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Abstract 

Expert judgment, standardized in a meaningful format, can be 
used to identify research/survey needs and to characterize areas 
of (dis)agreement in species responses, associated traits, and fac- 
tors aifecting responses. Feasible methods are needed to facilitate 
the evaluation of expertise in a complex domain characterized by 
moderate to low learnability. 

Resumen 

Specitic objectives for this study were 1) to evaluate agreement 
among experts on range plant species behavior and 2) to develop 
an agreement-based classification method for plant species 
responses. Declarative information at landscape scale was elicited 
from 7 role-suggested experts on expected responses to cattle 
grazing (none, moderate, or heavy) and fire (absent, applied in 
late summer or fall, or applied in late winter or spring) of 198 
plant species from the Edwards Plateau (Texas). Trends were 
requested to be assessed in a 3-level ordinal scale (decrease, unaf- 
fected, increase). Kappa statistics (pair-wise and multi-rater ver- 
sions) and log-linear models were used to evaluate agreement. A 
procedure based upon cumulative probability distributions of 
possible rating combinations was developed to classify plant 
species while accounting for agreement. A total of 4,584 opinions 
(cattle grazing: 2,959; fup: 1,625) was elicited and analyzed. Low 
to moderate agreement was observed. Average pair-wise kappa 
statistics ranged from 0.07 to 0.39; multiple-rater kappa coeB- 
cients ranged from -0.17 to 0.53. Log-linear analyses were consis- 
tent with those estimations: agreement beyond chance or baseline 
association between ratings (P -Z 0.05) was observed in 62 out of 
114 possible pair-wise cases. Non-homogeneous marginal distrib 
utions of opinion were an important source of disagreement. 
Experts performed beyond chance expectations in all scenarios 
but agreement was better (and pattern of agreement more consis- 
tent) when scenarios were most familiar to the experts (e.g., heavy 
grazing and winter/spring burning). Almost 80% of species was 
chtssiied beyond chance (P < 0.15) in grazing scenarios in con- 
trast to only 40 to 60% in fire scenarios. This resulted from less 
agreement among experts but also from apparent lack of knowl- 
edge. The procedure developed to classify plant species provides 
an objective criterion for evaluating agreement in an ordinal 
scale. Graphical representations facilitate understanding of rela- 
tionships between the number of expert sources and their ability 
to distinguish among classes for a pre-defined confidence level. 

Es posible aplicar conocimiento expert0 normalizado para 
identifcar prioridades en investigacion/relevamientos, caracteri- 
zar (des)acuerdo sobre respuestas de especies individuales, fac- 
tores que las afectan y caracteres asociados. Se requieren meto- 
dos que faciliten la evaluation de conocimiento expert0 en un 
campo complejo caracterizado por una limitada capacidad de 
aprendizaje. 

Objetivos especificos de1 estudio fueron: 1) evaluar acuerdo 
entre expertos sobre el comportamiento de especies vegetales de 
camp0 natural y 2) desarrollar un metodo de clasitlcaci6n basado 
en acuerdo. Para 198 especies vegetales de1 Edwards Plateau 
(Texas) se colecto opinion de expertos (n = 7) emitida a nivel de 
paisaje sobre tendencias esperadas bajo pastoreo con bovinos (no 
pastoreado, pastoreo moderado, pastoreo intenso) y fuego (no 
quemado, quema estivo-otoiial, quema inverno-primaveral) eval- 
uadas en una escala ordinal de 3 niveles (diiminuye, no cambia, 
aumenta). El acuerdo se evaluo utilizando modelos log-lineales y 
coeflcientes kappa (versiones para 2 o varias fuentes). Se describe 
un procedimiento basado en distribuciones de probabilidad acu- 
mulada para clasificar especies individuales en base a acuerdo 
observado. 

Key Words: Distinguishability, kappa statistics, landscape scale, 
log-linear models, vegetation trends. 
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Se colectaron 4,584 opiniones (pastoreo con bovinos: 2,959; 
fuego: 1,625) cuyo analiiis revel6 reducido a moderado acuerdo. 
Los coeiicientes kappa estimados variaron de 0,07 a 0,39 (prome- 
dios para pares de expertos) y de -0,17 a 0,53 (valores individ- 
uales para el conjunto de expertos), resultados consistentes con el 
an&Ii& log-lineal que indico acuerdo no explicado por azar o por 
asociaci6n sistematica de opiniones (P c 0,OS) en 62 de 10s 114 
cases posibles de pares de expertos. Una parte importante del 
desacuerdo provino de heterogeneidad en las distribuciones mar- 
ginales de opinion. Los expertos se desempeiiaron mris alla de 10 
esperado por azar en todas las situaciones estudiadas aunque se 
observe mayor y m&s consistente acuerdo en situaciones famil- 
iares para 10s sujetos (e.g. pastoreo intenso y quema inverno-pri- 
maveral). Casi un 80% de especies fue clasificada en base a 
acuerdo no explicado por azar (P < 0,15) en situaciones de pas- 
toreo pero solo entre 40 y 60% en situaciones que involucraban 
quemas. El10 se debid a menor acuerdo pero tambien a una 
aparente falta de conocimiento. El procedimiento desarrollado 
provee un criteria de clasiicaci6n objetivo para evahmr acuerdo 
en escala ordinal; las representaciones grrificas implementadas 
facilitan el analisis de relaciones entre el numero y la habilidad 
discriminativa de las fuentes de information para niveles de 
probabilidad prefijados. 

Two popular approaches for depicting vegetation change in 
rangelands are the succession-retrogression (Sampson 1917, 
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1919, Clements 1920, Dyksterhuis 1949, 1958) and the state-and- 
transition (Westoby et al. 1989a, 1989b) models. Both approach- 
es can be characterized as equilibrium-oriented, focusing either 
on one (succession-retrogression) or more (state-and-transition) 
stable states for some temporal scale of interest (Rodriguez 
Iglesias and Kothmann 1997). As new theoretical and analytical 
tools become available to support non-balance approaches 
(Wiens 1984, Chesson and Case 1986, DeAngelis and 
Waterhouse 1987), equilibrium-seeking models have been 
increasingly challenged. A shift toward individualistic views on 
species behavior (Gleason 1926, Goodall 1963) is also evident 
(e.g., Johnson and Mayeux 1992, McIntosh 1995) and gaining 
credibility and applicability. 

Individualistic approaches are seriously challenged by the 
amount of information and inherent difficulty associated with 
aggregating individual species behaviors, a required step for veg- 
etation trend prediction. Two possible solutions to this dilemma 
are either limiting modeling to the representation of the most 
important individual plant species, or simplifying the vegetation 
domain by clustering species into response or functional groups 
(Botkin 1974). These alternatives, however, still require informa- 
tion not always available from experimental results or systematic 
field surveys. 

Comparative data on individual species responses to manage- 
ment or environmental challenges, relevant for grouping purpos- 
es, may not be readily available. This type of information is criti- 
cal for producing supervised (e.g., Rodriguez Iglesias 1996, using 
classification trees) rather than unsupervised (e.g., Grime et al. 
1988, using cluster analysis) classifications of plant species. 
Although still an untested hypothesis, prediction-oriented super- 
vised classifications may be expected to outperform clustering 
approaches in anticipating vegetation changes. Constraining the 
characterization of groups of plant species on the basis of their 
expected responses to management or environmental challenges 
would eventually produce disturbance-related ecological profiles 
with better predictive capabilities (Rodriguez Iglesias 1996). 

In contrast to the lack of experimental comparative information 
on plant species responses, knowledge gathered in management 
settings goes currently unused. Most of this “expert information” 
is qualitative rather than quantitative but it might be promptly 
elicited at a relatively low cost and has potential for supporting 
supervised classifications of plant species. Other examples of 
possible straightforward use of expert opinion are the assessment 
of herbivore preferences at landscape scale (Phillips et al. 1996, 
Rodriguez Iglesias and Kothmann 1998) and the parameterization 
of graphical belief models (Rodriguez Iglesias et al. 1998). 
Uncertainty in many management-related issues (e.g., vegetation 
change) could be greatly reduced by incorporating expert opinion 
as prior information that would be eventually updated as the 
knowledge base changes or experimental/ survey data become 
available. This approach roughly corresponds to the well-estab- 
lished Bayesian learning paradigm. 

