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On richness and evenness within and between communities 

Martin A. Buzas and Lee-Ann C, Havek 

Abstract.•Although there is extraordinary interest in the quantitative measurement of species di- 
versity, published statements on the behavior of the components of species diversity are contra- 
dictory and load to opposite conclusions. In this paper, we demonstrate that the confusion is due 
to two key oversights: (1 ) whether or not biological sampling; is carried out within or between com- 
munities; and (2) determination of the statistical distribution underlying a biological community, 
which is crucial for the evaluation of all of the components of diversity measurement. 

The problem of sampling "within" a population or comniunily is basically distinct from the 
equivalent integration of structure and diversify nieasurement "between" differing multispecies 
populations. "VVithin-comniunity sampling" is defined as a set of biological samples from a sta- 
tistical population that has a particular statistical distribution or a constant value for the associated 
parameter(s). As the number of individuals increases along with the number oí species, for a log 
series distribution, the diversity measures of Shannon's H, log series or I'isher's a, and Simpson's 
Index l/\ remain constant while the evenness measures of Bvizas-Cibson's li and I'ielou's/decrease. 
For a log-normal distribution, / will remain constant while /.' decreases and a, 1 /X, and H increase. 
No single measure of evenness remains constant over all statistical distributions, so if constancy 
as a type of independence is required, the appropriate dishibution must first be determined, liacii 
species ensemble is mathematically fixed by the applicable statistical distribution. 

hi contrast, "between-community sampling" is ciefined as a set oí biological samples from dif- 
ferent statistical distributions and/or the same distribution with differing parametric values. If 
sampling is between communities and S increases while the number of individuals remains con- 
stant, then all the other measures considered here increase. The exception is the broken stick, for 
which E ren\ains constant while H, ], c<, and \/\ increase. 

Herein we propose and justify the use of the log-series distribuliim (with regression on the in- 
formation decomposition equation) as a null model for determination of communily structure and 
denionstrate that the community structure of a Miocene bed at Calvert Cliffs, iVlaryland, is a log 
series by use of this new unified niethodologv. 
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Introductioii 

In a biological multispecies community of S 
= (S|, Sj, . . ., sj species with total size of N 
individuals, the focus of both ecological and 
paleoecological fesearch is often on the pro- 
portions called relative abundances of each 
species. The relative abundances of species are 
denoted by p, = «,/IV, each being the number 
of individuals within species divided by the 
total number of individuals in the community. 
It is most usual in diversity studies to rank 
these relative abundances from most to least 
abundant and list or table these data into a 
TOW or column to form a vector p. The rank of 
p is S, the species richness, tîr when N is ob- 
tained within a fixed area or volume, S is the 
species density (Simpson 1964; Magurran 
1988). Before statistical methods were avail- 

able to ecologists, S was plotted against N (or 
area or effort). Most often for current exposi- 
tion and estimation purposes, N is not used 
directly with S but the focus is instead upon 
the species abundance and the set composed 
of the number of species represented by r in- 
dividuals ¡nj in the sample (Willis 1922; Fish- 
er et al. 1943; Anscombe 1950; Engen 1974; 
Taylor et al. 1976). However, in this formula- 
tion it remaifis clear that the total number of 
species obtained, S, must be a function of the 
number of individuals sampled, N. Although 
other variations such as order statistics have 
been used (MacArthur 1957), the distribution 
of the number of species with r individuals 
depends strongly upon the originally ob- 
tained abundances (May 1975) and it is this 
"frequency of frec]uencies" distribution tliat 
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has been fit with a variety of statistical distri- 
butions for ecological purposes (e.g.. Fisher et 
al. 1943; Preston •J948; Brian :1953; May 1975). 

Clearly, the relative abundances form more 
than merel)' a list of values. yVs components of 
the vector p the {p,} can be described by or can 
be said to have some statistical distribution. 
Because this is true, every measure or index of 
both diversity and evenness, whose formula 
uses the quantities p,, will have its values and 
range affected by this underlying distribution. 
That is, the functional relationship with both 
N and S of diversity as well as evenness mea- 
sures will depend upon the pertinent statisti- 
cal distribution for the vector p. Thus, any 
particular such measure ma)' have its range 
restricted or expanded, or exhibit drastic 
changes, or indeed remain constant, depend- 
ing upon the distribution underlying p. This 
fact appears to be recognized for diversity 
measurement (May 1975; Ulrich 2001) but not 
so clearly for the consideration of evenness 
(e.g., Tokeshi 1993; Bulla 1994; Camargo 1995; 
Bastovv et al. 1999). In this paper we focus on 
the measurement of evenness and delineate 
specific distribution-dependent interrelation- 
ships with relative abundances and evenness. 

Conceptual agreement exists on the maxi- 
mum and minimum possible evenness for a 
multispecies community whereas measures to 
consider the interval between these extremes 
using deviations from uniformity have been 
the source of confusion. Although dependen- 
cy upon distribution is a given for all of the 
most common such measures, empirical in- 
vestigations still persist and authors of many 
empirical studies continue to exhibit surprise 
at their own, presumably confounded, results 
based upon both devised and actual data sets 
with unknown distributional properties (see, 
e.g.. Smith and Wilson 1996; Stirling and Wil- 
sey 2001; Weiher and Keddy 1999). Further- 
more, values of measures and indices can vary 
across communities while adhering to the 
same distributional family, yet exhibiting dif- 
fering parameter values such that some au- 
thors beheve that most or all indices are sam- 
ple-size dependent (e.g.. Hill 1973; Gray 2000) 
while others advocate a form of independence 
(Smith and Wilson 1996). Indeed, it is a math- 
ematical fact that no measure of evenness can 

have all of these proposed properties (e.g., 
sample size independence, rare species ad- 
justments, among others) as f^outledge (1983) 
proved. Herein we shall elucidate the circum- 
stances under which each of these measures 
has identifiable and well-defined but distinct 
properties for sampling either within or be- 
tween conimunities. 

As discussed above, establishing a relation- 
ship between the richness S and total com- 
munity or sample, or number of individuals N, 
while gratifying, is only an initial part of the 
diversity problem. Because all species in a 
community do not equally utilize the niche 
hyperspace, some measure of the importance 
of each species is desirable. Further, because 
measurement of productivity and biomass is 
often difficult or impossible, the relative abun- 
dance of species is most often used as a mea- 
sure of species importance. The relative abun- 
dances, or jjj's, are of course the components 
of the vector p. To discern whether or not the 
p vectors for the individual taxa and/or en- 
vironments display recognizable patterns is a 
fundamental goal of diversity studies. The 
distribution of the number of individuals in 
each species over the community of S species 
has been a focal point for biodiversity study. 
We shall review the three most commonly fit 
distributions and present, with illustration, 
the definitive properties of the diversity and 
evenness measures identifiable for each distri- 
butional situation. 

Popular Diversity Measures 

In 1943 Fisher et al. derived the single-pa- 
rameter log-series distribution. This distribu- 
tion has proved to be one of the, if not the, 
m.ost popular and widely applicable for expla- 
nation of species relationships (e.g., Williams 
1953; Brian 1953; Buzas et al. 1977; Kempton 
1979; Hughes 1986; Izsak and Hunter 1992; 
Buzas and Culver 1999). If the log series can 
be shown to fit the individual within-species 
data, then with only the observed values of N 
and S from the field data, the single parameter 
of this distribution, a, can be calculated or 
read from a table (Hayek and Buzas 1997). 

Unlike species ridiness, which increases as 
we observe more individuals, for any partic- 
ular log series or selected value of its param- 
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PICURE 1. A semilog plot of S and N for a log series 
with an a = 10 and expected value of the ¡nformalion 
function, E{H) 2.S8. Values of £ ~ e"/S are .shown .it 
eiiiht values of iV and S. 

eler, the parameter a remains constant re- 
gardless of the number of individuals (Fig. !)• 
Therefore, in this sense one can say that be- 
cause a remains constant the parameter of the 
log series is "independent" of N. As Fisher 
suggested, a has become a reasonable mea- 
sure of diversity because of this property. 
When used as a diversity measure this param- 
eter has been advocated for data with an un- 
derlying log-series relationship (Fisher et al. 
1943; Taylor et al. 1976). However, because 
ecological data do not conform consistently to 
a single distribution (Gray 1987; Peters and 
Bork 1999), a has also been used as a diversity 
index when the distribution is either unknown 
or known not to be log-series distributed (e.g., 
see Wiens et al. 1996). 

