76 .12 .29 .35 .06 .18 .47 .29 .12 .12

Group Two .50 .50 .00 .36 .41 .09 .14 .41 .41 .09 .09
(n=22)

. Group Three .48 .52 .04 .64 .08 .12 .12 .64 .16 .16 .04
(n•Z5)

Group Four .50 .50 .07 .50 .36 .00 .07 .64 .29 .07 0
(N=14)
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Early in the formulation of this study it was decided
not to collect more background information than that

reported since the primary objective was an investigation of

the applicability of the PC procedure for landscape

assessment and not the identification of group differences.

However, for future landscape preference studies involving
the use of PC, knowledge of raters' previous experiences

with various landscapes may prove useful because, as Naylor
and wherry (196ü) have found,

JAN does an excellent job of seguential
grouping...On the other hand, one finds it very
difficult to make an intelligent decision about
how many groups are desirable or even tc cttain a
feeling for what is going on in the grouping
process simply by examining the JAN output without
any supplementary information (p. 60).

In order to test for possible sex differences, the

preference judgments of the MQ females and the EQ males were

analyzed using the PC routine. Table 8 summarizes the

results of this analysis. Females were generally a little

less consistent than males in terms of within—rater

reliability (RZ before any clustering is done). However,

the between—rater consistency (drop in R2 from the separate

policies stage to the single group stage) did not vary much
according to sex. Thus, one can safely say that sex plays

an inconseguential role in determining either individual or

group differences in landscape preferences. This finding is
in line with previous research reviewed above (Brush 1976).
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Table 8. Summary of JAN II results for males and females. ‘

l
Before any After combining all

9

Groups Combining- äroups into one -
R2 Error R Error

Males 0.38 0.05 0.12 6.71
(n=34)

Females 0.34 0.03 0.11 3.11
(n=44)
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Qerernining äenrses Qi lerietien
The purpose of this section is one of "data-snooping"

in an attempt to discover (1) why raters were inconsistent

and (2) why the final models accounted for such a small

percentage in variance. Of course these two results are not

mutually exclusive, since the small R2 produced hy the

models is partially accounted for by the raters behaving in

an inconsistent manner. For future landscape research

involving PC, it is necessary to attempt tc explain why

these two phenomena occurred. One advantage cf the JAN

programs is that they are flexible enough to allow for the

re·analysis of the same data in a variety of ways by simply

changing 3 or 4 control statements.

here; Insensisrsnsi
One logical means of beginning the search for sources

of error is to eliminate those raters (Phase E subjects) who

were unreliable and recalculate the composite policy. In

this particular investigation, there are two ways of looking

at rater reliability: the BZ values from JAN I and the

correlation between ratings on the 5 duplicate slides. The

first method for selecting reliable subjects is fairly

simple: choose those subjects whose RZ values exceed some

criterion, 0.50, say.

The second method is also fairly simple: calculate the

Pearson correlation (or coefficient of stability) between



81

the ratings given the 5 slides at the beginning and the

ratings given the 5 duplicates at the end of the tray of 100

and select those subjects whose correlations are above 0.50.

For example, visual inspection of the raw data in Table 9

indicates that Eater 12 was fairly consistent and, in fact,

the stability coefficient for Eater 12 is 0.98. However,

the results for Eaters 35 and 65 cast doubt cn the validity

of simple correlations as an indices of rater reliability.

Scrutiny of Eater 35's ratings for the 5 slides and their

duplicates reveals a great deal of consistency, but the

coefficient of stability is 0.00 indicating a lack of

consistency.

The results cf Eater 65 lead to the opposite

conclusion. Eater 65°s ratings from Time 1 tc Time 2 are

highly erratic, yet the reliability index is 0.69. A

possible explanation for these contradictory results is

that, with 5 slides, only 3 degrees of freedcm are used in

the computation of the stability coefficients. Therefore,

the coefficients are more likely to be mathematical

artifacts than valid representations of the correlation

between ratings given the 5 slides and their duplicates.

It should be noted, however, that the correlations between

the 5 slide pairs from Time 1 to Time 2 over all 78 subjects

were as follows: Pair 1, 0.¤8; Pair 2, 0.58; Pair 3, 0.ü2;

Pair 4, 0.51; Pair 5, 0.66. These results indicate that
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Table 9. Reliabilities of three raters based on their judgments of 5
slides and duplicates of those slides.

Ratings on slides Ratings on duplicates
near beginning of of same slides near Pearson

Rater Slide tray (Time 1) end of tray (Time 2) Correlation

1 3 3
. 2 7 6

12 3 7 6 0.98
4 6 5
5 8 6

1 6 5
2 6 7 .

35 3 6 7 0.00
4 5 6
5 6 5

l 4 1 ‘
2 8 4

65 3 8 1 0.69
4 9 5
5 8 4
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when all judges are considered together, the ratings given

the five pairs of duplicate slides were moderately

consistent from Time 1 to Time 2.

Since there were so many of these spurious

correlations, it was decided to use a different index to

compare the 5 slides with their duplicates. That index is

the sum of absolute differences between the ratings assigned

at Time 1 and those assigned at Time 2. To illustrate, the

absolute differences in ratings between Time 1 and Time 2
for Eater 35 (Table 9) were 1 (I6 — SI), 1 (I6 · 7I), 1 (I6
— 7|), 1 (I5 - 6I), and 1 (I6 — 5I) and the sum was 5 (1 + 1

+ 1 + 1 + 1). This index has more face validity than the

stability coefficient.

Table 10 shows the sums of absolute differences for

each of the 78 subjects. A somewhat arbitrary cut-off value

of, 7 was imposed. Subjects whose sum of absolute

differences in ratings between Time 1 and Time 2 was less

than or equal to 7 were considered to be consistent while
those whose similar value was greater than 7 were considered

inconsistent. Using the cut-off value of 7 as a criterion,

Table 10 indicates that M8 out of 78 (62%) of the judges

were “reliable." Recall that only 17 out of 78 (22%) of the

judges were considered reliable using an RZ value (Table 2 )

of 0.50 as a cut-off value. However, it was considered more

important in this part of the study to obtain a feeling for
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Table 10. Sums of absolute differences between ratings assigned
5 slides near the beginning (Time 1) and the ratings
assigned their duplicates near the end (Time 2) of the
tray of 100.

Sum of . Sum of . Sum of
Absolute ° Absolute ° Absolute

Subject Differences Ä Subject Differences Ä Subject Differences

1 5 27 4 53 10
2 10 28 7 54 5
3 9 29 2 55 10
4 9 30 5 56 6
5 7 31 6 57 12„
6 ll 32 9 58 5
7 4 33 6 59 6
8 4 34 2 60 7
9 7 35 5 61 9

10 5 36 5 62 7
11 4 37 8 63 10
12 5 38 3 64 8
13 7 39 2 65 22
14 4 40 10 66 7
15 24 41 9 67 4
16 11 42Ä 8 68 6
17 17 43 10 69 13
18 5 44 5 70 5
19 6 45 7 71 10
20 20 46 4 72 29
21 2 47 14 73 5
22 5 48 7 74 10
23 11 49 4 75 6
24 6 50 2 76 7
25 3 51 12 77 6
26 8 52 8 78 5
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the pre—test/post—test reliability of subjects than an

average overall reliability. Thus, while the R2 values

obtained from JAN 1 seem to be more conservative estimates

of overall rater reliability, the sum of absolute

differences criterion seems better snited tc the purpose of

comparing differences in rate: consistency between Time 1

and Time 2.

The sum of absolute differences critericn provides one

means of comparing the reliabilities in overall preference

ratings with the reliabilities in values assigned the 10

landscape dimensions. Recall that 10 separate groups of

judges ranging from sample sizes of 22 to 2ü rated each of

the 100 slides according to amounts of the 10 dimensions.