An important unsolved challenge on the use of expert opinion 
involves the combination or blending of different expert sources. 
A profusion of methods have been proposed (e.g., Genest and 
Zidek 1986, Kadane 1993, Dawid et al. 1995, Wiper and French 
1995) but widely accepted general procedures are still lacking. 
Most of the proposed methods lack generality and focus on spe- 
cific types of variables (e.g., continuous), distribution moments 
(e.g., mean values), or knowledge representation (e.g., through 
linear models). 

In dealing with expert information on plant species responses, 
we confronted the problem of pooling opinions elicited in a 3- 
level ordinal scale and with a high incidence of missing values. A 
probabilistic method for handling such kind of information was 
developed and is described in this paper. The objective for our 
study was to collect and analyze expert opinion on the expected 
responses of a set of plant species from the Edwards Plateau 
(Texas) to different cattle grazing and fire scenarios. The ultimate 
goal of this effort, described in detail elsewhere (Rodriguez 
Iglesias 1996), was to combine expert opinion on plant species 
responses with a database of ecological attributes to produce a 
supervised classification of plant species. 

Agreement among different sources is a key issue affecting the 
perceived reliability of any expert opinion-based procedure. A 
combination of opinions, on the other hand, is required to arrive 
at an expected outcome for individual cases (i.e., plant species). 
Thus, analyzing agreement among expert sources and developing 
a method for classifying plant species according to agreement 
were specific objectives of this work. 

Materials and Methods 

Collection of Expert Opinion 
Nine individuals were selected to produce expert opinion con- 

cerning 2 of the most widely reported factors involved in range 
dynamics: grazing and fire (Rodriguez Iglesias and Kothmann 
1997). It is difficult to determine when an individual qualifies as 
an “expert” in a domain characterized by the uncertain and com- 
plicated behavior of many interacting species populations. The 
informed opinion of the authors was that the 9 individuals select- 
ed would be considered experts by any qualified audience on the 
basis of their roles and previous experience on managing vegeta- 
tion. These experts were 3 university professors, 2 researchers, 
and 2 extension specialists from the Texas A&M University 
System, 1 range specialist from the USDA Natural Resources 
Conservation Service, and 1 biologist from the Texas Parks and 
Wildlife Department. One university professor and 1 extension 
specialist did not answer by due time so all results reported in the 
paper are based on the information provided by the remaining 7 
individuals. 

A list of 198 plant species from the Edwards Plateau (Texas) 
was sent to each expert accompanied by a short explanation of 
the type of information solicited. Opinion was requested on the 
expected trends in abundance caused by cattle grazing or fire and 
rated as decrease (D), unaffected (U), or increase (I). The effect 
of cattle grazing was to be evaluated at 3 levels of intensity: none, 
moderate, and heavy. The effect of fire was to be considered in 3 
different scenarios: absent, applied in late summer or fall, or 
applied in late winter or spring. Experts worked independently. 
No attempts were made to standardize the process of classifying 
species or to constrain the distribution of species to classes. 
Explanatory information was provided only to clarify the kind of 
data requested. 

We requested that the experts evaluate the effects of both dis- 
turbance factors at the landscape level, as opposed to the individ- 
ual plant species level; e.g., in the case of fire, plant species 
rarely exposed to fires because they grow in areas not commonly 
affected by prescribed burning or wildfires (e.g., riparian areas, 
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steep slopes with scarce fine fuel) should be considered U species 
even though they could be negatively affected if exposed to fire. 

Evaluation of Agreement Between Raters 
The problem of evaluating agreement can be described as one 

in which N cases (plant species in our case) are allocated to 1 of 
m classes by each of n raters with the possibility that n may differ 
for different cases. For n 2 2, the analysis may focus on pair- 
wise agreement, g-wise agreement (where 2 < g < n), or multi- 
way agreement in which all judgments produced by the raters are 
considered simultaneously; see Conger (1980) and Agresti (1992) 
for comprehensive reviews. Two complementary approaches for 
evaluating agreement are the calculation of summary measures of 
agreement (e.g., correlation-like statistics) and a diverse array of 
modeling tools that include log-linear, Rasch, and latent class 
models (e.g., Agresti and Lang 1993, Uebersax and Grove 1993). 

The kappa coefficient (K, Cohen 1960) is a popular correlation- 
like statistic and was used to assess pair-wise agreement among 
raters for every grazing or fire scenario considered. Estimates of 
K were obtained as: 

g= PO-PC (1) 
l-P, 

where p. is the proportion of cases in which the raters agree 
and pc is the proportion of cases for which agreement is expected 
only by chance on the assumption that the marginal distributions 
of ratings (see below) are independent. If N cases (in our case, 
plant species) are distributed to the mz cells of a cross-tabulation 
of the opinions of 2 raters by assigning every case to 1 of m 
classes, then from the cell counts (aij ): 

where i and j are indices corresponding to the m classes for each 
of the 2 raters (i.e., al2 indicates cases classified in class 1 by one 
of the raters and in class 2 by the other while a21 indicates the 
reverse situation) and the dots indicate summation over the omit- 
ted subscript. Thus, K is intended to assess how much agreement 
is observed beyond that expected just by chance. A kappa esti- 
mate of zero indicates no agreement beyond what would be 
expected by chance. Better than chance agreement produces posi- 
tive values with an upper limit of 1. The lower limit of the coeffi- 

cient is more complicated as it depends on the marginal distribu- 
tions (see Cohen 1960). Arguably, however, since K is used to 
evaluate agreement, a fixed upper limit is what really matters 
(Cohen 1960). Table 1 shows sample calculations performed on 
one of the data sets included in the analyses. Frequency data are 
accumulated across columns and rows to obtain marginal distrib- 
utions for each of the raters. Agreement expected by chance 
given the observed marginal distributions (i.e., pc) is then calcu- 
lated from marginal proportions. The term p. is simply the sum- 
mation of cases (expressed as proportions) that received identical 
classification by both raters. 

Standard errors and confidence intervals for the hypothesis of 
no agreement between raters were derived according to large- 
sample variance formulas proposed by Fleiss et al. (1969). 
Confidence intervals calculated according to large sample theory 
do not behave very well when kappa is far from 0 and/or when 
sample sizes are small. In our case, K values were expected to be 
low to moderate and sample size was moderately high so gross 
departures from true values are unlikely. On the other hand, bet- 
ter procedures for confidence interval estimation are only avail- 
able for binary outcomes (Lee and Tu 1994, J.J. Lee, personal 
communication). Individual contributions of the m classes (i.e., 
D, U, I) to overall agreement (Ki) were estimated as: 

g= Pij - (Pi. P.i) 

PO-PC 
(3) 

The estimated value of K depends on the marginal distributions 
of the m classes which are determined by the judgments of indi- 
vidual raters. Thus, degree of agreement is limited by similarity 
of the marginal distributions. An estimate of pair-wise marginal 
disagreement was obtained as: 

a = 1 -Efin(Pi.,Pj)l- PC (4) 

1 -Pc 
where min(pi., p-j) indicates selecting the smaller of the 2 indicat- 
ed proportions. 

Pair-wise agreement was also evaluated using a log-linear 
approach (Goodman 1979, Tanner and Young 1985, Agresti 
1988). A generalized linear model (McCullagh and Nelder 1989) 
with Poisson error distribution and logarithmic link function can 
be used to partition overall agreement into 3 components: chance 

Table 1. Sample Calculations of the coeffkient of agreement (K) and associated statistics for a representative set of frequencies distributed among 2 
rates. 