The information function (Shannon 1948) H 
= •X Pi\n{p¡) came into common iise because 
of the multiplicity of distributions that are 
possible for describing p. Because H incorpo- 
rates both the p¡ values and S, the value of H 
may vary greatly for multiple samples with 
equivalent numbers of species but different 
species proportions. It is this variability we 
address below relative to each distribution. 

Alternative measures of evenness have been 
proposed (e.g., Pielou 1966; Buzas arid Gibsorv 
1969; Engen 1974; Smith and Wilson 1996; Ul- 
rich 2001), each relying upon the most or least 
even case, yet a clear definition of unevenness 
remains elusive. Here we consider evenness as 
correlate or measure of the dispersion of the 
distribution of [n,]: the less even, the more rare 
species•so  that,  in  essence, evenness is a 

transformation of distributional deviation. Be- 
low we shall outline methodology for fittiirg 
reference distributions to p. We shall present 
properties of the most common measvires for 
biodiversity study as each is limited or de- 
fined for the three most widely used of the fit- 
ted distributions. In turn, we elucidate differ- 
ences in application when sampling or obser- 
vation is within or between communities, and 
finally we use results on our exemplar data 
sets to examine distributiori, evenness, and 
community structure. 

Fitting Distributions to Diversity Data 

The distribution of the relative abundances 
{p¡\ must be known in order to know the prop- 
erties of measures for diversity (Ulricli 2001) 
and evenness. If data from a natural popula- 
tion conformed exactl}' to some statistical dis- 
tribution, or even multiple such distributions, 
we would be well served with theoretical de- 
scription. However, each data set provides an 
error-prone picture of the multispecies com- 
munity because a sample is never a perfect re- 
flection. Thus, it is popular to perform good- 
ness-of-fit tests with conventional statistical 
tools. Such tests each have their disadvantages 
(Engen 1974) and no one method nor possibly 
an}' such method will provide a definitive an- 
swer for a researcher. We outliiie below the 
usual as well as an alternative approach to 
identifying the distribution that can best de- 
scribe p. 

Goodiicss-ofFit with Frequency I'crsus Dislri- 
bution Function.•Deviation from the hypoth- 
esized frequency or density distribution is 
what most envision when discussing good- 
ness-of-fit. The frequency function or frequen- 
cy distribution is a specification of the pattern 
of frequencies and how they are distributed 
according to the values of the variable of in- 
terest. For observed diversity data this speci- 
fication may be a table, histogram, or list with 
categories/groupings/bins. Follcnving this 
summary, a conceptual distribution is fit by 
some statistical method and test for fit is per- 
forrned. Goodness-of-fit usually is measured 
by a criterion that depends upon the squares 
of the differences between observed and the- 
oretical values. When a criterion attains a min- 
imal value the fit is said to be "best." There is 
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a variety of such tests (e.g., chi-.square, Kol- 
mogoroff-Smirnoff, Anderson-Darling) but 
each criterion is devised under differing con- 
straints so that the test results over criteria 
may be neither consistent nor comparable. Es- 
pecially when more than one theoretical curve 
is to be tested, say log series versus log nor- 
mal, there is no absolute choice of method by 
which to make the ultimate decision. 

Uniquely related to each statistical density 
or frequency function is its distribution func- 
tion. This function or curve is the graph of the 
cumulated frequency as the ordinate against 
the varíate value as the abscissa. For diversity 
purposes, this distribution is the total fre- 
quency of species with number of individuals 
as the variate with values less than or equal to 
some numerical .T-vahie. When standardized 
to unit area, the distribution describes the 
proportion of species with values of observed 
individuals less than or equal to some num- 
ber, X. 

For field data there are two choices. On the 
one hand, samples may be analyzed singly 
(e.g.. Gray 2000) and we can calculate a diver- 
sity index with or without an evenness mea- 
sure. Alternatively, data can be added togeth- 
er sample by sample; that is, data may be ac- 
cumulated over time or space (e.g., Murray 
2002; Osterman et al. 2002). hi this latter case, 
we can calculate diversity and evenness mea- 
sures at each step in the accumulation. This 
latter method yields an ordered list of increas- 
ing or decreasing index values such that a lim- 
iting value for these indices will be ap- 
proached; the more numerous the sample val- 
ues, the more closely the limit is approximat- 
ed. This distribution t'unction apprt^ach 
(Hayek and Buzas 1997), combined with the- 
orems from information theory, is used for I'il- 
ting distributions to diversity data. 

Observed liiforniatioii ïvrsiiH Expected Value.• 
Although Shannon's H is widely used in di- 
versity study as an index, its grounding in 
physics and information theory has not been 
fully utilized by ecologists and paleoecolo- 
gists. Indeed, the terms entropy, uncertainty, 
and information are subject to vast misunder- 
standing. Shannon first gave the basics of in- 
formation theory a probabilistic basis. He suc- 
ceeded in developing a usable measure of the 

information we get from the occurrence of an 
event, having probability p. For our present 
work, given our discrete distribution p = (f,} 
in which each probability or proportion is 
positive with sum of 1, we can define the en- 
tropy of a distribution to be the expected value 
of (Boltzmann-Gibbs-Shannon) information 
//. It is important to recognize that our defi- 
nitions of information H and entropy as ex- 
pected value of information E(H) are uniquely 
related to the distribution of p. Thus, the in- 
crease, decrease or change of any of these in- 
ter-related measures can only become under- 
standable when the distribution p is specified. 

The formulas foi' the entropy of the three 
most commonly applied distributions are 
known (Bulmer 1974; May 1975), and the Hayek 
and Buzas (1997) methodology based upon 
distribution functions uses this entropy as a 
limiting form. However, although this distri- 
butional entropy is unique, its use as a limit 
would not identify the best distribution to fit 
without some added facts. As the data are ac- 
cumulated o\'er space or time the pattern of 
the distribution function or the community 
structure is shown to emerge and each such 
pattern can also be determined uniquely. 

It is hardly surprising that many of the con- 
ceptual and methodological problems of 
physics, the oldest of the c^uantitative sciences, 
have become important in more recently de- 
veloped fields. The distiriclion between infor- 
mation and entropy is one such problem, 
which even Shannon admitted. In our ecolog- 
ical formulation, information is not entropy, 
nor is it uncertainty (Schneider 2003). Infor- 
mática as calculated on the observed N and S 
data is a measure of the decrease in uncertain- 
ty at the coiTimunity or population level from 
that of the sample level. That is, decrease in 
uncertainty is gain in information. Entropy as 
expected value of information, E(H), is a mea- 
svire related to the randomness within the 
community. Whereas in communication the- 
ory we could evaluate information ¡i both be- 
fore and after signal reception, or H from the 
source and H from its receiver, in ecology, be- 
cause of Shannon's probabilistic derivations 
we can evaluate the expectation, E{H), or the 
H for a theoretical distribution and an ob- 
served H as it approaches its limit based upon 
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the sampled population. Thus, we examine 
the pattern of this decrease in uncertainty (as 
changes in the values of observed H) as we ac- 
cumulate samples successively. Each such pat- 
tern is associated uniquely with sonic statis- 
tical distribution whose entropy is known and 
detectable as a limiting value from the accu- 
mulation table. 

Using conditional probabilities and statis- 
tical marginal-distributional theory for the 
discrete entropy case. Buzas and Hayek (1996) 
provided the general solution that decom- 
posed H into its maximum and an additive re- 
sidual related to the distribution's dispersion. 
That is, residual £ = //,•,• H• ..... This re- 
sidual is a measure of evenness as defined 
above. Shannon understood this distinction 
and called the subtracted quantity "equivo- 
cation." For our present application, the resid- 
ual defined as distributional evenness allows 
for a loss of information from £(H), the entro- 
py as defined for a particular distribution p, 
to the maximum evenness for the sample from 
that distribution, or ln(S), the natural log 
(log,,[S]) of S. Clearly then, the allocation of in- 
dividuals within species, its evenness or 
spread, is the commonality across multispe- 
cies communities that keeps such a commu- 
nity from attaining its maximum, £(H). 