Table 11 displays the sums of absolute differences in

ratings for these 10 groups. Notice that the percentages of

absolute difference sums less than or equal to 7 range from

55 to 100 peroent. If it were not for "clouds“ the range

would be from 7ü to 100 percent. This indioates that, with

the exception of “clouds", at least three—quarters of the

subjects were highly reliable in their ratings of the

various dimensions and the dimension ratings were more

reliably performed than the overall preference ratings

(percentage of absolute difference sums less than or equal

to 7 = 62%). It is not known why so many subjects rating

the amount of olouds were inconsistent; one can only assume

that they did not understand the instructions.
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Table ll. Proportions of sums of absolute differences less than
or equal to 7, between ratings assigned 5 slides near

I the beginning (Time 1) and the ratings assigned their
duplicates near the end (Time 2) of the tray of 100.

, Absolute difference sums less
than or equal to 7 —

Percentage
Sample (Number X 100)

Dimension Size Number (Sample size )

Sky 22 21 95
Foreground Vegetation 22 17 77
Green 23 21 91
Blue 24 23 96 ”
Mountains 22 2L 95
Man—changed area 22 22 100
Unobstructed expanse

of View 23 17 74 ‘
Visible Distant

landforms 23 18 78
Undisturbed forest 22 20 91
Clouds 22 12 55
Landscape preference 78 48 62
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äliée Eariabilifi
Although the 100 slides were randomly placed in the

tray, there may be something abcut the manner in which the

slides were presented that led to unexplained variability in

the final regression models. For this reason, the effects

of slide variability and order of presentation were

investigated.

Several subjects indicated that they were uncertain of

their ratings on the first few slides. They said that it

took them a while to get used to the instructions and that

they needed to view a few slides in order to obtain a basis

of comparison for their remaining ratings. For these

subjects, the practice slides apparently did not serve their

function. Because of possible wide variability in ratings

of the slides at the beginning of the tray, the ratings on

the first 20 slides were eliminated from analysis and then

rater policies were "recaptured" using only the last 80

slides.

To investigate the effects of possible fatigue and

reliabilities in different portions of the study, the slides

were also split in two ways: a 50-50 split and a 33-33-34

split. For each of these splits (i.e., first 50 slides,

second 50, first 33, middle 33, and last 34), rater policies

were re-captured.



88

Finally, those slides whose dimension ratings were

highly variable were eliminated (Appendix E). As a

criterion for selection, only those slides whose standard

deviations on 5 or more dimensions were less than 1.00 were

chosen. Using this as a criterion, US slides were selected.

These slides are indicated by stars (*) in Appendix B. In

general, with 8 or 9 exceptions, these slides were fairly

uncomplicated scenes composed of mainly H cr E dimensions,

usually blue colors, clear sky, mountains, and foreground

Vegetation. The 8 or 9 slides that were more complex

showed, in addition to the dimensions just mentioned,

various degrees of human influence. The hypothesis here was

that those scenes whose dimensions were rated in a fairly

consistent manner would also be consistently rated in terms

of overall preference; therefore, the re—captured policies

would account for more Variation in preference. Note also

in Appendix B the high degree of variability in overall

preference ratings for each slide. In general the standard

deviations for the slides rated on preference are larger

than the standard deviations associated with the same slides

rated on one dimension at a time. This finding indicates

the increased difficulty in making the global judgment over

making judgments on one cue at a time.
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The results of all the above analyses are compared in

Tables 12, 13, and 1ü and Figure 5. Table 12 reveals

considerable variation in individual rater reliabilities

within the different combinations of subjects and slides.

Table 13 summarizes Table 12 by showing the percentage of

judges in each combination of slides that is considered

reliable (R2 values > 0.50). A rather obvious result from

Tables 12 and 13 is that the R2's for all the various

combinations of slides are greater than the BZ's associated

with the 100 slides. For instance, when just the last 80

slides are considered, R2's are generally higher than those

for all 100 slides suggesting a moderate amount of

inconsistency in ratings assigned the first 20 slides.

Reliabilities from ratings of either the first 50 or last 50

scenes are fairly similar but substantially higher than

those from ratings of all 100. The high percentage of

reliable raters (¤1%) judging only the first 50 slides as

compared to the percentage of reliable raters judging all

100 indicates the presence of a fatigue effect: judgments

of the first 50 slides were more consistent than judgments

of the last 50. However, this conclusion is somewhat

negated by the QM percent of reliable subjects that surface

when the last 50 slides alone are considered. Thus, there

appears to be both a fatigue effect (high variability in
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Table 12. Rater reliabilities (R2 values from JAN I) for various
combinations of slides.

Slide Groupings
45 slides

A11 Last First Last First Middle Last chosen due to
Rater 100 80 50 50 33 33 34 low variance*

1 .59 .62 .64 .78 .77 .77 .59 .65
2 .24 .23 .30 .33 .57 .49 .50 .35
3 .26 .26 .38 .42 .44 .38 .65 .36
4 .28 .29 .45 .35 .60 .41 .67 .40
5 .22 .22 .30 .41 .42 .30 .48 .37
6 .38 .42 .51 .38 .60 .46 .48 .58
7 .22 .16 .44 .31 .66 .39 .55 .36
8 .16 .15 .30 .31 .47 .21 .49 .28
9 .32 .29 .64 .20 .84 .59 .32 .22

10 .31 .32 .45 .43 .72 .44 .48 .25
11 .25 .31 .39 .34 .56 .58 .40 .30
12 .20 .24 .36 .16 .55 .40 .23 .34
13 .29 .36 .33 .54 .44 .60 .52 .40
14 .23 .22 .48 .23 .62 .57 .29 .32
15 . .49 .57 .53 .64 .56 .58 .75 _ .52
16 .44 .55 .36 .65 .44 .57 .71 .52
17 .44 .46 .49 .56 .56 .65 .56 .60
18 .41 .44 .50 .48 .63 .49 .52 .53
19 .49 .51 .65 .51 .82 .66 .51 .58
20 .57 .67 .52 .72 .65 .74 .63 .61
21 .45 .51 .52 .62 .76 .66 .65 .60
22 .28 .28 .55 .34 .68 .49 .25 .18
23 .49 .54 .52 .61 .66 .73 .55 .48
24 .33 .34 .54 .33 .71 .56 .28 .43
25 .32 .24 .44 .31 .64 .62 .44 .44
26 .35 .35 .38 .51 .49 .23 .64 .44
27 .59 .62 .65 .61 .65 .68 .68 .60
28 .12 .19 .30 .35 .53 .41 .42 .32
29 .16 .18 .34 .24 .65 .60 .29 .39
30 .42 .42 .54 .43 .62 .56 .42 .34
31 .21 .22 .29 .26 .60 .32 .21 .44
32 .26 .25 .45 .36 .76 .33 .35 .40
33 .27 .24 .38 .30 .61 .41 .61 .46
34 .46 .48 .42 .56 .61 .68 .40 .62
35 .33 .44 .32 .53 .55 _ .39 .72 .42
36 .46 .46 .53 .53 .80 .58 .49 .58
37 .13 .20 .25 .20 .22 .48 .34 .38
38 .42 .44 .38 .57 .57 .42 .55 .45
39 .22 .26 .40 .27 .60 .59 .35 .14
40 .08 .18 .25 .34 .57 .55 .40 .25
41 .36 .34 .61 .41 .74 .51 .27 .44

(continued)
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Table 12. Rater reliabilities (R2 values from JAN I) for various
combinations of slides (continued).