Frequencis (aii) proportions (pii = aii/N) 

Rater A Rater A 

Class index j=l j=2 j=3 ai. Class index j = 1 j=2 j=3 
i=l 7 13 7 27 i=l 0.037 0.07 0.037 EM 

Rater i=2 2 9 4 15 Rater i=2 0.011 0.048 0.021 0.080 
B i=3 31 36 78 145 B i=3 0.166 0.193 0.417 0.775 

a: 40 58 89 a. = 187 P.j 0.214 0.310 0.476 p.. = 1.0 

p. = 2 p- - - 0.037 9 + 0.048 + 0.417 = 0.502 ~=~ C pi. P,j = (0.144 X 0.214) + (0.080 X 0.310) + l=i (0.775 X 0.476) = 0.425 

i- PC- PC = 0.502 - 0.425 = o.135 

1-P 1 - 0.425 

Similarly, kz= 0.299 and 123 = 0.617 

ill- (Pl. P.1) - i= = 0.037 (0.144 x 0.214) = 
0.084 

PO-PC 0.502 - 0.425 

[& ~min(Pi,vPj)l -PC 
d^=l ‘=J = 1 _ (0.144+0.08 +0.476)-0.425 =o.521 

‘-PC 1 - 0.425 
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agreement, agreement due to baseline association between the 
ratings, and extra agreement in excess of chance or baseline asso- 
ciation. Null hypotheses concerning the third one of these compo- 
nents in the so-called “model of agreement plus linear-by-linear 
interaction” (Agresti 1988) were tested using likelihood ratio sta- 
tistics. Functions for generalized linear model fitting in S-Plus 
version 3.2 (Statistical Sciences Inc. 1993) were used for calcuia- 
tions.” A multiple-rater version of the K coefficient (Fleiss 1971) 
was used to evaluate overall agreement among raters. Ratings on 
individual species were classified according to the number of 
opinions received (0 to 7) and coefficients of multiple agreement 
(Km) were calculated for groups of species receiving at least 2 
and up to 7 ratings according to: 

Table 2. Sample calculations of the coeRicient of multiple agreement 
@Cm) and associated statistics for a representative set of observed fre- 
quencies (Summer/fall fye, 6 raters). 

ClaSS 
case (k) i=l i=2 i=3 9 

1 3 
2 4 
0 0 
0 2 
0 1 
0 0 
0 0 
1 1 

2 1 

0.267 
0.467 

1 
0.467 
0.667 

1 
1 

0.400 
0.267 

km= Pm-Pe 

l-P, 

6 12 36 a.=54 ai. 
(3 Pi 0.111 0.222 0.667 p.= 1 

(6) 

where i indicates classes as before, k is the index for cases and, 
therefore, aik stands for the number of raters who assigned the k* 
case to the i” class. Sample calculations for plant species that 
received exactly 6 ratings for the Summer/ fall fire scenario are 
shown in Table 2. The term Pk evaluates, for each case, the pro- 
portion of agreeing pairs of ratings in relation to the total number 
of possible pairs that can be formed with n raters (i.e., n(n - 1)). 
The term pm, in turn, is the average of those proportions, calcu- 
lated over the entire set of cases. Agreement by chance (p,) is 
calculated from marginal proportions, as for the pair-wise case 
(see above). 

For hypotheses concerning multiple agreement, variances were 
estimated according to the approximation developed by Fleiss 
(1971). Such an approximation assumes that N is large and there- 
fore the proportions pi can be considered constant. Agreement on 
assignments to individual classes (K,.,.J was estimated as: 

1 -Pi 
where 

Pmi= Ca $- Nnq @) 
Nn(n-1)pi 

and pi is defined above. Estimated variances required for hypoth- 
esis testing were computed as described by Fleiss (197 1). 

Assignment of Species to Classes 
Calculation of K coefficients and ancillary log-linear analyses 

allowed a straightforward evaluation of agreement. However, a 
different approach was required for defining a useful criterion for 
distinguishing plant species classified in a similar way from those 
for which there was less or no agreement among raters. As indi- 
cated in the Introduction section, rating plant species according to 
agreement on expected responses would eventually allow the use 
of supervised classification methods. Any approach for evaluat- 
ing agreement on a plant species basis should allow for different 
numbers of opinions received per species, which in our case var- 
ied from 0 to 7. The following procedure was developed for that 
purpose. 

p,=kpz -01 * - . 112+...+0.6672=o.506 
i=l 

*1 (ail - 1) 
p,=l=l = - +.. - 

(2 u=O.267 
n&l) W4) 

P Am, 
Pl=N=l = 0.267;...+0.267 = 0.615 

pm - pe 
IL - 

0.615-0.506 

1 -pe = l-O.506 
= 0.220 

N 
I .  

&& =Nnpl 
k=l 

Pm1 = 
= (12+...+22~9x6x0.111)=0~133 

Nnb-Up1 9x6x5x0.1 1 I 

I&= 
0.133-0.111 
-= 0.025 

l-0.111 
Similarly: & = 0.143 and &,3 = 0.367 

The probability of observing any combination of ratings was 
calculated as if originated from a trinomial distribution. This was 
done for cases involving at least 2 and up to 7 raters. If D, U, and 
I are the 3 possible classes, then: 

3 xi 
p(D=xl, U=x2,I=x$=r! n _Pi 

i=l Xi! 

where p(=) indicates probability, pi is the probability of observing 
the corresponding i class (pi values add up to 1, as usual), the xi’s 
are non-negative integers representing the distribution of ratings 
(e.g., XI = 5, x2 = 1, and x3 = 0 for a species receiving 6 ratings, 5 
as D and 1 as U), r (varying from 2 to 7) is the sum of the Xi (i.e., 
the number of raters involved in a particular judgment), r! stands 
for the factorial of r, and the symbol n: indicates the operation of 
multiplying together the indicated terms. The number of possible 
outcomes (i.e., combinations of ratings) for a given number of 
raters can be calculated as (r + l)(r + 2)/2 (e.g., 15 possible out- 
comes when 4 raters produce opinion). The total number of possi- 
ble outcomes, considering that 2 and up to n raters may be 
involved in one particular judgment, can be obtained from: 
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Table 3. Possible outcomes (indicated as Decrease-Unaffected-Increase), probability of observing a given outcome by chance (p), probability of observ- 
ing such an outcome or one more shied toward D @D) or toward U @U) by chance, and corresponding classification. 

D-U-l P PD ’ PU Class D-U-l P PD PU Class 

7-o-o 
6-O-O 
6-l-O 
5-O-O 
6-O-l 
5-1-o 
4-o-o 
5-2-O 
5-0-l 
4-1-o 
4-2-O 
4-3-O 
5-l-l 
3-O-o 
4-o- 1 
5-O-2 
3-l-O 
3-3-o 
3-2-O 
3-4-o 
4-l-l 
4-2-l 
3-0-l 
2-o-o 
4-o-2 
2-4-o 
2-3-O 
2-5-O 
2-2-o 
2-1-o 
3-l-l 
4-l-2 
3-3-l 
3-2-l 
1-4-o 
O-4-1 
l-4-2 
2-O-3 
o-3-1 
2-l-3 
l-3-2 
2-2-3 
l-2-2 
l-0-2 
o-2-1 
O-5-2 
l-l-2 

2-o-4 
O-4-2 
2-l-4 
l-3-3 
O-3-2 
l-2-3 
l-0-3 
l-l-3 
2-O-5 
O-2-2 
o-1-1 

0.0505 0.0005 0.9995 D 
0.0014 0.0014 0.9986 D 
0.0032 0.0037 0.9383 D 
0.0041 0.0041 0.9959 D 
0.0032 0.0069 0.9959 D 
0.0082 0.0096 0.9040 D 
0.0123 0.0123 0.9877 D 
0.0096 0.0133 0.7270 D 
0.0082 0.0178 0.9890 D 
0.0206 0.0247 0.8477 D 
0.0206 0.0302 0.6283 D 
0.0160 0.0325 0.4134 D 
0.0192 0.0357 0.9159 D 
0.0370 0.0370 0.9630 D 
0.0206 0.0453 0.9712 D 
0.0096 0.0613 0.9831 D 
0.0494 0.0617 0.753 1 D 
0.0274 0.0658 0.2922 D 
0.0412 0.0658 0.4979 D 
0.0160 0.0677 0.1537 D 
0.0412 0.0796 0.8546 D 
0.0480 0.0997 0.6694 D 
0.0494 0.1111 0.9259 D 
0.1111 0.1111 0.8889 D 
0.0206 0.1276 0.9602 D 
0.0206 0.1276 0.0796 U 
0.0412 0.1276 0.1687 D 
0.0096 0.1349 0.0357 U 
0.0741 0.1358 0.3333 D 
0.1111 0.1481 0.5926 D 
0.0823 0.1687 0.7499 D 
0.0480 0.1733 0.8487 D 
0.0640 0.1893 0.3333 D 
0.0823 0.1893 0.5254 D 
0.0206 0.2305 0.0247 U 
0.0206 0.6255 0.0247 U 
0.0480 0.6379 0.0933 U 
0.0412 0.6461 0.9095 I 
0.0494 0.6667 0.0617 U 
0.0823 0.6790 0.7311 I 
0.0823 0.6790 0.1824 U 
0.0960 0.6859 0.5254 I 
0.1235 0.7284 0.3333 NA 
0.1111 0.7407 0.8148 I 
0.1111 0.7407 0.1481 U 
0.0096 0.7627 0.0357 U 
0.1481 0.7654 0.5556 I 
0.0206 0.7901 0.9602 I 
0.0206 0.7901 0.0796 U 
0.0480 0.8011 0.8487 I 
0.0640 0.8171 0.3333 I 
0.0412 0.8313 0.1687 I 
0.0823 0.8519 0.5254 I 
0.0494 0.8642 0.9259 I 
0.0823 0.8724 0.7499 I 
0.0096 0.8843 0.9831 I 
0.0741 0.8889 0.3333 I 
0.2222 0.8889 0.3333 NA 