The decomposition equation can be rewi'it- 
ten to decompose any // from an observed 
data set into its separate components for ricli- 
ness and evenness as follows: H = In S + In E. 
Thus, it is possible to compute this separation 
of the index Í/ into its maximum for a given 
data set (ln[S]) and a residual (ln¡£]) that can 
be evaluated without regard to a particular 
conceptual distribution. Indeed, the index H 
has been applied to data sets representative of 
multiple or mixed conununities, a fact that has 
introduced erroneous conclusions and inter- 
pretative error. fTowever, when a particular 
distribution is relevant and known to be de- 
scriptive of p, the degree of ecological clarifi- 
cation is raised and its conceptual properties 
most clearly understood. For diversity study 
the need is to define quantities germane for 
the particular community under study, not 
merely to calculate isolated indices without 
regard to inter- or intracommunity character- 
istics. Thus, this information-based method- 

ology can provide a total community synthe- 
sis and explanation. 

An important aspect of this information 
theory-based approach is that when indepen- 
dent systems or separate communities are 
combined into larger groupings of taxa, the 
entropy of the combined system is the sum of 
the entropies of its component parts. Tlius, af- 
ter specifying properties of each diversity and 
evenness measure for each of the three distri- 
butions, we shall center otn- discussion and ex- 
amples upon the dangers of conl'using sam- 
pling that occurs within and sampling that oc- 
curs between communities. We shall examine 
the measures under each sampling condition 
as well. 

The Log-Series Distribution and Properties 
of Diversity Components 

Bui mer (1974) showed that for the log-series 
distribution unique statistical entropy is given 
by Eili) = ln(a) + 0.58, where 0.58 Is Euler's 
constant. When sampling from within a single 
community for which p is log series distrib- 
uted (that is, there is a single value for param- 
eter a), it should be clear from that equation 
that this value of H must be a numerical con- 
stant. Notice also that for any data set fit by a 
log series the value of a and the value of H dif- 
fer only by a transformation. Thus, if we know 
we have log series distributed data, then both 
diversity measures, a and H, will be constant, 
and certainly the selection of one over the oth- 
er is irrelevant. 

Hill (1973) showed that ln(l /A) = H + con- 
stant, where X is Simpson's (1949) well-known 
index S/),-. Because H is constant for a log se- 
ries. Hill's equation clear!}/ reduces to the fact 
that ln(l/X) and, in turn, Simpson's X. itself 
must also be a constant. K4ay (1975) stated that 
H = In(l/X) 4 0.58, and a comparison of this 
with Hill's formulation tells us that 1/X 
equates with the log-series parameter a. 

Note here that the use of the information 
function /-/ has been criticized (e.g., Magurran 
1988; Gray 2000) for holding constant and 
thus allegedly not providing knowledge of di- 
versity. In fact this constancy provides great 
insight; it can identify the distribution de- 
scribing the community structure (Hayek and 
Buzas 1998) within a commrmity or popula- 
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tion. Surprisingly, this same criticism appears 
not to have been made against \ or a, yet they, 
too, are constant for this distribution, and use 
of any one of tliese three measures provides 
an equivaient evaluation of diversity for log- 
series-distributed data. 

Not only is it true that entropy decreases in 
a closed system, but because E{H) and a are 
both constant for log-series-distributed data, 
any increase in species S that ¡s experienced 
over sampling time or space must be accom- 
panied by an exactly equivalent amount of de- 
crease in the residua! or evenness. This latter 
fact is evident froni the decomposition equa- 
tion. 

Fisher et al. (1943) showed that another ad- 
vantage of the log-scries distribution is that 
any sample is also distributed as a log series 
with the same parameter value. As Figure 1 
shows, for log-series-distributed data with a 
= 10, £(/•/) is always 2.88 regardless of which 
values of N and S we observe or select. Also 
from Figure 1 we can see that when N = 200, 
S = 30, evenness £ = 0.59, but by the time we 
have reached a sample size of N = 4000, S has 
doubled and E has been halved. Tliis illus- 
trates that for log-series-distributed data, ac- 
companying any unit increase in In S will be 
a unit decrease in In E. The Buzas-Gibson £ is 
the measure of evenness we use to illustrate 
the concept with the log series. However, as 
we consider other distributions we shall show 
intrinsic relationships between our residual 
value iH•,.,^ • //•hsiTvi-d) '"''d the formulas for 
other common evenness measures. Clearly, 
within a log series with a particular value of 
a, E is an exact (one-to-one) inverse measure 
of richness. 

For the log series, the relationship between 
N and S is semilogarithmic. In the exact log 
series shown in Figure 1. A linear regression 
of In S against in £ yields In S = 2.85 - T02 
In E, R'^ = 1.00. This is an example to show that 
for a log series we can write a predictive equa- 
tioii: In S = H + ( •1)Ln £. That is, the constant 
(intercept) is always an estimate, H, of the in- 
dex //, and the slope is approximately equal 
to J.OO. The slope of the line is another indi- 
cator of the exact reciprocal relationship of 
richness and evenness for log series. When the 
distribution is log series we predict a unit de- 
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FiGURF 2. A log-log plot <jl' 5 and ¡V for j log-normal 
with I = In S/ln N = 0,60 and / = H/ln 5 = 0.80. Vdlue.s 
of E = i^"/S .ire shoivn cit eight Vdliies of N «ind 5. At each 
of th« fight point.s H = O..SÔ In S. 

crease in In £ for any unit increase in In S. 
Thus, when sampling from a single biological 
community distributed according to a log se- 
ries, for any observed N and S values and for 
any sample size, we can easily write an exact 
equation to pretlict the indices H anci £ and 
the richness S. 

Two final observations for the log series are 
pertinent. First, if we regress S against In N, a 
semilog plot, the slope of the regression line is 
an estimate of the parameter a. Second, if we 
express Fielou's index / in relation to 11, we ob- 
tain t! = / In S. Because this is true, as we ob- 
serve an increase in richness S, then / will de- 
crease for any log series. 

The Log-Normal Distribution and 
Properties of Diversity Components 

N and S have a perfect log-log relationship 
when the distribution is exactly log normal. In 
Figure 2 we plot In S against In ZV and define 
the relationship to have a constant ratio. We 
illustrate this both to select just one such dis- 
tribution from the log-normal family and to 
indicate perfect fit in a quantitative way. The 
ratio was called iota by Hayek and Buzas 
(1997) and here L = 0.6, which produces re- 
sults in the same sample space as those in Fig- 
ure 1 for our log series. The regression pic- 
tured in Figure 2 is In S = 0.60 In N, with an 
R' = 1.00. Unlike the log series, this figure il- 
lustrates that the indices a and H both in- 
crease with increasing values of N and S for a 
log normal. Although May's (1975) equation 
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related H and Simpson's index for the Jog nor- 
mal, the constant depends upon both In S and 
the pnrameter of the log normal as well as oth- 
er quantities. 

For the log-normal distribution with pn- 
rameter 7 < 1, May (1975) gave the entropy as 
E(H) = (1 ~ y-) In S. From the formula, there- 
fore, the entropy £'(H) must increase as In S in- 
creases. As above, when the formula foriiidex 
/ (Pielou 1966) is rewritten as H = / In S by 
comparison Pielou's/ = (1 - 7^). Furthermore, 
Hayek and Buzas (1997) derived the more us- 
able formula: j = 1 + In £'/ln S. These authors 
also noted that because the parameter 7 is con- 
stant/ both / and In £/ln S must also be con- 
stant for the Jog normal. In turn, for a log nor- 
mal, to maintain a constant ratio of In E/ln S, 
evenness, £, will always decrease but the de- 
crease will be less than the equivalent de- 
crease for a log series' evenness. Thus for any 
log normal, the residual or evenness must de- 
crease linearly with increasing richness but 
the rate of increase will be less than that for a 
log series. In addition, / will be constant for a 
log normal and a will increase with increase 
in ridmess. 

For the log normal we do not have the same 
simple relationships we do with the log series. 
However, when we fit either a log series or a 
log normal to data, as we increase sampling 
effort or find more individuals (A' increases), 
then richness increases and, consequently, 
evenness decreases. When iV is accumulated 
from samples taken over space or time, a log- 
log plot of In S or In £ against In N is always 
linear for large or representative values of N. 
The slope of In S versus In N will be positive 
and the slope of In S against In E will be neg- 
ative. For w i thin-population determination of 
con^munity structure or identification of an 
underlying statistical distribution from the 
data, the most important characteristic is this 
log-linear relationship of iV, ridiness and even- 
ness. When this relationship is recognized, we 
can use information-based methodology to 
evaluate the structure of the observations. 