Slide Groupings
45 slides

A11 ‘ Last First Last First Middle Last chosen due to
Rater 100 80 50 50 33 33 34 low variance*

42 .18 .30 .25 .31 .43 .52 .43 .24
43 .22 .26 .37 .23 .40 .64 .40 .27
44 .53 .50 .69 .45 .78 .62 .43 .43
45 .34 .39 .42 .42 .62 .32 .58 .42
46 .18 .26 .26 .34 .35 .46 .26 .37
47 .24 .25 .34 .31 .37 .33 .32 .38
48 .50 .56 .55 .62 .68 .71 .62 .36
49 .65 .66 .70 .69 .74 .78 .72 .66
50 .53 .56 .59 .60 .70 .65 .63 .58
51 .22 .15 .46 .22 .66 .36 .26 · .37
52 .61 .73 .45 .77 .43 .78 .72 .75
53 .33 .42 .38 .52 .40 .63 .68 .31
54 .46 .56 .40 .69 .48 .63 .68 .63
55 .46 .51 .57 .55 .66 .46 .53 .63
56 .26 .27 .52 .29 .69 .54 .46 .25
57 .61 .63 .62 .72 .76 .87 .68 .74
58 .32 .31 .39 .49 .56 .62 .45 .46
59 .22 .37 .21 .49 .33 .51 4 .49 .38
60 .28 .25 .47 .22 .72 .57 .16 .30
61 .52 .53 .55 .61 .64 .73 .55 .47
62 .57 .59 .62 .64 .70 .78 .59 .63
63 .29 .44 .32 .63 .46 .42 .62 .48
64 .57 .62 .61 .63 .61 .84 .63 .64
65 .08 .09 .44 .22 .55 ~.52 .34 .14
66 .58 .63 .56 .68 .66 .72 .80 .73
67 .34 .40 .47 .38 .45 .67 .42 .33
68 .50 .49 .54 .56 .65 .71 .56 .61
69 .27 .37 .24 .56 .49 .55 .58 .31
70 .11 .10 .30 .17 .53 .28 .29 .32
71 .25 .29 .26 .37 .30 .56 .49 .31
72 .39 .42 .53 .63 .57 .69 .54 .48
73 .65 .69 .57 .74 .62 .67 .70 .70
74 .4] .41 .51 .45 .72 .60 .54 .49
75 .20 .35 .25 .47 .42 .40 .54 .29
76 .29 .30 .33 .42 .47 .16 .56 .33
77 .66 .67 .73 .67 .80 .72 .75 .74
78 .55 .54 .65 .57 .73 .78 .59 .62

*These slides had standard deviations of 1.00 or less on 5 or more
of the 10 dimensions (see Appendix B).



92

Table l3. Number and percentage of reliable (R2 values Z_0.50)
raters in each of the various combinations of slides
shown in Table l2.

Percent
Slide Combinations Number (Number/78 x 100) ß

All 100 l7 22
Last 80 23 29
First 50 32 41
Last 50 34 44
First 33 57 73
Middle 33 50 64
Last 34 42 54 ‘
45 slides chosen due

to low variance* 25 32

*These slides had standard deviations of 1.00 or less on
5 or more of the 10 dimensions (see Appendix B).
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Table 14. Summary of JAN ll results (change in predictive efficiency,
R2) for various combinations of slides and subjects.a

After combining all
Before any combining groups into onecsmslnar ions u— sub R2 sub

All 100 slides 0.36 0.03 0.11 7.85
Last 80 slides 0.39 0.04 0.13 9.40
First 50 slides 0.45 0.08 0.16 12.30
Last 50 slides 0.46 0.08 0.14 8.61
First 33 slides only 0.59 0.16 0.24 18.05
Middle 33 slides only 0.55 0.19 0.17 23.59
Last 34 slides only 0.50 0.09 0.13 37.09
45 slides chosen due ‘

to low variancec 0.44 0.11 0.11 21.69
All 100 slides, "reliab1e"

subjects only (n=48)d 0.36 0,03 0.10 6.19
First 33 slides, "re1iab1e"

subjects only (n=48)d 0.62 0.16 0.26 10.77
A11 100 slides, 17

subjects onlye 0.58 0.10 0.34 1.90

aUn1ess otherwise indicated, these data apply to a subject
sample size of 78

bStandard error of the estimate before the last two groups are
combined into one (JAN I1 does not compute the error term for
the single policy system).

CThese slides had standard deviations of 1.00 or less on 5 or
more of the 10 dimensions (see Appendix B).

dSubjects whose sums of absolute differences between ratings
given the 5 duplicates at Time 1 and Time 2 were j_7 (see
Table 10).

eSubjects whose R2 values (JAN 1) were Z_0.50 (see Table 2).
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ratings of slides toward the end of the tray) and an order

effect (high variahility in ratings of slides toward the

beginning of the tray) influencing rater consistency. This

hypothesis is further corroborated by observing the RZ's

associated with the first 33 and last 3H slides. Seventy—

three percent of the subjects are considered reliable when

making their ratings on the first 33 slides only. This is

guite an improvement over the "All 100 Slides" category and

is in line with the percentage of reliable subjects found in

other PC studies. Again, the substantial percentage (5U%)

of reliable subjects in the "Last 3M Slides" category

indicates the presence of an order effect when compared to

the "All 100 Slides" category. The declining percentage of

reliable subjects going from the first to the middle to the

last third of slides, however, reveals the dcminanoe of the

fatigue effect over the order effect (73% vs éüü vs 5Q%

reliable subjects).

when subject policies were re—captured using only the

ratings on the H5 elides chosen by low variance cn 5 or more

dimensions, individual reliahilities were generally higher

than those associated with all 100 slides. However, the

increase in number of reliable subjects was nct suhstantial.

Hence, there seems to be only a moderate influence on rater

consistency due tc variability in how the 10 landscape

dimensions were rated.
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The tables in Appendix C present the change in error

and the change in composite predictive efficiency at each

stage of the JAN II grouping process for the various

combinations of data described in this chapter. Table 14

summarizes the results of these analyses. Recall that the

"Reliable Subjects Only“ category refers to those subjects

selected on the basis of their absolute difference sums for

5 slides and corresponding duplioates. The results in Table

14 generally parallel those in Tables 12 and 13. For

example, the R2 values obtained from ratings ef all 100

slides and the last 80 slides at the 78—separate policy

stage were lower than the RZ values for any of the other

categories, except for one: the category in which all 100

slides were used with only those subjects considered to be

reliable also displays a fairly low R2 before any combining.

This indicates either that subject inconsistency had little

effect on the overall composite strategies or that the

criterion for selecting reliable subjects was not a good

one. The final policy of the 17 subjects whose individual

reliabilities (JAN I) were 0.50 or greater yields a R2 of

0.335, the largest of all R2 values at the one—policy stage.

On the other hand, the one·pclicy RZ value fcr the 48

subjects chosen according to the sum of absolute differences

criterion is only 0.10. This suggests that the method of
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selecting "reliable" subjects on the basis cf their

consistency in rating the duplicate slides may have been

ineffeotive in eliminating those raters who were highly

unreliable-

Table 1U also emphasizes the superiority of judgments

made during the first third of the slides. That is, when

considering only cverall preference judgments made on the
°I

first 33 slides, approximately 59 percent of the variance is

predicted by using 78 separate policies; about ZQ percent of

the variance is predicted when only one policy is used.

when combining the judgments made on the first 33 slides by

the "reliable" subjects only, the respective B2 values

before and after grouping were 0.62 and 0.26. The important

point to note here is that no matter at which stage of the

clustering process policies are observed, the R2's

associated with the first 33 slides are larger than those

associated with any other combination of slides. Again,

these findings show the existence of a fatigue or other type

of effect on ratings made near the end of the tray of

slides.