1-3-o 0.0494 
1-5-o 
1-6-O 
3-O-2 
2-O-l 
1-2-o 
4-O-3 
241 
3-l-2 
2-3-l 
2-2-l 
2-l-l 
1-1-o 
3-2-2 
040 
O-5-0 
0-6-O 
0-3-o 
O-7-0 
1-5-1 
3-o-3 
1-4-l 
O-2-0 
2-o-2 
3-l-3 
1-3-1 
2-3-2 
2-l-2 
2-2-2 
1-2-1 
l-0-1 
l-l-l 
O-6-1 
O-5-1 
3-o-4 
o-4-3 
o-3-3 
l-2-4 
l-l-4 
l-0-4 
0.2-3 
o-1-2 
o-3-4 
l-l-5 
l-0-5 
o-2-4 
l-O-6 
o-1-3 
O-2-5 
o-1-4 
o-1-5 
O-l-6 
o-o-7 
O-O-6 
o-o-5 
o-o-4 
o-o-3 
o-o-2 

0.0082 
0.0032 
0.0412 
0.1111 
0.1111 
0.0160 
0.0480 
0.0823 
0.0823 
0.1235 
0.1481 
0.2222 
0.0960 
0.0123 
0.0041 
0.0014 
0.0370 
0.0005 
0.0192 
0.0274 
0.0412 
0.1111 
0.0741 
0.0640 
0.0823 
0.0960 
0.1235 
0.1235 
0.1481 
0.2222 
0.2222 

0.0082 
0.0160 
0.0160 
0.0274 
0.0480 
0.0412 
0.0206 
0.0412 
0.1111 
0.0160 
0.0192 
0.0082 
0.0206 
0.0032 
0.0494 
0.0096 

0.0082 
0.0032 
0.0005 
0.0014 
0.0041 
0.0123 
0.0370 
0.1111 

0.2346 
0.2387 
0.2501 
0.2510 
0.2593 
0.2593 
0.2629 
0.2949 
0.3128 
0.3128 
0.3333 
0.3333 
0.3333 
0.3429 
0.395 1 
0.3992 
0.4047 
0.4074 
0.4106 
0.4294 
0.4307 
0.4444 
0.4444 
0.4568 
0.4742 
0.4774 
0.5062 
0.5185 
0.5267 
0.539 
0.5556 
0.5926 
0.5930 
0.6049 
0.6059 
0.8907 
0.9204 

0.9342 
0.9342 
0.9547 
0.9630 
0.9643 
0.9675 
0.9698 
0.9822 
0.9867 
0.9877 
0.9931 
0.9959 
0.9986 
0.9995 
1.0000 
l.oooo 
1.0000 
1.0000 
1.0000 
1.0000 

0.0617 U 
0.0096 U 
0.0037 U 
0.9095 D 
0.8148 D 
0.1481 U 
0.9575 D 
0.0933 U 
0.7311 D 
0.1824 U 
0.3333 NA2 
0.5556 D 
0.3333 NA 
0.5254 D 
0.0123 U 
0.0041 U 
0.0014 U 
0.0370 U 
0.0005 U 
0.0261 U 
0.9396 NA 
0.0590 U 
0.111 U 
0.8765 NA 
0.8006 NA 
0.1276 U 
0.2693 U 
0.6626 NA 
0.4431 U 
0.2593 U 
0.7778 NA 
0.4815 U 
0.0037 U 
0.0096 U 
0.9575 I 
0.1573 I 
0.2922 I 
0.6694 I 
0.8546 I 
0.9712 I 
0.4979 I 
0.5926 I 
0.4134 I 
0.9159 I 
0.9890 I 
0.6283 I 
0.9959 I 
0.7531 I 
0.7270 I 
0.8477 I 
0.9040 I 
0.9383 I 
0.9995 I 
0.9986 I 
0.9959 I 
0.9877 I 
0.9630 I 
0.889 I 

‘Corresponding pI values can be read from pD columns by inverting the ordering of ratings (i.e., turning 4-l-O into O-14). 
%A, classification is ambiguous. i.e., same minimum cumulative probability for more than 1 class. 

5 (r+ l)(r+2) 
calculated using equation [l] and they are shown in the second 

r=2 2 
(10) and seventh columns of Table 3. Thus, observing 7 raters agree- 

and it equals 116 for n = 7 (see first and sixth columns in Table 3).. 
ing on the same rating (e.g., 7-O-O) is a rather improbable event (p 
= 0.0005; Table 3) but so is observing 5 raters agreeing on the D 

Each one of those 116 possible outcomes has an associated class and 2 other raters agreeing on the I class (i.e., a 5-O-2 out- 
probability of occurring by chance. Those probabilities can be come with associated probability p = 0.0096; see Table 3). In 
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fact, like in any lottery, the occurrence of any single outcome is However, many more terms will have to be summed in this latter 
rather improbable. Distinguishing agreement requires considera- case because there are many combinations of ratings more shifted 
tion of the probability of observing a distribution of ratings shift- towards the U alternative (e.g., 5-2-0, 4-3-0, 3-4-O) between 6-1- 
ed toward any of the classes (e.g., 5-Z-O) plus the probability of 0 and the extreme 0-7-O combination which defines complete 
observing even more extreme outcomes (e.g., 6-l-O and 7-O-O). agreement on the U class. 

For each possible outcome when 2 and up to 7 raters were 
involved, the probability of observing such an outcome or one 
more extreme was calculated by addition. These cumulative prob- 
ability distributions were then merged across number of ratings 
received (i.e., 2 to 7) to produce common cumulative probability 
distributions which included the 116 possible rating combina- 
tions. The assessment of what constitutes a “more extreme” com- 
bination of ratings in an ordinal setting depends upon the kind of 
weighting applied to the classes for evaluating “extremeness”. If 
classes are linearly weighted (e.g., 1x1 + 2x2 + 3x3), a species 
receiving 5, 1, and 1 opinions favoring D, U, and I, respectively, 
will be more extreme (i.e., more shifted towards the D class) than 
a species receiving 3, 4, and 0 opinions for the same class order- 
ing. However, if a non-linear weighting is used (e.g., cubic 
weighting: 13xI + 23x2 + 33x& the ordering of these 2 combina- 
tions may be reversed because a larger weight is then attached to 
the single opinion in the I class (i.e., x3) in the 5-l-l combina- 
tion. Results reported in this paper are based on a linear weight- 
ing of opinions because there was no reason to do otherwise. 
However, various weightings were tested and weightings as 
extreme as cubic or cubic root did not affect the graphical pat- 
terns of discrimination described in the Results section. 