The Broken Stick Distribution and 
Properties of Diversity Components 

Although this distribtition is not often en- 
countered in nature, it is well known and pro- 

vides us with a third member of the negative 
binomial family (Brian 1953; Hayek and Buzas 
1997). The relationship between N and S is 
strictly arithmetic for a broken stick distribu- 
tion. For the broken stick distribution. In £ will 
remain constant and will not decrease with in- 
creasing In N or In S. May (1975) gave the for- 
mula for the entropy of the broken stick as 
£(//) = In S - 0.42. For S < 100, Buzas and 
Hayek (1996) determined that a constant of 
0.40 gave a better estimate. Comparison of this 
entropy formula to the decomposition equa- 
tion shows that for the broken stick In £ is the 
constant •0.40. In turn this relationship pro- 
vides us with a constant value for this distri- 
bution's evenness of E = 0.67. Thus, as S in- 
creases, the value of H will increase, while 
evenness will remain constant. Using iMay's 
(1975) formula relating H and \, we obtain H 
= ln(]/\) + 0.27. Our simulations show that 
0.25 is more suitable for most sampling. How- 
ever, if we then compare this with the decom- 
position equation we see that as 1/X increases 
and accordingly Simpson's X decreases, then 
calculated a will increase for a broken stick 
distribution on p. 

In addition, because we have / = (1 + In £/ 
In S), if In E remains constant while In S in- 
creases, / also will increase, bvit only slightly. 
A comparison of the log series and the broken 
stick can be made via consideration of the 
most abundant species, which has in itself 
been suggested as a diversity measure (Berger 
and Parker 1970). For the log series the largest 
relative abundance, /;, is estiniated by In u/u. 
However, for the broken stick p^ ~ In S/S. 
Thus, the reason for the mythical evenness of 
the broken stick becomes more evident. As 
sample size increases, and richness increases, 
peak abundance decreases for the broken stick 
but not for a log series, in which abundance 
remains constant. So, as Table 1 clearly shows, 
because properties of the indices are function- 
ally related to the distributional properties of 
p, no single measure can be all things or sat- 
isfy all concerns for all researchers. 

Choice of a Base or "Null" Model for 
Evaluating Community Structure 

We have now considered three relationships 
between N and S; log-log, semilog, and arith- 
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metic. For each we have been able to deter- 
mine (i) the most appropriate distribution for 
describing the vector p, and (2) deterministic 
properties of and interrelationships among 
the commonly used diversity and evenness 
measures. We have illustrated that these mea- 
sures are intrinsically related within each dis- 
tributional setting and that selection of any 
one particular measure to evaluate diversity 
or evenness does not necessarily provide the 
unec|uivocal information the researcher ex- 
pects (e.g., //, a, and 1/X provide equivalent 
information for any log-series-distributed 
data). Using these determinations we propose 
a null model scenario to be used as a basis for 
comparison with regression models for the 
data (Table 1). 

For any single biological population or com- 
munity we have shown some of the basic 
properties that are determinable once it is 
clear that p has a particular distribution. Us- 
ing regression with data from Figures 1 and 2, 
it should be clear for In E and In N that both 
regressions are strictly linear. For the log-se- 
ries data set In E = 0.60 - 0.22 In N, whereas 
for the log-normal In E = 0.01 - 0.12 In N. The 
W for each rounds to 1.00. This illustrates that, 
in general, wlien predicting In E with In N 
when the distribution is log-normal, the slope 
will always be less than the comparable slope 
for log-series data. 

In addition, for both log-series and log-nor- 
mal distributions, regression of In S and In £ 
will always be strictly linear. Indeed, as spe- 
cies richness increases with increasing or ac- 
cumulating sample size N, then In E will de- 
crease linearly. However, we have shown 
above that for a regression of In S and In £ on 
log-series data the slope is •1 and the inter- 
cept is the estimate H so that the elegant re- 
lationship of In S = i/ + (-l)]n E (equiva- 
lently In S = /'/ - l(ln £)) always holds. The 
simplicity of this predictive relationship with 
constant values for H, a, and X provides a con- 
venient base or null model with which to com- 
pare ecological or paleoecological observa- 
tions. 

Many other authors have proposed the use 
of a base or null model (e.g., Lloyd and Che- 
la rdi 1964; Caswell 1976; Ulrich 2001; Hubbell 
2001 ). Herein we propose the use of the log se- 
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ries as a base model for multiple reasons as 
discussed above, in effect (1) simplicity of the 
distribution, and (2) the constancy of the re- 
lated indices, as well as (3) the regression for- 
mulation that equates to the additive decom- 
position equation for the diversity compo- 
nents with slope = • 1 ajid intercept = H (Ta- 
ble 1). Furthermore, many of the models 
previously suggested for use as a null in ac- 
tuality are either subsumed by or approacli 
the log series in the limit. For example. Hub- 
bell (2001) states that a is an asymptote for his 
model parameter, and the neutral model of 
Caswell has been shown to be closely approx- 
imated by the log series as well (Hayek and 
Buzas 1997). 

We continue by examining the repercus- 
sions of using these results, first for a single 
multispecies community evaluation and then 
across communities. 

Within and between Multispecies 
Communities 

Use and interpretation of diversity and 
evenness measures as indicative of commu- 
nity structvire is appropriate under two con- 
ditions: (1) the relevant distribution of p is 
considered, and (2) sampling is clearly de- 
fined to be either within or between commu- 
nities. 

Within-community (or within-population) 
sampling is defined as the collection of a set 
of biological samples from a single statistical 
population, or the biological community, that 
adheres to a particular statistical distribution. 
When this obtains, use of the observed N, S 
and p provides the necessary elements for a 
complete evaluation of community structure 
In which each measure of diversity and of 
evenness has deterministic behavior within a 
mathematically fixed system. In any such 
closed system the degree of randomness or 
evenness will decrease as more individuals 
are collected and consequently more S are 
added. 

Between-community (or between-popula- 
tion) sampling is defined as the collection of a 
set of biological samples from different com- 
munities/distributions or equivalent distri- 
butions (from the same parametric family) 
that have different parametric values. Often 

120- 

a-5 
H<ll)    2.19 

I'ICL.RF 3. A semilog plot of S and N for log-series pop- 
ulations with eight values of oi and their respective 
f:(H)'s. Values of t' = ¡'"/S are shown for 64 values of iV 
and 5. luidi line depicts a log series population with a 
particulai' a and shows an increase in S with uTcreasing 
iV. Witliin-population sampling follows the path along 
the particular line for the a value, Tor sampling between 
populations, lines can occur either vertically at any val- 
ue of A' or diagonally across the lines with increasing 
values of N. 

fieldwork is undertaken to discover patterns 
or changes in diversity between populations. 
The researcher expects to describe or recog- 
nize distinct biological populations when 
sampling is over distinct environments, habi- 
tats, biotnes, or faunal assemblages. Because 
of the additive property of information, data 
can be collected across community or popu- 
lation boundaries, but the entropy of the total 
system will not always decrease. Despite this, 
we show that properties of diversity and even- 
ness measures can be determiiied for this in- 
tracommunity situation. 

Multiple Log-Series Conimuniiies or Popula- 
tions.•Let us first a.ssume we have two log- 
series-distributed data sets and illustrate this 
sampling. Figure 3 shows an expanded Figure 
1 that includes multiple log-series-distributed 
data sets in the same sample space. Because 
each line depicts a log-series sampling, each 
has constant E(H) and a. To envision sampling 
between these populations, which implies in- 
creasing values of N and S, we go up diago- 
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nally across the lines. For example, if we first 
select a sarT\ple of size N = 300 from the pop- 
ulation with a = 10 and the second sample is 
of size N = 500 from the pcipulation with a = 
15, we must read diagonally up to the right. 
As a shorthand we shall call this "sampling 
diagonally." Examining species richness be- 
tween or across populations with equal-sized 
samples will be termed "sampling vertically." 

Equal-sized samples are obtained by setting 
limits before field observation, observing or 
collecting under a stop rule, making an a pos- 
teriori decision, biological sample partition- 
ing, or just luck. Regardless of the method, if 
one samples with constant sample size across 
log-series populations then as S increases 
(non-monotonic increase) bcith H and a will 
also increase. Importantly, In E becomes less 
negative, so evenness is increasing as well. 
Consequently, unlike when sampling within a 
single biological community, when we per- 
form intracommunity (intrapopulation) sam- 
pling, with attendant increasing species rich- 
ness S, there must be an accompanying in- 
crease in evenness. That is, from an informa- 
tion perspective, the randomness is increased 
over that of a closed system. 