Note also in Table 1U that the R2 values before any

grouping is done are moderately large (0.36 to 0.62) and

clearly in line with the RZ's obtained in other landscape

preference studies when subjects were not asked to cne on

specific dimensions (e.g., see Buhyoff and Leuschner 1978)-
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Figure 5 graphically displays the increases in error at
each stage of the clustering process for the following

combinationsz all 100 slides, first 50 slides, first 33

slides, and H5 slides chosen by low variance. These graphs

show the rapid inoreases in error occurring near the end of

the grouping process, suggesting the existence of more than

one homogeneous cluster. Using the same criteria as before

(p. 68) for determining how many meaninqful groups exist,

one can say that the "first 33 slides," "reliable subjects

only," and "first 33 slides and reliable subjects combined“

categories consist of U, 3, and 5 homogeneous groups,

respectively.

The final regression models for these various groups in

each category are summarized in Tables 15, 16, and 17. In

some cases stepwise regression yielded a reduced model whose
R2 was considerably smaller than the B2 of the ocrresponding

full model. when this situation occurred, the model with

the larger B? was reported and identified in the table. Not

all of the categories in Table 1H were analyzed in this

manner because the information provided would have been

redundant. Note in Table 15 the clear superiority of man-

changed area, blue colors, and green colors in olustered

policies across all groups except Group H. Table 15 reveals

that groups viewing the first 33 slides were fairly similar

in their policies; this finding is consistent with the
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results shown in Tables 12, 13, and 1ü. Similar consistency

is not observed in Table 16 where policies are noticeably

different from group to group. Again note, in Table 17, the

dominance of man—changed area, blue colors, and green colors

(except for the last 3 groups where sample sizes are very

small) when the H5 "reliable“ subjects are comtined with the

first 33 slides.

The overwhelming finding that emerges from Tables 15 —

17, however, is that no matter how raters or slides are

combined, the composite regression models account for only a

small amount of variation in landscape preference. Even

when the preference ratings of the 17 most reliatle subjects

were used as values of landscape preference, the resulting

stepwise regression model aocounted for only 26.1 percent of

the variance.

äreminins @2 lnfereerrsleriens
In light of the multicollinearity exhibited in Table Q,

a final PC analysis was conduoted to see if more variance in

preference could be explained by oonstruoting a composite

model using only those independent variables with minor

correlations (< 0.¤5). The four dimensions meeting such a

criterion were: foreground vegetation, blue colors,

mountains, and unobstructed expanse of view. However, the

JAN I analysis resulted in only one rater's having a

reliability of greater than 0.50. The composite RZ from JAN
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II clustering was only 0.238 at the 78 individual policy

stage and 0.090 after all groups were comhined into one.

The final 2—variable (mountains and unobstructed expanse of

view) regression model accounted for only about 7 percent of

the variance in landscape preference. Thus, not only were

individual raters fairly inconsistent in their judgments,

hut the final model did a rather poor job of data fitting-

These results parallel research of Endycha and Naylor (1966)

and Schenk and Naylor (1968) who found that decreasing the

intercorrelations among regressor variables led to decreases

in composite predictive efficiency (R2). Their warning was

that the results of any PC study involving high correlations

among regressor variables must be interpreted in light of

the effects of multicollinearity.



Chapter 5

Q.l§§.Q§§lQ§

In their excellent review of the use of unohtrusive

measures in the behavioral sciences, Webb and his colleagues

(1966) contend that one of the hurdles to overcome on the

way to making valid comparisons is the ruling cut of

"plausible rival hypotheses." One of the "plaueible rival

hyp0theses" that can readily be discarded in this study is

the contention that the linear model is inappropriate and,

hence, the data may be better fit by some nonlinear

function. One of the restrictions of nonlinear regression

is that a likely functional form of the model and the

starting values for the parameters must be specified before

the actual analysis can take place (Draper and Smith 1966).

This is not too great of a restriction in some fields where

well—formulated theories supported by a substantial amount

of empirical evidence exist. However, in areas such as

landscape assessment, where theory is still a distant goal

and appropriate variables have not yet been identified, the

restrictions of ncnlinear regression may pose a problem

especially when, as in this study, the model is

multidimensional. The aim of preference modeling thus far

is empirical data fitting, not rational model building.,

1 O L1



105

Yet there are means of testing for nonlinearity of cue

utilization. One of the most obvious and simplest means is

to plot the data. Since it is physically impcssible to plot

data in ten dimensions, values for each of the landscape

dimensions used in this study were plotted against landscape

preference ratings. However, when the data were plotted in

this manner, a “shotgnn" pattern of data points on each of

the 10 graphs resulted. Such a scattering of data is really

not too surprising considering (1) the large residual sums

of squares for the linear regression models, (2) the low

first—order correlations between landscape preference and

each of the dimensions (Table U), and (3) the substantial

standard deviations in preference ratings associated with

each of the 100 slides (Appendix B), and (Q) the moderately

low R?'s resulting from each judge's policy eguation (Table

2). In brief, the data were too dispersed tc even begin an

attempt at specification of a fnnctional form.

Another means of testing for nonlinearity is to enter

all of the interactive (e.g., X1·X2) and power terms (e.g.,

X1?) and observe which of these variables are retained in

the final regression model. In other words, see if the

addition of more complex terms into the basic linear model

generates new models that are more accurate representations

of the judge°s mental process than was the original.linear

one (Goldberg 1968). With 10 dimensions, there are N(N —
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1)/2 or 45 possible interactien terms. when these

interaction terms along with the squared terms for each of

the dimensions were regressed onto the preference ratings in
a stepwise fashion, the resulting model (composed of 8

dimensions, 36 interactive terms, and 7 squared terms)

explained 18.2 percent of the varianoe. Thus, there was an

almost inconsequential increase in RZ over the linear

models reported in Table 6. It should be noted that the

first variable entering the model was an interactive term
(unobstructed expanse of view x undisturhed forest) which

accounted for almost 8 percent or nearly half cf the 18

percent of variance in the final stepwise model. This

suggests the existence of a slight nonlinear effect.

For all these reasons plus the clear superiority of

linear analysis in the literature on human judgment

(Goldberg 1968; Daues and Corrigan 1974), it was decided

that the simple, additive model was most appropriate fg;

ghis ssggy. The emphasis in the previous sentence is a mild

caution that there does exist some evidence in both the

human judgment (Slovic 1969) and landscape assessment

(Shafer et al. 1969; Buhyoff and Leuschner 1978) literature

for the use of cues in a curvilinear or configural manner.

Thus, future studies of landscape preference should consider

the possible effects of nonlinear cue utilization.
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lneixiénal lsriatien
Despite these justifioations for using the linear

model, the fact remains that the regression eguations

generated in this investigation failed to explain more than

10 to 26 percent of the variance in landscape preferenoe.

For future users of the PC procedure, the possible reasons

for these low R2 values must be addressed. first of all, it

must be emphasized that low B2's are not neoessarily

indicative of a poor rational model, only a poor empirioal

one. The author agrees with Goldberg (1968) that

the test of the model is not how well it works as
a representation of the state of the world (e.g.,
how well it predicts landscape preference) hut
rather how well it predicts the inferential
judgments of the judge himself.

This study was conoerned with how individual raters

assessed information about 10 oimensions in order to form an

overall evaluation of landscape preference. The results of

the rater analyses are consistent with those of other

judgment studies utilizing the PC approach. In their review

of a number of PC studies, Zedeok and Kafry (1977, p. 287)

note that "the linear regression model has predioted

judgments fairly oonsistently and to a reasonahly high

degree as indioated by R2 values ranging from 0.50 to 0.80."

In this study the R2's ranged from 0.34 to 0.62 when

separate policies were derived and from 0.10 to 0.34 when

composite policies were derived. In many instances the
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reliahilities (R?'s ) for individual policy eguations were

fairly high (0.50 to 0.80). Thus, the linear regression

eguation can explain rater policies.