Since our objective was to discriminate between 3 classes, one 
of them (U) intermediate between the others, 3 different cumula- 
tive probability distributions were required, one for each class. 
Table 3 reproduces the cumulative probability distributions for D 
and U classes when pi = p] = l/3 for every i and j (see 3ti and 4& , 
and 8”’ and 9” columns m Table 3). Assuming that pi = p’ for 
every i and j implies that no previous knowledge is availab e on r’ 
the distribution of plant species to classes for the set of plant 
species considered. When all pi are the same (i.e., l/3), cumula- 
tive probability values for I can be obtained from the cumulative 
probability distribution for class D by simply inverting the order- 
ing of ratings (i.e., 4-l-O favoring D turns into O-l-4 in the I 
cumulative probability distribution). For some possible outcomes 
involving lack of agreement (e.g., 2-2- 1, 1 -l-O, 3-O-3) cumulative 
probabilities are the same for more than 1 class and therefore dis- 
crimination among alternative classes is not possible (see “NA” 
values in Table 3). 

A sample of the calculations performed to produce the third 
entry in Table 3 will illustrate the procedure. If we assume that pi 
= pj = l/3 for every i and j, then according to [ 1] above: 

The 5” and 10” columns in Table 3 show the classification that 
any rating combination should receive according to the calculated 
cumulative probability distributions. Thus, a species receiving a 
3-2-l rating should be classified as D because pD = 0.1893 while 
pU = 0.5254 and p1 = 0.8519 (i.e., pD for a l-2-3 rating equals 
0.8519). The uncertainty of this classification, however, mainly 
depends on the smaller of those p values. When a species with a 
3-2-l rating is classified as D we are accepting that such an out- 
come may occur by chance in about 19% of the cases. 
Controlling the uncertainty of the classification requires the 
selection of a probability threshold. This threshold represents the 
probability of accepting the classification as emerging from 
agreement among the raters when, in reality, it simply happened 
by chance. Of course, we would like to chose a probability 
threshold as low as possible but still compatible with producing 
some discrimination among plant species. If the cumulative prob- 
ability for a given outcome is below the threshold in one of the 
cumulative probability distributions (e.g., D) but above it in the 
other 2 (i.e., U and I), the species in question will be unambigu- 
ously classified (i.e., in that case, as a decreaser) at the selected 
probability level. This is the best-case scenario but 2 other alter- 
natives are possible. First, the cumulative probability for a given 
combination of ratings may be below the threshold level in more 
than one of the distributions. In this case, membership in one 
class (i.e., the 1 above the threshold) would be ruled out, but 
membership in any of the other 2 classes would still be deemed 
possible at the probability level set for the threshold. Second, the 
corresponding cumulative probability for a certain outcome may 
be above the threshold level in all 3 distributions. This means 
that, for some threshold probability levels, the class to which the 
species in question most probably belongs could not be deter- 
mined. Thus, the total number of plant species that could be 
unambiguously assigned to classes will depend on the probability 
threshold chosen. 

Plotting the proportion of plant species discriminated as D, U, 
or I at different probability levels offers a visual appraisal of the 
consequences of the observed pattern of agreement and allows for 
the selection of a probability threshold. Patterns of expected dis- 
crimination and expected discrimination under perfect agreement 
can also be graphically represented for comparative purposes. 
Expected patterns can be calculated by weighting the probability 
of observing any of the possible outcomes (Table 3) according to 
the observed pi’s and to the observed distribution of species 
across number of ratings. Estimates of the probabilities of occur- 
rence of D, U, and I classes (i.e., pi’s) were calculated from totals 
across species recorded for each of the 6 scenarios (see Table 4). 
Thus, p(D) for the No grazing scenario, for example, was estimat- 
ed as 0.21 (i.e., 212/989 from Table 4). The distribution of 
species across number of ratings is also shown in Table 4. 
Patterns of expected discrimination under perfect agreement can 
be obtained in a similar way; only rating combinations that would 
show complete agreement (e.g., O-7-0, 3-O-O) are considered in 
this case. These latter patterns represent the expected situation 
under perfect agreement which may or may not be the situation 
that would allow maximum discrimination among cases for a 
given probability threshold. 

p(D = 6, U = 1, I = 0) = 7! [(1/3)?6!] [(1/3)‘/1!] 
[(l/3)o/O!] = 0.00320 (11) 

which is the p value for a 6-1-O outcome as shown in Table 3. To 
obtain pD(b-1-o) (i.e., the probability of observing such an out- 
come or one more shifted towards the D class) it is necessary to 
add up the probability of observing even more extreme combina- 
tions of ratings. In this case, the only more extreme alternative is 
7-O-O which has a probability of occurring by chance (calculated 
using (9) as shown above) equal to 0.00046. Thus:-pD 6-1-u) = 
0.00320 + 0.00046 = 0.0037-as indicated in Table 3. A e same 
procedure would have to be applied to obtain pU(6-l-6). 
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Table 4. Distribution of ratings across classes (D: decrease, U: unaffected, I; increase) and distribution of plant species across number of ratings per 
species for 6 management scenarios in the Edwards Plateau (Texas). 

Scenario D 
ClaSS 

U I Total 
ratings 

7 6 
Ratin&pecies 

5 4 3 2 Total 
species 

No grazing 
Moderate 

grazing 
Heavy grazing 
No fire 
Winter/spring 

fue 
Summer/fall 

fire 

212 398 379 989 41 47 44 29 15 17 193 
162 592 233 987 40 49 42 30 13 20 194 

456 191 336 983 39 47 44 31 14 19 194 
34 254 226 514 15 17 29 36 41 138 

205 212 271 688 is 17 27 33 38 38 168 

208 158 57 423 - 9 13 20 32 40 114 

Results 

The 7 raters consulted produced a total of 4,584 opinions on 
198 plant species concerning response to cattle grazing (2,959), 
and response to fire (1,625). One rater did not produce judgment 
on either the No fire nor the Summer/fall fire scenarios. The mean 
number of ratings per species calculated across raters varied wide- 
ly with grazing scenarios almost doubling the number of ratings 
received by fire scenarios. This trend was consistent across raters. 
The distribution of species across number of ratings received was 
skewed toward opposite extremes in grazing vs. fire scenarios 
(Table 4). i.e., most plant species received comparatively higher 
numbers of ratings in grazing rather than in fire scenarios. 

The number of species involved in pair-wise comparisons was 
fairly variable, around 100 for grazing scenarios and half that 
number for fire scenarios (Table 5). Estimated pair-wise coeffi- 
cients of agreement were moderate for 2 scenarios (Heavy graz- 
ing and Winter/spring fire) and low for the rest (Table 5). The 
number of pair-wise K coefficients greater (P < 0.05) than 0 (out 
of 21 possible) was 14, 10, 18, and 21 for No grazing, Moderate 
grazing, Heavy grazing, and Winter/ spring fire, respectively, and 
4 out of 15 possible for both No fne and Summer/fall fire. None 
of the negative K coefficients estimated (4 in No grazing, 3 in 
Moderate grazing, 1 in No fire, and 4 in Summer/fall fire) was 
found to be different (P c 0.05) from 0. Fourteen out of 21 K 
coefficients not significantly different from 0 and 6 out of 7 nega- 
tive estimates in the grazing scenarios involved one particular 
rater. Within the grazing and fire scenarios, marginal disagree- 
ment (i.e., d) was negatively associated with K (Table 5). 

The hypothesis of no extra agreement in excess of that due to 
chance or baseline association between ratings (tested using like- 
lihood ratio statistics in the log-linear models) was rejected (P < 
0.05) in 16, 9, 14, and 19 pair-wise cases out of 21 for No graz- 
ing, Moderate grazing, Heavy grazing, and Winter/spring fire, 
respectively. That hypothesis was only rejected (P < 0.05) in 2 
out of 15 possible cases in both the No fire and the Summer/fall 
fire scenarios. 

For grazing scenarios, most of the agreement between raters 
(mean contributions rt S.D.) was due to agreement in D (0.28 f 
0.23 to 0.50 + 0.08) and I (0.41 + 0.07 to 0.47 f 0.09) classes 
with a lower contribution from agreement in unaffected species 
(0.09 * 0.12 to 0.28 + 0.20). Similar results were observed for 
Winter/spring fire, but for No fire and for Summer/fall fire there 
were significant contributions from the U class (0.34 f 0.09 and 
0.37 of: 0.17, respectively) and low contributions from D (No fire: 
0.12 + 0.14) and I (Summer/ fall fire: 0.14 f 0.17) classes. 