Notice that the lines in Figure 3 radiate out 
from the origin. This illustrates that at small 
sizes the observed richnesses in differing log- 
series distributions (with unequal parametric 
values) will be relatively indistinguishable. 
However, as sample size becomes larger, dif- 
ferences between observed richness, or S val- 
ues, from these populations will become more 
pronounced. 

The opposite is true for evenness. For ex- 
ample, at size N = 200 the two populations 
with a = 20 and a = 10 show that evenness 
has decrea.sed from 0.74 to 0.59, a difference 
of 0.15. When sample size is N = 2000 for 
these populations this difference is only 0.05. 
An alternative view is that the larger the sam- 
ple size the larger the regression coefficient or 
slope of the line. 

Multiple Log-hloriiinl Populnlions.•Figure 4 
presents S and N on a log-log scale with lines 
showing the accompanying constant / for dis- 
tinguishable log-normals. Surprisingly, sam- 
pling (vertically) at constant sample size N - 
300, as above, shows that results for log nor- 

i'lGUUi- 4. A log-log plot of S and W for log-normal pop- 
ulations with four values of /. Values of E = t"''/S are 
shown for 32 values of N and ,S. Sampling pathways for 
within and between populations are the same as in Fig- 
ure 3. 

mais are .similar to those for log series. Even- 
ness increases as we sample between differing 
populations. In summary, for equal-sized 
samples from within a single biological pop- 
ulation, evenness will always decrease. Alter- 
riatively, when sampling crosses over distinct 
populations (e.g., either log series or log nor- 
mal), evenness can increase when richness in- 
creases. 

However, when samples are not of equal 
size, as we observe more species, i.e., as S in- 
creases when sampling crosses populations, 
then eventless can be observed to increase, de- 
crease, or even remain constant. This variabil- 
ity does not indicate that there is some inher- 
ent logical or conceptual failure in the mea- 
sures for evenness; an evenness measvu-e is in- 
dicative of a unified biological community's 
structure. The existence of change is a deter- 
ministic indicator that we are no longer sam- 
pling within a single community but have 
crossed a population boundary. Clearly, this is 
an instance in which a lack of understanding 
of the components of diversity and their re- 
lationship to the distribution of p has led 
many authors unjustly to fault diversity stud- 
ies and the measurement of evenness in par- 
ticular (e.g., Hurlbert 1971). 

Any biological cominunity, population, bi- 
Cime, or biofacies can be identified a priori by 
experience, analytically by SHEBI, clustering 
with probabilistic assessment, or possibly oth- 
er methods. Regardless of the method selected 
for  biological   population   identification,  an 



ON KICHNIiSS AND 1-:VENNHSS 209 

evaluation of commimity structure is ensured, 
with all the attendant and interrelated mea- 
sures tor diversity and evenness, if we have 
correctly identified and considered the distri- 
bution of p. However, because of convergence 
of the values of these distributions, no single 
sample can assess the distribution accurately 
enough for biodiversity purposes; the infor- 
mation in the serial accumulation of all the 
samples, that is, of the total field experience, 
must all be considered, 

Between-Population Comparisons 

Because richness and evenness change with 
increased sampling (except for the broken 
stick), a comparison of these quantities be- 
tween populations must be made at a constant 
total N (Hurlbert 197J; Gray 2000). This can be 
accomplished in two ways: (1) keep N con- 
stant when sampling or collecting, in which 
case mean values of S and evenness are ap- 
propriate statistics, and (2) rarefy to some 
common value of N within each of the popu- 
lations being compared (Gotelli and Colwell 
2001). There are several ways to accomplish 
rarefaction (for a discussion, see Hayek and 
Buzas ]997) depending on the statistical dis- 
tribution of p and the degree of spatial aggre- 
gation (Fager 1972). If values of N are similar 
between populations, regressions of In S with 
In N and In £ with In N within each of the pop- 
ulations to be compared are probably the best 
way to obtain a common N and thereby rich- 
ness and evenness estimates for between pop- 
ulation comparisons. 

Unequal Sample Sizes.•If the biological sam- 
ples are of unequal sizes, then the statistical 
relation,ship between In S and In £ may be 
positive or negative depending on the degree 
of variability in the sample sizes; if the differ- 
ence is small the relationship is positive; if 
large, negative. The former case is similar to 
the situation in which N is constant and the 
latter is similar to that of an accumulated N 
within-population analysis. Regression on in- 
dividua) observation.s or samples with un- 
equal values of N is a risky business. Figure 4 
depicts a virtual minefield for the wanderer. 

Ecjiinl Sninple Sizes.•When comparing 
equal-sized samples between populations (N 
is  kept constant)  and  considering separate 

samples (sampling vertically on Fig. 4), then 
for a known statistical distribution the rela- 
tionship between richness and evenness is al- 
ways positive (DeBenedictis 1973). When dif- 
ferences between sample sizes are relatively 
minor, this relationship will still be positive. 
Depending on the statistical distribution of p, 
as well as on the value of the distribution's pa- 
rameters, regressions of In S versus with In E 
on individual, unaccumulated biological sam- 
ples will have positive but highly variable 
slopes. 

Accumiilalcd Samples.•If observations are 
accumulated over biological samples obtained 
from multiple populations, the statistical re- 
¡ationsliip between In 5 and In £ will be neg- 
ative just as it was when sampling within pop- 
ulations. Although a regression of In S against 
In £ may be negative and significant, a plot of 
In S against In £ will not show a consistent lin- 
ear trend and will have a smaller value for R- 
than when examining within-population ob- 
servations. 

In the following sections we shall present 
two examples of real data sets and assess 
structure and diversity both within and be- 
tween the communities. 

A Within-Community Example 

For a spatial distribution study of Miocene 
Foraminifera at Calvert Cliffs, Maryland, Buz- 
as and Gibson (1990) extensively sampled bed 
18 of the Choptank Formation. Using a plane 
table and alidade to ensure a horizontal sur- 
face, Ihev established nine stations, each 3.56 
m apart, in a 3 X 3 grid. A template with a 
square grid of 100 cells was centered at each 
station and five sediment samples, each 3.5 cm 
in diameter and 1 cm in thickness, were taken 
by using a table of random numbers, llie 
number of individuals and species were enu- 
merated in each of the 45 samples. The grand 
total for individuals in this single population 
is /V = 34,454 and S = 45 species. 

Although the original study analyzed the 
data for spatial variation only (a remarkable 
degree of spatial homogeneity was observed), 
the data are also ideally suited for an analysis 
of community structure. To accomplish this 
we used both methods of determining fit to 
select the most representative model. F'irst, we 
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InS 

InS = 1.44 - 1.041nE, p = 0.00, R' = 0.99 S =-48.99 + 9.08lnN, p = 0.00, R' = 0.95 
InS = 0.73 + 0.301nN, p = 0.00, R' = 0.96 

H = 1.40 + 0,021nN, p = 0.00, R' = 0.17 
ln(l/X)=0.96 + 0.021iiN, p = 0.00, R'= 0.28 

InE = 0.68 - 0.29lnN, p = 0.00, R' = 0.96 

l'K.ijKf- 5. SHHCSl analysi.s of Miocene bed 18 at Calven Cliffs, Maryland. A, Plot of In S. H, ln(l /\) and In E vs. 
In N for accumulated 45 samples. 13, Plot of In S vs. In E for -IS sample accumulation. For a perfect log series value 
of coefficient is ~ 1.00. 

used N, S, and the frequency dislributioii of p 
in histogram form to attempt to fit a statistical 
distribution to the single sample. We tried 
both log-normal and log-series fits. 

Following both the procedures of Preston 
(1948) and of Pielou (1975) we wrote a Math- 
cad routine to fit a truncated log normal to our 
relative species abundances. I^esults of these 
two computational procedures were dispa- 
rate. However, in each case, when assessed by 
chi-square and Darling-Anderson goodness- 
of-fit tests, a log normal was not significantly 
different from the observed data distribution. 
In addition, we used the program Species Di- 
versity and Richness III (Pisces Conservalion 
2002) to fit a truncated log normal and to cal- 
culate chi-square goodness-of-fit. These re- 
sults likewise could not reject that the data 
could be fit by a truncated log-riormal model. 