The value of PC is that it allows the inference of a

judge's weighting policy by reguesting global evaluations

of a total stimulus rather than evaluations cf individual

elements (Zedeck and Kafry 1977; Goldberg 1968). PC

analysis is focused on the judgment of the rater rather than

on raters' own interpretations of their decision·making

processes.

The cues that a rater uses in making a judgment are

obviously not egually important and raters do not rate them

egually. The purpose ot using a linear model is to make the

judge's policy explicit. A review of Tables 2 and 3 reveals

considerable individual variation; there are at least 2

raters for whom each of the 10 dimensions was most

important. This degree of individual variation seems to run

counter to previous landscape preference studies. For

instance, Fabos (1971) describes a study by Craik (1970)

which showed impressive agreement among forestry and

conservation students and faculty, landscape architect

students and faculty, 0.5. Forest Service personnel, and

general university students in how they rated the dimensions

of various landscape scenes. Similar agreement has been

observed among individuals in a variety of subgroups from
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professional designers tc high school students and

housewives (Zube et al. 197ü; Zube 197U; Senger and

Videbeck 1969; Riesenman 1977; Buhyoff and Leuschner 1978;

Buhyoff and Riesenman 1979; Shafer et al. 1969; Coughlin

and Goldstein 1970; and Kaplan et al. 1972). However, the

degree of individual variation found in this study suggests

that the careless adoption of one multiple regression model

to represent all raters is bound to lead to ccntradictions

among individual outcomes (e.g., landscape preferences).

The PC procedure identifies individual differences and

thereby provides a starting point for resolution of this

conflict.

This emphasis on individualization is of particular

value to those interested in both landscape management and

research. For the researcher, PC offers a ccnceptual basis

and methodology for the study of individual ditferences in

landscape preference, the lack cf which has been a strong

criticism of past research in this field (see p. 16). For

resource managers or planners, PC provides a means of

gaining self-insight into the reasons for their decisions

involving landscape manipulation. For example, Hammond and

his associates (1977) have developed an interactive computer

system, based partially on the results of PC analysis, which

helps individuals evaluate management cbjectives and

planning criteria. Finally, the clustering process enahles
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resource decision-makers to evaluate the policies used by

various pressure groups (e.g., the Sierra Club, stripmining

advocates, etc.) to arrive at their conclusicns concerning

management alternatives involving landscape manipulation.

Examination of Table 6 reveals the existence of four

separate clusters of raters exhibiting various policies.

Unfortunately, insufficient background information needed to

identify groups was collected. However, the potential still

exists within the PC framework for identifying meaningful

clusters of raters with similar landscape preference

strategies.

ßefneéglenisel rreflens
From their review of PC literature, Slovic and

Lichtenstein (1971) conclude that, when asked to evaluate

subjectively their own decision processes, judges usually

overestimate the importance they place on minor variables

and underestimate their reliance on a few major variables.

In most of the PC studies reviewed by Slcvic and

Lichtenstein three variables explained over 80 percent of

the variance and one variable explained about MC percent of

the variance. The results of the stepwise regression

analyses in this research (Tables 6, 15, 16, 17) are

consistent with Slovic and Lichtenstein's conclusions in one

respect: most of the variance in the models is explained by

one to three variables. The failure of the ccnpositc models
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to account for more than 10 tc 27 pereent of the

predictable variance is not weakness of the PC paradigm but

a function of either (1) the amount ef individual variation

exhibited in this study, (2) the method in which the data

were collected, or (3) both.

2i..¤¤€.¤.S..i9n äelsstinn
First, another plausible rival hypothesis for the

failure of the final model to capture more cf the

predictable variance is that the wrong independent variables

were used. It is realized that the 10 dimensicns used are

only a subset of the total number of variables that could

influence a perscn's landscape preference- Yet, as

previously stated, these variables appeared tc be the most

valid for the study area involved and there was some

empirical evidence for their selection (Harvey 1977). In

addition, research by Brush and Shafer (1975), Zube et al.

(197ü), Carls (197ü), Craik (1q72ö), and Peterson and

Neumann (1969) indicates that most cf the variables used in

this study were found to influence people°s landscape

preferences in other environments. Thus, failure to employ

proper independent variables is not considered to be a

serious plausible rival bypothesis.

One variable which may have been important but was

given little consideration is photographie quality. Critics

of landscape preference research (e.g., Kreimer 1977) have



112

contended that the failure to consider this variable is a

shdrtcoming of such studies. while the author realizes the

significance of phctographic quality, it must be recognized

that realism was a goal of this study. Views from the Blue

Ridge Parkway are often hampered by the presence of haze,

especially during spring and summer when most cf the slides

were taken. This haze made perhaps 20 percent of the slides

appear rather drab and not very appealing. A haze filter

could have been used when the slides were taken, hut again

the goal in this study was to present random scenes from the

BRP environment and not to present representations that had

been chosen a pricri according to accepted standards of

photographic composition. Hence, the effects of

photographic quality are recognized but nct considered to be

a serious limitaticn.

älides es Rrefilss
The emphasis cn realism may lead one tc guestion the

use of slides. Recall that one of the criticisms of

landscape preference research is that phctcgraphs or slides

are not valid representations cf actual landscapes (p. 16).

Yet numerous studies provide evidence that people evaluate

representations of landscapes in the same manner in which

they evaluate actuasl scenes (Coughlin and Gcldstein 1970;

Shafer and Richards 197B; Zube et al- 197u; Daniel and

Boster 1976; Jackson et al. 1978). In any event it would
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be wise to conduct an on·the—ground validation of any model

developed from judgments of slides or photographs before the

model is accepted as representative of a given environment.

Though some critics of landscape preference research

may argue that slides are not realistic stimuli, the same

cannot be said of the use of slides in PC research. In all

of the research on human judgment involving PC analysis, the

stimuli presented for overall evaluation are either

numerical or verbal profiles. An example of a numerical

profile was given in Figure 2 (p. 31). Such profiles are

stimuli on which all of the cues are presented with their

corresponding numerical values. Verbal profiles, on the

other hand, consist of written paragraphs in which the value

of each cue is described gualitatively. Figure 6 is an

example of a verbal profile taken directly frcm Anderson's

(1977) study of rater policies used in assessing teacher

quality. Anderson found that high school teachers were

significantly more consistent in rating numerioal than

verbal profiles. She reasoned that it is probably easier to

make judgments when cues are reduced to numerical values and

that judgments of verbal statements correspond more closely

to real-life decisions than evaluations of numerical scales.

There are, of course, more sources of variaticn in real·life

situations and this probably explains why people would be

less consistent in rating verbal than numerical profiles.
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Profile No. g_ Your Rating

He prefers not to establish any objectives or plans for his
course. His homework assignments are neither very difficult
or frequent. He sometimes does not seem to understand the
subject he teaches. He shows almost no interest in or concern
for individual students. His explanations of material are of
moderate clarity. He very seldom involves students in
classroom discussions. The amount of enthusiasm expressed in
his teaching varies from day to day. If a student starts out

Ü
poorly, he is sure to get a poor grade in this teacher's course. g

° Figure 6. Example of a verbal profile (from Anderson 1977).
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To this author's knowledge, pictorial prcfiles (e.g.,

landscape slides) have never been used to assess human

judgment in a study involving PC analysis. Extending

Anderson's conclusions one step further one can reasonably

argue that the pictorial profile is even more representative

of real—life than the verbal profile, especially in light of

the fact that a significant pcrtion of the information used

by humans for processing and arriving at decisions is

obtained visually. Slides of landscapes contain additional

sources of Variation over verbal profiles: they simnlate

more closely the cues necessary for people to make landscape

preference judgments. The cues are not manipulated, scaled,

numbered, or described by the researcher but exist visually

in a manner closely resembling reality. This is the reason

for the notion stated earlier that landscape assessment

critics and human judgment researchers view the reality of

pictorial representations of landscapes from cpposite ends

of a spectrum. Landscape assessment researchers are

concerned that slides may not validly represent reality

while those involved in PC analysis are concerned that

increasing profile realism may lead to additional sources of

Variation that cannot be accounted for by the linear model.