The proportion (* S.D.) of species classified as D by one rater 
and as I by another, in relation to the total number of species 
included in each pair-wise assessment, averaged 0.08 (+ 0.08) 
across scenarios and was generally low for each of the 6 scenar- 
ios. In contrast, 81% of the disagreement originated in compar- 
isons including the intermediate U class. The mean proportion of 
species classified in exactly the same class in pair-wise compar- 
isons ranged from 0.43 for No fire to 0.63 for Winter/spring fire. 

Results from the multiple-rater approach are shown in Table 6. 
Estimated coefficients were in general moderate to low with 
some examples of lack of agreement (negative point estimates 
that were not different from 0; P > 0.05). Agreement on assign- 

Table 5. Pair-wise analysis of agreement. Number of species invohwi in pairs (N), kappa coeficient of agreement (K), and marginal disagreement (d). 
Results are for 6 management scenarios in the Rdwards Plateau (Texas). 

Scenario 
No grazing Moderate Heavy grazing No fue Winter/spring Summer/fall fire 

n’ 21 21 21 1P 21 15* 

N Mean 112.0 106.4 105.3 47.9 56.6 34.7 
Rwse SO- 187 49-187 49-187 18-95 19-78 15-69 

K Mean 0.20 0.11 0.38 0.07 0.39 0.15 
Range -0.07-0.58 -0.09-0.28 0.084&l -0.01X1.29 0.2CM.67 -0.18-0.54 
S.D. 0.185 0.107 0.171 0.094 0.131 0.197 

d Mean 0.40 0.45 0.24 0.87 0.21 0.39 
Range 0.12-0.72 0.18-0.84 0.12-0.43 0.46-l .OO 0.00-0.52 0.00-0.74 
S.D. 0.160 0.197 0.091 0.167 0.152 0.237 

‘Number of values (is., N,K,d) included in the calculations of mean, range. and 
‘One of the experts did not produce opinion on No fm. nor Summer/fall tire. 

S.D. 
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Table 6. Kappa coefticients of multiple agreement (Km) calculated across number of ratings received per plant species (N). Results are for 6 manage- 
ment scenarios in the Edwards Plateau (Texas). 

No grazing 

N n’ K,*S.E. 

I 41 .22*.031** 

6 47 .19*.030* 
5 44 .23d41* 
4 29 .21d62* 
3 15 .20+.117 
2 17 .46*.174* 
:Number of plant species. 

Moderate 

n K,+S.E. 

40 06zt.035 

49 11*.047* 
42 llk.078 
30 08i.090 
13 -.14+.261 
20 -.13*.229 

Scenario 
Heavy grazing No tire Winter/spring Summer/fall fire 

n K,*S.E. n K,&E. n K,*S.E. n K,*S.E. 

39 .40+.044* -3 1.5 .53*.058* -3 

47 .4tkO32* 15 -.02i.O87 17 .39+.088* 9 .22+.143 
44 .33*.039* 17 -. lOi. 27 .31*.045* 13 -.04*.063 
31 .17+.054* 29 .03*.073 33 .24*.053* 20 1 Olt.084 
14 .16i.139 36 .03i.O97 38 .17*.070* 32 .19*.100 
19 .06*.065 41 -.17*.144 38 -.09zt. 132 40 .14*.134 

;Km greater(p < O:OS, than 0. 
One of the experts did not produce opinion on no fire or summer/fall tin. 

ments to individual classes showed similar trends to those 
observed in the analysis of contribution of different classes to 
pair-wise agreement. Among cases exhibiting significant agree- 
ment (Table 6), agreement on the D class varied from 0.21 
(Moderate grazing, 6 ratings) to 0.61 (Winter/spring fire, 7 rat- 
ings) with a mean value (+ SD.) of 0.39 (+ 0.127). For the I 
class, agreement varied from 0.12 (Moderate grazing, 6 ratings) 
to 0.71 (Winter/spring fire, 7 ratings) with a mean value of 0.33 
(k 0.156). Agreement on the U class ranged from -0.06 
(Winter/spring fire, 3 ratings) to 0.63 (No grazing, 2 ratings) with 
a mean value of 0.12 (+ 0.166). For Heavy grazing and 
Winter/spring fire, multiple agreement increased with the number 
of ratings received per species (Table 6). 

Expected and observed patterns of discrimination among class- 
es, according to the probability threshold selected, and expected 
patterns of discrimination under perfect agreement (i.e., when only 
combinations that show complete agreement are considered, e.g., 
O-7-0, 3-O-O) are shown in Figure 1. Observed patterns of discrim- 
ination for different scenarios can be compared with the corre- 
sponding expected patterns under chance agreement among raters. 
In all scenarios, the performance of the raters, in terms of propor- 
tion of species discriminated into classes, was above chance 
expectations for probability levels below 0.2 to 0.4 (Fig. 1). Only 
for the Heavy grazing scenario was discrimination consistently 
above chance expectations over the entire probability range. The 2 
scenarios with a maximum of only 6 ratings per species (No fre 
and Summer/fall fire) showed discrimination patterns close to 
(Summer/fall fire) or below (No fre) chance expectations at prob- 
ability levels above 0.3. A similar pattern was observed in the 
Moderate grazing scenario. For p < 0.2 the observed pattern of 
discrimination was about mid-way between chance expectation 
and expected discrimination under perfect agreement for all sce- 
narios, except for No fire and Summer/fall fire. 

Table 7 shows, for each scenario, numbers of species assigned 
to classes on the basis of setting the threshold probability value at 
0.15. Table 8 contains some classification examples. About 80 % 
of the species was classified in grazing scenarios in contrast to 
only 40 to 60 % in fire scenarios (fible 7). Species classification 
and associated probabilities should be interpreted in the context 
of expert opinion elicitation. An I classification with associated 
probability of 0.032 for whitebrush in the Moderate grazing sce- 
nario (first entry in Table 8), for example, means that the proba- 
bility of observing a group of experts agreeing by chance when 
classifying the species as an increaser under moderate grazing is 
about 3 in a hundred. Probability values in Table 8 also show that 
agreement was notably higher for grazing than for fire scenarios 
and fairly variable across species. 
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Discussion 

The kind of factual knowledge elicited and analyzed in this 
work is declarative (e.g., species A will decrease under heavy 
cattle grazing) as opposed to procedural (e.g., if there is heavy 
cattle grazing, then highly palatable caespitous tall grass species 
will tend to decrease; given that A is a highly palatable tall grass, 
it will decrease). The usual approach to expert knowledge utiliza- 
tion normally focuses on mimicking expert reasoning by develop- 
ing rules based on previously elicited procedural knowledge. An 
alternative approach for vegetation change prediction (Rodriguez 
Iglesias 1996) involves gathering declarative expert knowledge 
conditional on some situation of interest (e.g., different grazing 
scenarios) and deriving the “procedural rules” from ecological 
attributes of the plant species involved, conditional on the 
responses predicted by the raters (a constraint imposed by the use 
of classification trees). Thus, rules emerge from agreement on 
plant species responses and classification of plant species into 
ecologically meaningful response groups. Rules can then be 
checked against the raters’ procedural knowledge and available 
experimental results, and refined or updated as deemed necessary 
(Rodriguez Iglesias 1996). 

The nature of the expertise implicated in this kind of knowl- 
edge use requires close examination. For the purpose of this 
work, expertise was role-suggested and it was not tested before- 
hand. The reason for this is the same that suggested the use of 
expert opinion in the first place: lack of experimental and/or sys- 
tematically gathered comparative observational data on plant 
species responses. Thus, there are no standard sources against 
which experts’ predictions could be checked, as is usually the 

Table 7. Number of species classified when the probability threshold for 
agreement among experts is set to 0.15 (see text for further explana- 
tion). Results are for 6 management scenarios in the Edwards Plateau 
(T-.9. 