We theii programmed Mathcad to fit a log 
series directly. According to each goodness- 
of-fit test result there was no reason to reject 
an underlying log-series distribution. Finally, 
the program Species Diversity and Richness 
III was used to fit an equivalent log series with 
a approximately equal to 5 and x = 0.9999. 

Again, each goodness-of-fit result provided 
no reason to reject the log series as a reason- 

able fit to the data distribution. 

Secondly, the data set was accumulated over 

individual samples and evaluated sample by 
sample successively to determine the most ap- 
propriate model for the data using the Hayek- 
Buzas methodology. At each step we comput- 
ed the most faniiliar measures for diversity 
and evenness: H, ¡, \, a, S, E. We applied the 
decomposition equation and calculated its 

componeiats at each step. 
In Figure 5 we show the analysis as succes- 

sive values of the indices along with linear re- 

gressions of the components. In addition to 
the components of the decomposition equa- 
tion, the regression equations (Fig. 5A) show 
that both S versus In N (semilog) or In S versus 
In N (log-log) could well-describe the relation- 
ship between the cumulative number of spe- 

cies and the cumulative number of individu- 

als. This result is in keeping with the frequen- 

cy fit and goodness-of-fit test results. We con- 
tinue by examining additional relationships 
for the accumulation distribution, which can 
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Ticuiin 6. Plots of In S, H, and In E vs. In N for net:umulated 45 samples of bed Mi at Calvert Cliff.s, Maryland. A, 
Plots of observed vs. log .series con.stnicted using mean value of H as constant. B, Plots of obst;rved vs. log normal 
constructed using mean value of / as a constant. 

shod further light on the selectiori ot a model 
for p. 

For both tl and ln(l/X) the regression 
slopes are equivalent (0.02), and are almost 
zero. The regressioii slope for In E versus In N 
is approximately equivalent to, but opposite 
in sign (that is, multiplied by •1) from, that 
for the regression for In S versus In N (~0.29 
versus +0.30). Because H is observed as al- 
most horizontal (constant) with In N, we know 
from the decomposition equation that under 
this condition within a population, as S in- 
creases, E i\iust decrease by exactly the same 
amourit. 

Finally, using the log series as our yardstick 
or null model we note that when we write 
In S = fi • In £, then, when H is constant, re- 
gression of In S versus In E will yield In S = 
H • 1.00(ln £). We compare our Miocene fo- 
ram results shown in Figure 5B with this 
equation to see that the fitted slope of •1.04 
closely approximates that of the log series. The 
intercept constant, which is our estimate H, is 
convincingly near the mean value of the ob- 
served cumulative H. Although both log series 
and log normal can be said to "fit" within the 
stated statistical conditions, this methodology 
shows that the form and pattern of the data 
are closest to log series. 

Continuing with the analysis of these data, 
consider that for N = 34,454 and S = 45, we 
calculate an ci = 5.10 so that, in tvirn, £(//) = 
In a + 0.58 = 2.21. The observed mean is /-/ = 
1.54 and the last observed cumulative H = 

1.55. The terminal accumulation value of In E 
= - 2.25 giving an £ = 0.10, while at the point 
at which E{H) = 2.21 and S = 45, then £ = 
0.20. Thus, although we affirm that the data 
adhere to a log-series pattern, the observed 
values show dominance that is excessive for 
this log-series formulation. This two-part pro- 
cedure is called SHE analysis for community 
structure identification, SHECSI (Buzas and 
Hayek 1998). 

Although the structure of p from Calvert 
Cliffs has been identified as that of a log series, 
for comparison purposes, we also calculated 
the expected value or entropy of a log normal. 
The expected value for an applicable log nor- 
mal is E(H) = (1 • 7^)ln S. Using the method 
given by Magurran (1988; after Pielou's meth- 
od [1975]) we calculated that y - 0.49 so that 
(1 - 7") = 0.76. Note, this is also the expected 
value of Pielou's (1966) measure of evenness, ] 
= N/ln S, which equals 1 + In £/ln S (Hayek 
and Buzas 1997). For a log normal, we know 
that all of the indices y, ], and In £/ln S must 
be constant. Thus, for observed values of S 
from bed 18, we calculated // = 0.76 In S. 
These results, along with the log series' ex- 
pected values for a. = 3.10, are shown in Fig- 
ure 6. Neither the accumulation pattern nor 
the expected values of the log normal are in 
agreement with the observations. We again 
conclude that the community structural pat- 
tern for bed 18 is not a log normal but a log 
series. However, we have also found that the 
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values of H and evemiess are less than ex- 
pected, with higher than expected dominance. 

A Between-Multispecies-Commimities 
Example 

Communities or habitats are often not as ex- 
tensively sampled as was Calvert Cliffs. It is 
more usual that a set of samples or observa- 
tions may be distributed, or quadrats may be 
placed along a traverse encompassing several 
habitats. As an example, we consider bentliic 
foraininifera from a traverse (no. 6) in the 
Northeastern Gulf of Mexico (Parker 1954). In 
all, Parker recorded 201 taxa from 35 stations 
ranging in depth from 20 m to 2697 in. The 
data consist of the numbers of individuals of 
each taxon at each station. A universal char- 
acteristic of benthic foraminifera is that they 
exhibit depth zones or biofacies. Considering 
the depth range covered by traverse 6, several 
depth zones or biofacies could be expected. 

In 1998, using SHE for biofacies identifica- 
tion (SHEBI) with traverse data. Buzas and 
Hayek identified seven depth zones over the 
entire range. This depth pattern was corrob- 
orated by using canonical variate (multigroup 
discriminant) analysis. Before breaking up the 
traverse into biofacies, regression models 
were developed using the entire traverse as a 
single unit, accumulating N and S from the 
shallowest station {20 m) to the deepest (2697 
m) because a useful feature of SHE analysis is 
that if the observed samples are from a single 
statistical population, a plot of In £ ver,sus 
In N will be linear. Any deviation from a linear 
trend indicates a change in the parameter of 
the applicable statistical distribution or a new 
distribution. Consequently, when viewing a 
plot of In £ versus In N in which there is a 
break in a linear sequence, the samples pre- 
ceding the break are designated as distinct 
biofacies (Osterman et al. 2002) and the re- 
maining samples reexamined. After this iden- 
tification process and for our present purpos- 
es, because we wish to examine within-pop- 
ulation community structure, we selected the 
largest of the biofacies, numbers 2 and 4, 
which each have seven stations, and biofacies 
6, with ten stations. Using these data we ex- 
amine the similarities and differences among 
the indices and structure for each biofacies 

and continue by identifying tlie characteristics 
and clianges that occur in indices when we 
consider a between-biofacies analysis of this 
sampled data. 

y4ssí'ssM;(?«í within Encli Biofacies.•Given na- 
ture's variability as well as the close statistical 
relationship between the Kvo alternatives of 
log-log versus semilog over the range of ob- 
servations we cannot expect the variables S 
and N alone to discriminate the mcjst appli- 
cable formulation in every case. However, re- 
gression equations can provide key discrimi- 
natory evidence when considered against a 
base model. For example, if we consider bio- 
facies 2 from the Parker (1954) data, the re- 
gression equation for the plot of In £ in Figure 
7A is shown with a slope of •0.24. This quan- 
tity is of equivalent magnitude in absolute val- 
ue and nearly the opposite of the regression 
slope of In S, which is +0.30. An exact inverse 
relationship is representative of a log-series 
specification. Also, the biofacies 2 regression 
equation shown in Figure 7B has a slope 
( • 1.05) whose value of approximately minus 
one is what we would expect for a log series 
distribution. Recall here that the regression 
equation In S = 3.04 - 1.05 In £ indicates the 
constant value of 3.04 is the estimate ñ. The 
mean H for the observations of the SHE anal- 
ysis of biofacies 2 is 3.09. Thus, both the re- 
gressions and the estimated value of ¡1 from 
the data of biofacies 2 are indicative of a log- 
series distribution. 