If one accepts Brunswik°s plea for a life·relevant theory of

human judgment, then the pictorial profile (landscape slide

in this case) is certainly a valid means of assessing such

judgment.
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In sum, the use of pictorial profiles may indicate why

some of the variance in landscape preferences was left

unexplained. Nonetheless, such a hypothesis prcbahly could

not by itself account for the substantial amcunt of

unexplained variance in the models derived in this study.

This is especially true with respect to the evidence cited

earlier for the superiority of the linear model composed of

a few major cues-

$92 Inferserfsletisns
The desire for realism in this study led to the

utilization of several landscape dimensions that were highly

correlated. As discussed above, the use cf slides as

profiles necessarily exposes raters to a wide variety of

cues which are intercorrelated. The effects of dimension

intercorrelation upon the obtained policies of raters have

already been discussed in some detail. The question is “To

what extent do cue intercorrelations account fcr unexplained

variance in individual and group models?" The answer

appears to be "only to a very small extent." In fact, two

studies (Dudycha and Naylor 1966; Schenk and Naylor 1968)

indicate that the use of an R matrix with high ccrrelations

may inflate the amcunt of variance explained. Dudycha and

Naylor°s explanaticn tor this finding is that raters are

less able to discriminate among intercorrelated cues, but

find the decision-making task much easier, leading to higher
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R2 values than those obtained under low ccrrelation

conditions. In line with this reasoning, policies obtained

from 4 uncorrelated variables possessed slightly smaller R2

values than those policies based upon the entire R matrix.

Dudycha and Naylor (p. 602) conclude that

If one is interested in obtaining information
about the judgmental policies of individuals
toward a certain class cf stimulus objects he
needs to be certain that the underlying cue R
matrix for his experimental stimnli is
representative of the R matrix describing the
population of stimuli of which his sample is
assumed to be a subset. Ctherwise, his ability to
generalize is obvionsly going to be limited.

While generalization was not a major gcal of this

study, for reasons previously discussed, it is strcngly felt

that the dimension R matrix in this study is representative

of the true R matrix underlying all landscape scenes of the

BRP.

Hammond et al. (1975) cite evidence showing that

individual rater policies will show more diversity when the

predictors are intercorrelated than when they are

orthogonal. Such evidence may partially explain the low

degree of policy similarity exhibited in Tables 2 and 3.

Darlington (1968, p. 179) also warns that

When the predictor variables in a multiple
regression eguation are intercorrelated, the
'contribution to variance' of a predictor variable
cannot be interpreted in the same way that it can
be interpreted when predictor variables are
uncorrelated- In the latter case, the phrase has
essentially the same meaning it has in analysis of
variance designs.
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Therefore, the intercorrelations of some of the landscape
dimensions do not explain why the models failed to account
for more variance than they did. The real problem lies in
the interpretation of the results. Methods exist for
interpreting results in light of multicollinearity (i.e.,
ridge, latent roots, and principal components regression),

but these methods have been explored very little in the
physical sciences, much less in the behavioral sciences.
Exploration of these analytical tools should be a goal of

future behavioral research.

Rheins äsales
The reduction in importance of nonlinear cue

utilization, the inappropriateness of dimensicns used,

utilization of pictorial profiles, and cue intercorrelations

in accounting for unexplained variance leaves only one other

plausible rival hypothesis: the use of rating scales to
measure dimensions and preference. Rating scales are
notoriously prone to such errors as the halo effect and
errors of central tendency (Guilford 1954). Rating scales
are also easily faked (Blum and Naylor 1968). These

methodological considerations partially explain the wide
variability in individual subject ratings assigned some of
the dimensions and overall landscape preference (Appendix
B). Raters may have been assigning values based on a

general impression of a given dimension rather than
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attending to the definitions of the dimensions given in the

instructions. In addition, the difficulty cf defining some

dimensions, such as unobstructed expanse ct view, visible

distant landforms, and undisturbed forest, is evidenced by

the relatively high standard deviations associated with

these cues for many of the slides (appendix E). Such

rater inconsistency calls for a more objective measure of

landscape demensions, perhaps a grid analysis similar to

that used by Shafer and his colleagues (1969).

ln fact, an exploratory analysis using grid analysis

results from a subsample of the original 100 slides and the

same preference ratings has resulted in suhstantial

increases in individual rater reliabilities. In the present

study 17 subjects had R2 values greater than 0.50. However,

in the analysis involving grid scores, 69 cf the 78

subjects had R2 values over 0.50; cut of these 69, H8 had

reliabilities greater than 0.70. The multiple correlation

coefficient, RZ , at the 78 separate policy stage was 0.69.

This again represents a considerahle increase over the

results reported in this study. The R2 value at the one

policy stage, however, was only 0.22 with a much larger

error term than that of the final grouping repcrted in Table

5. These results indicate that although grid analysis of

dimensions increases the ability tc capture individual rater

strategies, enough individual variation still exists to make

the identification of homogenecus groups difficult.
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Ratings assigned overall landscape preferenee were even
more variable than the values assigned separate dimensions
(see data in Appendix B). There is some suppcrt in the
landscape assessment literature for this tinding. Brush

(1976) distinguishes between preference judgments (subjects

are simply asked tc express their likes and dislikes) and
comparative appraisals (subjects are asked to make their
evaluations relative to some other visually presented or

imagined environment). Brush contends that by asking people

for their individual preferences, a wide variation in
responses is likely to occur. However, by forcing raters to
adopt a context for making judgments, comparative appraisals
display less response variation. The idea makes intuitive
sense and is supported by the wcrk of Buhyoff and Leuschner

(1978). Using a paired comparison routine tc obtain

standardized preference scores, these researchers generated

a one—variable model explaining 86 percent of the variance

in preference (when subjects were torced to cue in on a
single landscape dimension). In the Buhyoff and Leuschner

study, subjects were forced to make preference judgments by
choosing which of a pair of simultaneously presented scenes
they preterred. Thus, the comparative standard was part of

the procedure and individual variation was cbviously very
low (R2 = 0.86).
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In addition, a recent literature review by Arthur and

her colleagues (1977) reveals support for the argument that

Scenic beauty differs from Scenic preference. In three

separate studies (Eines 1968; Rabinowitz and Coughlin 1970;

Rutherford and Shafer 1969) there is evidence that Scenic

beauty ratings are higher than preference ratings, have

smaller variances, and are more reliable. Nonetheless,

there is some contradictory evidence from twc studies

(Daniel et al. 1973; Zube et al. 197ü). In both of these

studies there were no differences between Scenic beauty and

Scenic preference ratings. when such differences did occur

they seemed to te related to the method and may be an

artifact of the instructions (Zube et al. 197ü).

To summarize this chapter, numerous plausible rival

hypotheses have either been ruled out or discounted. It

appears that the method in which landscape preference and

dimensions values were ohtained is the largest single source

of error and, hence, the reason why individual and composite

models did not capture more of the variance in preference

than they did. Therefore, the need for future research

employing a different method cf measuring the dimensions

(e.g., grid analysis) is underscored. It also seems

necessary to conduct research investigating the effects that

different scale anchors (e.g., Scenic beauty instead of

preference) have on the reliability of rater pclicies.
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To best evaluate the results of this study, it is first
necessary to restate the objectives. These cbjectives were
(1) to determine if Policy Capturing is a viatle procedure

for modeling the human judgment process regarding scenic

beauty preferences, and (2) to identify and determine the

relative importance of those landscape features which

explain variation in such preference.