Class 
Scenario Decrease Unaffected Increase Unclassified’ 

No grazing 39 73 44 42 
Moderate grazing 24 32 101 41 
Heavy grazing 79 56 16 47 
No tire 3 57 39 99 
Winter/spring fire 39 54 25 80 
Summer/fall tire 49 2 23 124 
‘Species received less than 2 opinions, agreement between raters was below the selected 
probability threshold, or the classification was ambiguous, i.e., cumulative probability 
was the same for more than 1 class. 
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No grazing 

0.0 0.2 0.4 0.6 0.6 1.0 

Moderate grazing 

0.0 0.2 0.4 0.6 0.6 1.0 

Heavy grazing 

0.0 0.2 0.4 0.6 0.8 1.0 

Probablllty 

No fire 

0.0 0.2 0.4 0.6 0.8 1.0 

Winter/ spring fire 

4 

8 

0 * 

0 

4 
(n = 114) 

-1 

; -‘-- 

$T==?T% 

P--J 
P) 

h-.-. - - - - - 

0.0 0.2 0.4 0.6 0.8 1.0 

Summer/ fall fire 

0.0 0.2 0.4 0.6 0.8 1.0 

PmbabMty 

Fii. 1. Percent of species discriminated to chsses (decrease, increase, unaffected) at different probability levels for 6 management scenarios in 
the Edwards Plateau (Texas). Patterns shown are those expected by chance (dotted line), expected under perfect agreement (narrow-solid 
line), and observed (wide-solid line). Total numbers of plant species are indicated in parentheses. 

case in other domains (e.g., weather forecasting, financial analy- 
sis). In this context, agreement between experts is a necessary but 
not a sufficient condition to expect good performance for the eco- 
logical rules to be derived. 

The lack of readily available feedback from the experts’ 
domain has another important consequence. Bolger and Wright 
(1994) convincingly argued that judgment performance depends 
on 2 main characteristics: the degree of familiarity of the expert 
with the type of judgment she/he is being asked to produce and 
the likelihood of feedback which could be used to refine subse- 
quent judgment. The first characteristic is termed ecological 

validity and depends on the kind of questions asked. The second 
one is called learnability and depends on the nature of the 
domain. Domain and procedures involved in this work corre- 
spond to a scenario of high ecological validity, i.e., experts were 
familiar with the kind of task proposed, and low to moderate 
learnability, i.e., the possibility of refining domain models of 
plant species responses from repeated feedback are scarce and 
fragmentary. For this kind of scenario, the Bolger and Wright 
(1994) approach would predict poor to moderately good judg- 
mental performance in terms of accuracy and reliability. 
Unfortunately, there are no similar studies on plant species with 
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Table 8. Examples of species classification (D: decrease, U: unaffected, I: increase) and associated probability @) of arriving at the classitication by 
chance. Results are for 6 management scenarios in the Edwards Plateau (Texas). 

Common name 

No Moderate Heavy 
grazing grazing grazing 

Class p Class p Class p 

No tire 

Class p 

Winter/ 
spring fire 

Class p 

Summer 
fall fire 

Class p 

Aloysia gratissima (Gill. Whitebrush 
& Hook.) Troncoso 
var. gratissima 

Ambrosia artemisiifolia L. Ragweed 
Bouteloua curtipendula Sideoats grama 

(Michx.) Torr. var. 
curtipendula 

Croton dioicus Cav. Grassland croton 
Engelmannia pinnatij?da Engelmann daisy 
Nutt. 

Hilaria belangeri (Steud.) Curlymesquite 
Nash 

Juniperus ashei Buchholz Ashe juniper 
Opuntia lindheimeri Texas pricklypear 
Engelm. var. lindheimeri 

Panicum virgatum L. Switchgrass 
Prosopis glandulosa Torr. Honey mesquite 

var. glandulosa 
Quercus virginiana Mill. Live oak 
Schizachyrium scoparium Little bluestem 

(Michx.) Nash var. 
frequens (C.E. Hubb.) Gould 

Stipa leucotricha Trin. Texas wintergrass 
& Rupr. 

Tripsacum dactyloides Eastern wheatgrass 

I 0.068 I 0.032 

I 0.313 I 
I 0.004 u 

D 0.111 -’ 
I 0.013 u 

D 0.004 I 

I 0.032 I 
I 0.343 I 

I 0.030 D 
I 0.066 I 

U 0.080 I 
I 0.004 u 

I 0.343 I 

I 0.001 D 0.001 

0.080 
0.026 

0.333 
0.036 

0.032 

0.004 
0.013 

0.066 
0.030 

0.066 
0.093 

0.032 

I 0.013 

I 0.001 
D 0.036 

I 0.111 
D 0.004 

I 0.007 

I 0.004 
I 0.036 

D 0.001 
I 0.001 

I 0.066 
D 0.000 

D 0.100 

D 0.001 

I 

U 
I 

I 

U 

I 
I 

-1 
I 

I 
I 

U 

I 

0.010 

0.111 
0.030 

2 
0.062 

0.182 

0.001 
0.030 

0.333 
0.030 

0.066 
0.189 

0.182 

0.136 

D 

u 
I 

U 
D 

I 

D 
D 

I 
D 

u 
I 

D 

I 

0.189 

0.148 
0.000 

0.111 
0.169 

0.032 

0.000 
0.004 

0.004 
0.189 

0.059 
0.000 

0.189 

0.004 

-1 0.333 

’ 0.333 
u 0.080 

- -2 
U 0.481 

-’ 0.333 

D 0.001 
D 0.001 

I 0.169 
D 0.080 

-’ 0.333 
I 0.128 

D 0.313 

U 0.111 
(L.) L. 

!Classfication is ambiguous, i.e., cumulative probabilities are the same for more than 1 class. 
zSpecies received less than 2 opinions for the particular scenario. 

which to compare accuracy, reliability, or even observed agree- 
ment among experts. 

Agreement calculated using K coefficients (Tables 5 and 6) 
should be considered a lower limit for the possible agreement 
attainable in this domain for various reasons. Kappa coefficients 
ignore any ordering in the classes and, in this particular case, 
most of the disagreement originated in contiguous classes. In 
addition, there were no attempts to train the raters before submit- 
ting the questionnaires. As observed in Table 5, marginal dis- 
agreement accounted for an important portion of the lack of 
agreement between raters in most scenarios. Kappa statistics are 
very sensitive to marginal disagreement; given marginal disagree- 
ment, Conger (1980) reported negative estimated Km’s for ran- 
domly generated data. 

Training can improve distinguishability between classes (sensu 
Darroch and McCloud 1986) thus reducing marginal disagree- 
ment. However, training would be probably ineffective in some 
circumstances (e.g., No fire or Summer/fall fire) in which the 
problem seems to be lack of knowledge rather than lack of agree- 
ment. This is evident when comparing the distribution of species 
according to number of ratings in grazing vs. fire scenarios 
(Table 4) and the total number of species that received at least 2 
ratings (Table 4). 

Another factor contributing to low agreement, particularly in 
No grazing and Heavy grazing scenarios, was the judgment pro- 
duced by 1 of the experts. Figure 2 shows 2- dimensional repre- 
sentations obtained by multidimensional scaling of the 2 1 K coef- 
ficients corresponding to the n(n -1)/2 possible pair-wise combi- 
nations for n equal to 7. Scaling of the matrix of K coefficients 

allows two-dimensional representations of similarities in judg- 
ment among the experts. The dimensions indicated in Fig. 2 are 
synthetic variables that effectively summarizes the pattern of 
agreement emerging from the total number of dimensions 
involved (i.e., the 198 plant species). In spite of the generally 
high dispersion of the information, it is clear that one of the raters 
showed up as an important source of lack of agreement. This is a 
point of concern, although a majority consensus does not neces- 
sarily indicate that the dissenting rater is the 1 producing poor 
judgment. She/he may be using different but still legitimate crite- 
ria to discriminate among classes. It should be stressed that the 
kind of task proposed to the raters in this work not only requires 
knowledge on the subjects (i.e., range plant species) but also on 
their potential behavior under selected states of nature. This 
endeavor is more complex than, for example, identifying patholo- 
gies based on symptoms and signs in the medical arena. 

The overall pattern emerging from pair-wise and multi-expert 
analyses indicated that D and I classes justified most of the 
observed agreement. This, along with the marginal distributions of 
the expert opinion collected (Table 4), strongly suggests that the 
factors involved (i.e., intensity of grazing and season of burning) 
are indeed considered important sources of change in rangelands. 