Results of regressions on biofacies 4 indicate 
that the relationship befv\'een N and S could be 
modeled as either semilog or log-log (Fig. 
9A,B). Recall that in biofacies 2 the regression 
coefficients for In S versus In N and In E versus 
In N were nearly equal but with opposite sign. 
When considering the data results of biofacies 
4 against the base log-series model, the coef- 
ficients are opposite in sign but not of equiv- 
alent magnitude. In addition, the regression 
coefficient for In S versus In £ is larger than 
one ("1.72) and the constant (3.02) is less than 
the mean value of the observed H, which is 
3.68. In addition, evenness as measured by £ 
decreases from 0.46 to 0.38, ¡ goes from 0.82 
to 0.80, while Simpson's lambda changes over 
the accumulated samples from 0.0489 to 
0.0414. All the measures therefore have a de- 
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lnS = 3.04-l.OSlnE, p = 0.01, R' = 0.74 

5.0       6.0       7.0       8.0      9.0       10.0 

InN 

S = -57.04+15.24lnN. p = 0.00, R' = 0.93 

lnS= 1.78 + 0.301nN, p = 0.00, R' = 0.91 

H = 2.70 + Û.051nN, p = 0,49, R' = 0.10 

InE = 0.91 - 0.24lnN, p = 0.00, R' = 0,92 

FIGURE 7.    SMI-X'SI ,inaly.si.s of I'.irker (1954) traverse 6 biofacies 2 (Buzas and Hayek 1998) data from the Gulf of 
Mexico. A, Plot of In S, f-f, and In Í; against In N. B, I'lot of richness (In N) and evenness (In ('). 

creasing pattern, with the largest decrease 
seen over the values tor E. Thus, v\'e conclude 
that biofacies 4 is not a log normal yet not a 
perfect log series, or that the results are be- 
tween a log series and a log normal. 

As a third and final within-population ex- 
ample before we examine the entire transect 
across the three depth-delineated popula- 
tions, results of regressions on biofacies 6 are 
presented in Figure 8 and show that the co- 

efficient of determination (the square of the 
correlation coefficient) /•^^ for In S versus In N 
is slightly but not significantly higher than the 
R^ for the semilog relationship. The difference 
between the two fits as expressed by the R~ 
values is not sufficient to allow us to choose 
one relationship over the other. As we accu- 
mulate over increasing depth the common 
measures of evenness decrease: the value of £ 
decreases from 0.47 to 0.32, / goes from 0.81 
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FiGUKi; 8.    SHECSI analysis of I'arker (1954) traverse 6 biofacies 6 (Buzas and Hayek 1998) data iiom the Gulf of 
Mexico. A, I'lot of In S, U, and In /i against In N, 15, Plot of ricluiess and evenness on log scale. 
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FicUKii 9.    SllECSI aiialysis of Parker (1954) traverse 6 biofacies 4 (ßuza.s and Hayiîk 199H) data from tlu' Culf of 
Mexico. A, Plot of In S, H, anti In E against in N. \i, l'Iot of rlcline.ss and evenness on log scaie. 

down to 0.76, while Simpson's index decreases 
from 0.0562 to 0.0419. However, as in biofacies 
4 (Fig. 9) the regression coefficients for In S 
versus In N and In £ versus In N are opposite 
in .sign though not equally opposed. The re- 
gression coefficient for In .Ç versus In £ {-1.93) 
is slightly larger than for biofacies 4 and the 
constant of 2.68 is farther from the mean of H, 
which is 3.66. Again, results indicate an im- 
perfect log series or a distribution in between 
that of a log series and a log normal. 

Assessment of Distribution of p.•To more ful- 
ly comprehend and compare tlie analyses per- 
formed in the examination of community 
structure within each of the three biofacies, we 
constructed distributions with constant values 
of H and / for comparison. The constants used 
were the mean values for H and / calculated 
from each .set of field observations. Recall that 
when we find a constant H, the slope for the 
regression In S versus In £ must be -1. For a 
constant /, the slope will be about -4 to •5. 
In Figure 10 the regressions for hi S versus In 
£ from the three biofacies are plotted along- 
side values for constant H and /. For biofacies 
2, the regression equation for the observations 
and the line l"or a constant H are approxi- 
mately collinear in the range of observations. 
The regressed observations lie closer to the 
line for constant // than to the line for constant 

/ (Fig. lOA), but this is not the case for biofa- 
cies 4 and 6, whose observed slopes are •1.72 
and -1.93, respectively. Note also that the 
ranges of observed values are smaller than for 
biofacies 2. 

As Figure 10 illustrates, the slopes of In S 
versus In E for each of the three biofacies be- 
come increasingly negative with depth of wa- 
ter. The regression equation for biofacies 2 is 
very similar to that of a predicted log series 
(Fig. 10). Although the regres.sion equations 
for biofacies 4 and 6 are not as similar, they are 
still closer to log series than to log normal. Be- 
cause we are making comparisons to separate 
choices of model only, the best we can say is 
that we have imperfect log series or that dis- 
tributions are in between log series and log 
normal. Forcing a discrete structural classifi- 
cation on the observations does an injustice to 
the subtlety of the cliange in slope with in- 
creasing water depth. 

Assessment of Diversity, Richness, and Einm- 
ness of Foraminifera between Biofacies in Itie Gulf 
of Mexico.•The next step in the process is to 
examine the species richness and evenness 
across biofacies. At the eiid of the accumula- 
tion steps, we observed 75 species in biofacies 
2, V15 species in biofacies 4, and 131 species in 
biol'acies 6, and this appears to show increas- 
ing richness with depth. 
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FicUKE 10.    Comparison of plots of In S versus In E for observed (O), log-series (11), iind log-norniiil {]) populations 
for biofacies 2 (A), biofacies 4 (B), and biofacies fi (C), Gulf of Mexico. 

However, any examination of richness or 
evenness must incorporate the fact that indices 
tJiat measure these facets are functions of sam- 
ple size as well as distribution. In our three 
biofacies the sample sizes are quite disparate. 
In biofacies 2 the accumulated In N ranges 
from 5.9.3 to 9.12, in biofacies 4, from 10.27 to 
12.00, and in biofacies 6, from 7.64 to 10.36. 
Using the regressions for In S versus In /V giv- 
en in I'igures 8, 9, and 10, we rarified (the 
common N is the minimum) and abundified 
(tlie common N is the maximum) to obtain 
predicted values of S for representative values 
of In 9, In 10, and In 12. Regardless of the size 

of samples we use for comparison, predicted 
richness values demonstrate the same pattern, 
namely, that biofacies 2 and 6 are similar in 
terms of species richness and biofacies 4 has 
fewer species at any given N. For example, at 
sample size In 10 the predicted values of S are 
as follows: for biofacies 2, S = 114; for biofacies 
4, S = 75; and for biofacies 6, S = 123. Had we 
not incorporated a constant sample size N and 
instead used for comparison the average val- 
ues of S obtained from the samples in eacli 
biofacies, or the total number of species ob- 
served in each biofacies, ihc results would 
have been cjuite different, and most probably 



216 MARTIN A. lîUZAS AND Ll-Iw-XNN C. I lAYi-K 

incorrect. Thus, the raw data alone indicate 
that the trend of increasing mean and total 
species richness from biofacies 2 to 4, without 
concern for the unequal sample sizes, occurs 
because biofacies 4 has a larger sample size 
than the others. It should be obvious that any 
question concerning species richness within 
or between the biofacies must have a value of 
N attached for presentational clarity. 

Each of the observed evenness values as 
well as values estimated for sizes of In 9, In 10, 
and In 12 exhibit the same pattern, namely, 
that biofacies 4 has higher values of evenness 
than the other two. 

Putting all this together, there is a distinct 
decrease in richness and an increase in even- 
ness at biofacies 4, these factors offsetting one 
another and resulting in an increase in pro- 
portional diversity from biofacies 2 to 6. As an 
example, using regression to estimate values 
of In S and In E at a constant sample size of 
In N = 9 makes it clear that both evenness and 
richness affect diversity. We have the follow- 
ing results: for biofacies 2, H = 4.44 + ( • 1.27) 
= 3.17; for biofacies 4, H = 4.11 -f (-0.6.5) = 
3.46; for biofacies 6, H = 4.54 + (-0.96) = 3.58. 
In this decomposition we .see precisely how 
the high value of evenness in biofacies 4 re- 
sults in increasing values of H across the set 
of three biofacies. Theret'ore, at a constant 
sample size, we observe an increase in the val- 
ue of H, but not richness or evenness, from 
biofacies 2 to 6, showing that diversity is ac- 
tually increasing with depth. 

Discussion 

With usage, variovis indices have become 
typified as measuring either richness or even- 
ness (for summary, see Tokeshi 1993). But we 
have shown here that, depending on circum- 
stances, the same index may measiu'e differ- 
ent properties. 