The first objective appears to have been well-

satisfied. Policy capturing is a conceptually and

empirically sound method of investigating individual and

group differences in policies concerning landscape

assessment. Theoretical soundness and ability to account

for individual variation are important advantages of the PC

methcdology over previous landscape preference research

based upon multiple linear regression. According to Wiggins

(1973, p. 111),

the main rationale for an individual difference
analysis is that judgments obtained on the basis
of a group average will often distort the
judgmental strategies of many individual subjects.

The admonition for landscape preference research is clear.

The extent of individual differences must scmehow be

122
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assessed, for if people show much variation in their

judgments, decisionmakers must know that any action based on

an average index may represent the perceptions of only a

minority (Craik and Zube 1976). The broad range of

weighting strategies employed hy raters in this study is

viewed as evidence of the potential for significant

individual variations in landscape preferences which somehow

needs to be accounted for in future studies of this kind.

If more than one policy is found (as was the case in

this studY)• it is not necessary to ask the raters to

arbitrate differences in weights (Christal 1968). Instead,

it is possible to use the several eguations to rank order

the slides and then ask subjects to arbitrate differences in

the rank positions of the scenes. Once a rank ordering is

agreed upon, one could then simply determine the appropriate

set of weights for the final eguation. This process would

be particularly useful to those interested in developing a

scenic quality model for a specific geographic region.

The JAN II program does an excellent jcb cf sequential

groupinq. In fact this seguential grouping process is a

major advantage of JAN II over many factor analytic methods

(Naylor and Wherry 196ü). Nonetheless, it is difficult to

tell how many homogeneous groups are formed, and the

appropriate background information is necessary in order to

tell what went on in the grouping process. The background
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information collected in this study did not help distinguish
one group from another. In future landscape research using
PC, preferenoe for different types of reoreation

environments and familiarity with the environment being

evaluated are two variables that are likely to te helpful in
deciding why certain groups are clustered- Cther, more
extensive background information may also prove useful.

Besides being a useful procedure for evaluating

individual and group differences in preference, PC can serve

as an aid to the landscape decisionmaker as well. Most

federal and state resource agencies currently rely on some

sort of descriptive inventory system for assigning scenio

beauty values to various environments. Typically, personnel

of these agencies assign numerical values to certain

environmental features thought to be indicative of scenic

quality. These numerical values are then combined is some

fashion to arrive at an overall scenic quality index. There

is some inherent inconsistency in relying on such individual

judgments and in fact there is sone empirical evidence that

the preferences of resource planners differ markedly from

the preferences of the user groups they serve (Buhyoff et

al. 1978). Buhyoff et al. (1978) also found, however, that

when the professional group was provided information

concerning their olients' desires, preferences between

professionals and clients showed close oorrespcndence.
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Thus, PC can be extremely useful to the resource planner or

manager in two different ways:

l. Knowledge of variations in weighting strategies among
individuals in various user groups (e.g., recreationists,
environmentalists, mining interests, etc.) can help the
manager or planner decide what effects various landscape
manipulations (e.g., locations of transportation and
utility corridors, location of visitor service
facilities, and selection of surburban and new town
development sites) will have on public acceptance.

2. The resource planner or manager can receive feedback on
his or her own rating procedure. Clarification of one's
own decisionmaking process (policy eguation) can help
decisionmakers to be more consistent in their landscape
evaluations (Dawes 1977; Anderson 1977).

The second objective of this study, identification and

weighting of the most important landscape dimensions,

appears to have been only minimally satisfied. The

consistently low RZ values indicate that scenes rated by the

same judge tended to be rated on different criteria. This

rating of scenes using different dimensions is thought to be

a result of having subjects use a rating scale to judge each

of the 10 dimensions. The advantage of using a grid

analysis as a more objective measure of landscape elements

is supported. Employment of a grid analysis of the same 10

dimensions resulted in much higher rater reliability than

the subjective rating scale methcd. However, grid

meaurements of the independent variables did little to

increase the explanatory power of the composite model, thus _

indicating that considerable inconsistency in Ovefall

preference judgments is still a problem.
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On an individual rater basis, amount of clear sky,
mountains, man—changed area, undisturbed forest, and clouds

were the dimensions most often given the highest weights.
There was no clear pattern in terms of which dimensions
accounted for most of the variance in preference.

when all raters were combined into one group, blue
colors, visible distant landforms, mountains, and man-

changed area received the largest weights. The four
homogeneous groups clustered by JAN Il possessed different
weighting strategies, and, as would be expected, there was

little consistency among the four groups in terms of which
dimensions were most influential. The most explanatory
composite models were obtained when only the 17 most
reliable subjects were used (B? = 0.335), when judgments

made only on the first 33 slides were considered (R2 =
0.238), and when judgments on the first 33 slides made by

the H8 subjects with highest pre—test post·test

reliabilities were used (R2 = 0.260). These findings
reveal, respectively, the influence of rater inconsistency
and an order or fatigue effect. In regards tc the order or
fatigue effect, there is evidence that judgments made on the

first 33 to 50 slides were more consistent than those made
on either the last 50 or 67 slides. The R?'s cbtained are

generally in line with at least one cther study (Buhyoff and
Leuschner 1978) in which subjects were asked to make a
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global preference response (in the Buhyoff and Leuschner

study, however, only one variable was used). The R2's

clearly fall below several other studies in which either

different types of independent variables were used (e.g.,

Zube et al. 197ü), these variables were measured in a

different manner (e.g., Shafer et al. 1969), cr a different

dependent variable, usually scenic beauty, was used (e.g.,

Arthur 1977). lt is not recommended that the models from

the present study be used for planning purposes along the

Blue Ridge Parkway until future research can increase the

explanatory power of the models. As it stands now it is

difficult to say which variables influence people's

preferences. Nonetheless, the failure to identify important

dimensions is not considered to be a functicn of the

original dimensions chosen but of the manner in which they

were measured.

A number of plausible rival hypotheses for why the

models failed to capture more of the variance in preference

were proposed. There is sound empirical and intuitive

support for the 10 dimensions chosen, but as Brush (1976)

points out, preference may not depend so much on the

physical elements themselves but on the configurations of

these elements. Some support for this notion emanates from

research involving eye movements (Gratzer and Mcbowell 1971;

Macworth and Morandi 1967), Shafer's grid analysis results
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(Shafer et al. 1969), and the positive influence of
intermediate levels of oomplexity (herlyne 1960; wohlwill
1968; Kaplan et al. 1972). In all of these studies it was

the relative number and interaotion of elements (e.g., edges

between two elements) that either dreu attention or

increased preferenoe.

Nonlinear utilization of ones is not thought to be a
major problem in the present study due to the soatter of the

data. However, nonlinear use of landscape dimensions is not

ruled out. Even though the human judgment literature

overwhelmingly supports the use of the linear model, there

is some conflicting evidence (e.g., Berlyne 1960 and

Wohlwill 1968 have found evidence suggesting a nonlinear

relationship between preference and such factors as novelty

and complexity). Thus, the potential exists for finding

nonlinear models that explain more variance in preference

than the linear model and such models should te considered

in future landscape assessment research involving PC.

multicollinearity poses more of a problem in

interpretation of the zero—order validity coefficients and

regression weights than it does in reducing the explanatory
power of the models. In fact, there is some evidence

indicating that high correlations in the cue E matrix may

actually inflate the R2 values ohtained in the composite

models and lead tc lower policy similarity among raters.
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Nonetheless, in social science data in general and in

landscape assessment in particular, multiccllinearity is

more representative of real—life phencmena than is the use

of completely orthcgonal predictors. Certain analytical

procedures for the interpretation of regressicn models in

light of multicollinearity have recently beccme available

and should be considered in future landscape preference

studies in which nonorthogonality ef predictcrs exists.