Results from pair-wise log-linear analyses were in agreement 
with the patterns observed in pair-wise K statistics comparisons. 
A log-linear multi-rater approach was not feasible for the data 
sets included in this work due to a combination of size and 
sparseness of the classifications. In general in a multi-rater log- 
linear approach, models have to be fit to sparse data sets contain- 
ing m” number of cases, where m is the number of classes and n 
the number of raters. 
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-0.2 0.0 0.2 0.4 

DIMENSION 1 
Fig. 2. Bidimensional plots of multidimensional scaling distances 

calculated among 7 raters for 2 different management scenarios 
in the Edwards Plateau (Texas). Dimensions 1 and 2 summarize 
(d&)similarities among judgments for the complement of plant 
species considered. 

Interpretation of Figure 1 requires some background considera- 
tions. Expected patterns of discrimination under chance agree- 
ment among raters depend on observed probabilities of occur- 
rence for each class (i.e., pi’s), which varied for different scenar- 
ios (Table 4), and on the distribution of species across number of 
ratings (Table 4), also variable among scenarios. The proportion 
of species that can be discriminated is maximized for intermedi- 
ate probability values. This is due to the location of the probabili- 
ty threshold relative to the cumulative probability distributions. If 
this threshold is set close to 1, only a small proportion of species 
(i.e., those receiving a high number of agreeing ratings) would be 
discriminated. For the rest of the species, cumulative probability 
values would be below the threshold for all 3 classes. At interme- 
diate probability levels, the number of species that can be dis- 
criminated increases because more species can be unambiguously 
assigned to one class even with fewer numbers of ratings. As the 
probability threshold approaches 0, the proportion of species that 
can be discriminated decreases again because, for most species, 
the cumulative probability for any of the classes will then be 
above the probability threshold. 

Similar considerations are valid for interpreting observed pat- 
terns of discrimination. Skewed patterns (e.g., as in Moderate 
grazing or No fire) indicate that some extreme rating combina- 
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tions (e.g., 7-O-0, 6-O-O), which would allow species discrimina- 
tion at high and intermediate probability levels, are underrepre- 
sented. This means that the agreement observed in those scenar- 
ios was comparatively weaker than the agreement observed in the 
Heavy grazing or Winter/spring fire scenarios. The range of low 
probability values is the most relevant because the lower the 
probability threshold chosen, the higher the confidence in a cor- 
rect classification. For a fixed number of raters, there is a trade- 
off situation in which the objective is to maximize the number of 
discriminated species, conditional on a certain confidence in the 
classification performed. For the collected data set, threshold val- 
ues below about 0.20 would be the ones to be considered for any 
scenario (Fig. 1). Thus, choosing a probability threshold between 
0.1 and 0.2 would be a reasonable compromise between maxi- 
mizing the number of classified species and minimizing uncer- 
tainty in the agreement-based classification (Fig. 1). More agree- 
ment among experts or the use of more experts of similar ability 
(i.e., of comparable competence at distinguishing among classes) 
would allow an increase in confidence (i.e., similar discrimina- 
tion at lower probability levels) or in the proportion of classified 
species (i.e., better discrimination capabilities for a fixed proba- 
bility threshold). 

Discrimination at low probability levels was generally weaker in 
fire than in grazing scenarios. This was due in part to lack of 
agreement (e.g., No fire or Summer/fall fire scenarios; Fig. 1) but, 
more generally, due to lack of knowledge (see marginals in Table 
4). Not surprisingly, agreement among raters was better (Tables 5 
and 6) and pattern of agreement more consistent (Fig. 1) when 
scenarios were most familiar to the experts, like heavy cattle graz- 
ing and winter/spring burning. It is not clear whether the lack of 
agreement in Moderate grazing (Table 5; Fig. 1) resulted from dif- 
ficulties in distinguishing the intermediate U class (presumably 
more frequent in this scenario) from the other 2, or from disagree- 
ment on the consequences of moderate grazing. Agreement on the 
U class in the Moderate grazing scenario (0.28 2 0.20; mean con- 
tribution +- S.D.) was relatively low and marginal disagreement 
was relatively high (Table 5). This suggests that lack of agreement 
probably resulted from different views on the consequences of 
moderate cattle grazing or on what every expert considered “mod- 
erate” grazing. Specific applications will indeed be more restric- 
tive in terms of type of vegetation considered and more precise in 
the definition of possible scenarios. These conditions can be 
expected to produce more homogeneous marginal distributions of 
ratings, possibly improving agreement. 

In spite of the limited number of species successfully classified 
in the fire scenarios (Table 7), 2 trends are worth noting. Only 
very reduced numbers of species are classified as either decreas- 
ing under No fire or unaffected under Summer/fall fire. The first 
trend seems to indicate that the absence of fire is visualized as a 
generally permissive condition for increases in plant species 
abundance. The contrast in the number of species classified as U 
in Winter/spring fire and Summer/fall fire, on the other hand, is 
probably a reflection of the widely held opinion that 
winter/spring fires involve less energy generation (i.e., they are 
“cooler”) than summer/fall fires. 

Landis and Koch (1977) proposed a majority rule to differenti- 
ate cases according to agreement. The cumulative probability 
approach developed in this paper differs from a majority rule in 2 
important aspects. It accounts for the ordinal nature of the infor- 
mation and, given a selected probability threshold, it provides an 
objective criterion for classification. 

JOURNAL OF RANGE MANAGEMENT 51(3),May 1998 



One important caveat relative to the use of declarative expert 
information is the degree of common knowledge. Experts usually 
draw knowledge from common sources and reasoning by analogy 
with the case of a statistical linear model, it is easy to visualize 
that this should induce some degree of correlation among expert 
judgments. The log-linear approach used in this work accounts 
for such a baseline association, but the trinomial model proposed 
for species classification assumes that opinions from different 
raters are independent. This may inflate confidence in the classi- 
fication, or induce unwarranted discrimination among classes in 
some plant species. However, bias is not to be expected because 
the effect (if any) would be spread throughout the classification. 

Conclusions 

l Low to moderate agreement on plant species responses to cattle 
grazing and fiie was observed among 7 experts familiar with 
vegetation processes in the Edwards Plateau (Texas). This is in 
agreement with the low learnability of the domain. 

l Agreement was better and pattern of agreement more consistent 
when scenarios were most familiar to the experts (e.g., 
winter/spring burning). 

l The use of different criteria for distinguishing among classes 
(i.e., different marginal distributions) seems to be a significant 
source of lack of agreement. 

l Marginal disagreement could be reduced with training and it 
can be expected to be less significant for more specific (i.e., 
local) scenarios and vegetation compositions (i.e., on simplified 
domains). 

l Lack of information, rather than lack of agreement, seems to be 
the cause for the poor agreement observed in No fire and 
Summer/fall fire scenarios. 

. A procedure was developed that uses cumulative probability 
distributions to establish an objective criterion for identifying 
agreement among experts in ordinal scale. Graphical represen- 
tations help to understand and evaluate relationships between 
the number of expert sources and their ability to distinguish 
among classes for a previously chosen accuracy. 

Research and Management Implications 

We emphasize that agreement rather than expertise was evaht- 
ated in this work. Feasible methods are needed to facilitate the 
evaluation of expertise in a domain characterized by moderate to 
low learnability. 

Expert judgment, standardized in a meaningful format, can be a 
viable alternative for knowledge acquisition when field trials or 
surveys are not cost-effective (Kadane et al. 1980). This kind of 
information could also be used to identify research/survey needs, 
to characterize areas of (dis)agreement in plant species behavior 
(e.g., Table 8) that may require special attention, traits associated 
with plant responses, and/or factors affecting responses. The use 
of declarative expert knowledge would be particularly helpful to 
fill information gaps on comparative attributes which are expen- 
sive or difficult to evaluate experimentally (e.g., this work, 
Phillips et al. 1996, Rodriguez Iglesias and Kothmann 1998). 
Opportunities for refining domain models from repeated feedback 
are scarce and fragmentary. This situation should encourage an 

integral use of domain knowledge including, although not limited 
to, the elicitation of expert opinion from qualified individuals. 
New ways of reducing uncertainty should be explored including 
the use of subjective probabilities incorporated as prior informa- 
tion destined to be updated as the knowledge base becomes 
enriched with new experimental/survey data. In a more general 
way, empirical approaches based upon expert information may 
prove valuable in providing management decision support where 
such information would be difficult or unfeasible to generate 
from purely experimental alternatives. 
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