Until such analytical procedures become mcre widely

available, it seems preferable to rely on crthcgonal designs

if the researcher is interested only in relative weights

(Slovic and Lichtenstein 1971).

From a policy capturing standpoint, the use cf color

slides as profiles is seen as an extremely realistic means

of representing the stimulus to be judged and scmething that

has never been previously attempted. That slides contain

all the dimensions used by raters in evaluating landscapes,

and that some subset of these dimensions previcusly scaled

by researchers are not presented directly to the rater may

be two reasons why the regression models failed to capture

some of the unexplained variance. Although these reasons

are not believed to have exerted substantial influence on

the R2's obtained, critics of landscape preference research

argue that slides are not valid representations of actual

scenes. Despite considerable evidence that on—site



130

evaluations agree with judgments of landscape

representations, there will probably always remain some

doubt concerning the use of slides or photographs- For this

reason alone, it would be both necessary and informative to

develop a landscape model using the PC procedure and then

validate the model by having judges evaluate landscapes on—

site. Along these same lines, it seems that the validation

of the composite models, through the use cf different

methods, particularly the study of eye movements, would

provide valuable insights into molecular strategies of human

judgment (Slovic and Lichtenstein 1971). Eye movements

could be investigated either in the lab (i,e., using slides)

or on—site. Like any other procedure, PC is nct an end in

itself but needs to be substantiated with appropriate

convergent and divergent methods (Campbell and Eiske 1959).

In spite of these methodological issues, the two

largest sources of error in the final models were most

likely the use of a rating scale to assess landscape

preference and the manner in which the scale was anchored.

There was wide variahility from rater to rater in how each

slide was judged, indicating that subjects may have been

reacting more to a general impression of each scene rather

than to the instructions. Also, there is some evidence from

other research suggesting that scales anchored by

"preference" are used more inconsistently than scales
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anchored by "scenic quality" where some ccmparative standard

of scenic beauty is provided or assumed. This issue is far

from settled but it would seem useful to have a group of

subjects similar to the ones used in this study make their

judgments on the same set of slides using a "scenic guality"

rather than a "preferences“ scale. Another pcssihility is

the use of one of the psychophysical scaling rcutines (e.g.,

signal detection theory, method of paired comgarisons) found

successful in other landscape research (Daniel and Bester

1976; Buhyoff and Leuschner; Euhyoff and Riesenman 1979) to

measure the dependent variable, whether it be preference or

scenic quality.

To borrow from computer science jargon, this study has

been a “debugging run" to determine the methcdological

problems inherent in using PC as a method of capturing the

strategies used in making landscape evaluations. The

results and conclusicns described herein suggest a series of

recommendations for the future use of policy capturing in

landscape assessment. These recommendations can be

summarized as follcws:

l. To avoid possible fatigue hiases, reduce the number of
judgments each subject must make from 100 tc around 60 or
70. This can be done simply by reducing the subset of
landscape elements thought to influence preferences for a
particular environment. If the underlying dimensions of
a landscape are uncertain or unknown, multidimensional
scaling of scenes is an appropriate tool tc use to
determine which dimensions are important.
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2. Once the appropriate dimensions have been identified, use
grid analysis or some other objective measure to assign
values to each.

3. The use of photographs or slides is considered
appropriate as long as some effort is made to show that
the photoqraphs or slides are representative of the
landscapes from which they were taken. It is also
necessary to validate models derived from such
representations with judgments of actual landscapes
before using the models for management or planning
purposes.

U. Collect more background information on the subjects than
was collected in this study. Evidence indicates that
familiarity with landscapes and exposure to certain
landscapes in childhood are two background variables that
should be assessed.

5. If the investigation of individual differenoes is a
primary aim, use a scale anchored by preference.
However, use a more reliable scalinq procedure (e.q.,
psychophysioal scaling) than a simple rating of scenes.
If consensus is a goal (e.g., for public deoisionmaking),
use a scale anohored by soenic quality and instruct
subjects to make their ratings according to some given or
imagined standard of comparison.

In addition to the potential benefits of EC to resource

decisionmakers described in this chapter, there are other

practical reasons for using this procedure. Once the

important dimensions of landscape preference are known, they

may be more effectively managed and quantified, giving

scenic quality more nearly an equal status with other forest

resources. That is, if scenic quality could be assessed in

the same quantitative fashion as the more tangible

resources, there would be a common basis for the comparison

of scenic beauty benefits with the more traditional timber,
water, and forage products (Daniel et al. 1977). Findlly,
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there exists the possibility of using PC in a long term

research effort aimed at standardizing the effects of

various dimensicns on people in different geographie regions

of the U.S. Daniel (1976) states that a hazard in using

people that actually "consume“ the resource (e.g., local

people) is that over time they may adapt tc seeing and

appreciating a landscape that to anyone unfamiliar with the

area may seem unpleasant. To use a positive example, the

Grand Tetons most likely have a different visual effect on

area residents than they do on visitors viewing these

mountains for the first time. Thus, there is a need to

develop a set of standardized, salient dimensions for

everyone. The results of such research may be a taxonomy of

similar landscapes and the development of scenic and

recreational perceived environmental guality indices,

analoqous to air quality indices, The need for such indices

has recently been supported by Craik and Zube (1976).

Policy capturing appears to be an appropriate tool for

fulfilling these needs.
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Instructions for subjects rating the 10 landscape dimensions
("Mountains" used as an example):

"A landscape is a complex visual stimulus composed of many
features, or dimensions. Such dimensions include color, topo-
graphy, amount of water, vegetation, and so on. Your task will
be to rate 100 slides of landscape scenes along only one dimension:
amount gf_mountains, Amount gf mountains is defined as the pro-
portion of the entire scene containing mountains, as opposed to flat
land, rolling hills, and sky."

"The rating scale you will be using ranges from 1 to 9 as
follows:

l 2 3 4 5 6 7 8 9
Low High

A 'l' on this scale represents complete abseace of the dimension
you are rating (that is, no mountains). A '9' means that the
scene is almost entirely covered with mountains. A '5' represents
an intermediate amount of mountains."

"For each slide shown simply blacken in a number from l to 9
on your op—scan sheet. The number you blacken in represents how
much mountainous area you think each scene possesses. Remember —

rate the slide only on the amount of mountains. Do not rate the
scene on any other characteristics it may possess." ‘
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POLICY CAPTURING WITH THE USE OF VISUAL STIMULI:

A METHOD OF QUANTIFYING THE DETERMINANTS OF LANDSCAPE PREFERENCE

by
Dennis B. Propst

(ABSTRACT)

Policy Capturing, a potential methodology for evaluating landscape

preference, was described and tested. This methodology, tested and

applied in industrial psychology since 1960, results in a mathematical

model that theoretically represents the human decision-making process.

Under experimental conditions, judges were asked to express their

preferences for scenes of the Blue Ridge Parkway (Virginia and North

Carolina). A multivariate linear model simulating each judge's decision

was computed by regressing landscape preferences onto 10 dimensions

thought to influence such preferences. An equation which "captures,"
·

or defines the policy of each judge was generated. Individual equations

were then clustered and a composite strategy calculated at each step ’

until one overall policy was obtained. Coefficients of determination

(R2's) for some individuals were generally large (> 0.50). However,

composite R2's were fairly low (< 0.25). Methodological problems

concerning the use of policy capturing for landscape assessment along

with practical management applications are discussed.