The mathematical relationships of statistical 
distributions to an information/entropy sys- 
tem (May 1975) along with their application in 
ecology, incorporating decomposition of richi- 
ness and evenness and other common mea- 
sures within that system (Buzas and Hayek 
1996; Hayek and Buzas 1997), are now well es- 
tablished. Consequently, for the first tin^ie we 
can examine the behavior of indices for the 

commonly encountered distributions govern- 
ing the species abundance vector p. With this 
approach, measurement and field observa- 
tions can be reconciled. In past works on this 
subject, most studies of behavior of indices re- 
lied upon only observed or simulated data 
without assessment of or reference to the sta- 
tistical distribution of p (Stirling and Wilsey 
2001). Of additional concern are the studies 
that fail to clarify or determine when sam- 
pling has transcended community boundar- 
ies. Our results from diversity, richness, and 
especially evenness measurement showed that 
disparate yet deterministic patterns will ob- 
tain (1) when application is within as opposed 
to between communities, and (2) foi" different 
distributions descriptive of the relative abun- 
dances or from the same distribution with dif- 
ferent values of the parameters. 

î'or illustration, the log-series and the bro- 
ken stick distributions can serve as ends of a 
spectrum of possibilities encountered in na- 
ture. We first examine results for these two in 
detail and then compare the log normal. 

In Table 2, we illustrate the general case of 
richness increase by documenting changes in 
the common indices for these two distribu- 
tions as the species richness is increased from 
25 to 50. Recall that when sampling within a 
particular log series the parameter a of the log 
series is constant. Interestingly, because the 
parameter for the broken stick is S, the cate- 
gories of within and between populations are 
no longer germane. Therefore, any change in 
richness can be thought of as between-popu- 
lation for a broken stick distribution. When 
sampling within a log series population, the 
number of individuals observed must, of 
course, increase (Fig. 4). For the broken stick 
distribution, as long as N is large enough to 
ensure a reasonably accurate and representa- 
tive vector p, this increase in N is irrelevant. 

Thi' Log-Series Disiribution.•We arbitrarily 
chose a log-series a value of 10. We then 
showed that within cc^mmunities, for a log se- 
ries a is the slope of the line for a semilog plot 
of S versus In N (Fig. 3). As an example, for a 
= 10 and S = 25, then N = 112, whereas for a 
= 10 and S = 50, N = 1475 and the expected 
proportion of the most dominant species is 
In (a/a) or 0.23. For a log-series-distributed 
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community, then, regardless of the increase in 
richness, //, \, a, and p, = In a/u are all con- 
stants. Table 2 also shows the actual values at 
S = 25 (In S = 3.22) and S = 50 (In S = 3.91). 
The row labeled A for difference indicates the 
change, positive or negative with increasing 
richness for our example of S = 25 to S = 50. 
The change in In S is +0.69, and in In £ it is 
• 0.69, while for the constants, of course, it is 
0. From our earlier examination of the log se- 
ries it is clear that for any given or observed 
N and S there is a value of a that remains con- 
stant as sampling increases on a scmiJog plot, 
Therefore, although the actual value of a is a 
measure of species richness, the fact that it is 
the slope of the line of the semilog plot shows 
that for a log series population it is also a mea- 
sure of evenness. In addition, H and X for a 
within-community log series behave in exact- 
ly the same way, namely, they are constant. 
lust as H and \ are easily seen as measures of 
evenness when S is constant, so they can also 
be thought of as measures of evenness within 
a log series, because the only way in which 
their values can change is if evenness changes. 
In a sense, then, if the measure is constant 
with changing S many investigators call this 
independence. Consequently ratios with S in 
the denominator are popular measures de- 
spite both warnings (e.g., Peet 1975) and the 
existence of mathematica) consequences such 
as discontinuities when used with large num- 
bers of rare species or even minor polymor- 
phisms. This constancy can be obtained with 
H, a, or X for a log series distribution but not 
with any single measure for all distributions 
of p. 

Table 2 also shows that what we do not have 
as constants are some of the tradidonal mea- 
sures of evenness, namely, E, /, {Í/X)/S, even 
though the latter has S as divisor. As the dif- 
ference (¡1) row shows, the logarithmic differ- 
ence is an increase of 0.69 between the increas- 
ing richness values S of 25 to 50. From the de- 
composition equation, H = In S + In £, there 
must be an equivalent decrease in In £ because 
I! is constant. Table 2 shows this is exactly the 
case, so that In E is measuring a (negative or 
residual) value compensating for the equiva- 
lent increase in species richness. If we were to 
transform the values of (1/X)/S to logs, the 
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TABLE; 3.    Clianges in biodiversity measures for four different situations as species richness increases from S 
25 to S -- 50. + indicates an increase, - a decrease, Ü no change or constant. 

Distribution In,S In £ l/\ l/A/S 

Within [cig series + Ü 

Within log norn^al +• + 
Between combinations 

of log series and log 
normals + + + + 

Between broken stick •+• + (1 

0 
+ -.. 

+ + 
+ 0 

difference would also be •0.69. Within a log 
series distributioii, then, as richness increases 
the value of £ or In E is measuring the change 
in species richness. In addition, for a log se- 
ries, £ is a measure of evenness only between 
distributions. The evenness of the distribution 
is actually being measured by a, \, and il, and 
not by the traditional evenness measures that 
are responding negatively to a positive 
change in S. Clearly, the measures a, \, and // 
do not conform to the "repeat" criterion of 
Smith and Wilson (1996). However, if sample 
sizes are equal, that is, if N is kept constant 
when comparing biodiversity between popu- 
lations, then both £ and 1/X./S will have con- 
stant value for any particular log series and 
they do satisfy this repeat criterion. 

77¡£' Broke)] Stick Distribuí ion.•For the bro- 
ken .stick distribution, the situation is quite 
disparate and consequently the behavior and 
interpretation of the indices is likewise differ- 
ent. Once again the change in the number of 
species is 2.5 (50 • 25) so that the difference 
(A) for In S is +0.69. For the broken stick, E{H) 
= In S • 0.40, whicli is not constant but in- 
creases with richness. Table 2 shows the in- 
crease in observed H also is exacti)' +0.69. H, 
then, behaves like In E for the log series, name- 
ly, it parallels exactly In S. Consequently, // for 
the broken stick actually is measuring species 
richness. The constant 0.40 is equivalently the 
value of In E so that this measure of evenness 
will be constant regardless of the value of S. 
The behavior of \, on the other hand, no lon- 
ger has the desirable property of indepen- 
dence from S and, instead, decreases as S in- 
creases because \ = 2/(S + 1) (May 1975). The 
eventless measure (l/\)/S behaves like £. The 
expected proportion for the most abundant 
species in a broken stick is (In S)/S, and unlike 
the log series, as richness increases the pro- 

portion of the most abundar\t species there- 
fore must decrease. 

To simplify the pattern of changes in the 
measures we placed a " + " under the measure 
if it increased, " •" if it decreased, and 0 if it 
remained constant with richness increase. 
Thus, at a glance, the two distributioiis shown 
in Table 2 are easily distinguished. 

The Log-Normal Distribution.•Table 3 illus- 
trates the visual +, •, 0 scheme for the other 
possibilities we might encounter with field 
data. Both log series and broken stick are in- 
cluded for comparison with the two new eii- 
tries. For the log-nornial distribution, the only 
iTveasure whose behavior is constant with rich- 
ness increase is /; H and hi £ for the log normal 
do not measure changes merely in the single 
aspect of eitlner richness or evenness. When 
comparing changes in measures within a sin- 
gle log-normal community, the change or dif- 
ference (A) will be smaller than the corre- 
sponding change in S. However, when com- 
paring between log normals with different pa- 
raineters, or between distributions, then none 
of these measures remain constant. Further- 
more as S increases each of the rneasures of 
everiness increases as we go between distri- 
butions. The value of H will increase more, or 
A will be larger for H than for S. We liave 
placed a "+ + " on H when considered be- 
tween distributions to indicate the relative 
size of increase in H with that in richness. 

The exercises we have just examined illus- 
trate how sensitive are the standard measures 
we use for biodiversity analysis to the under- 
lying statistical distribution of p. It is clear 
that what and how they measure changes pre- 
cisely with the distribution. 

Although we have shown that the distribu- 
tion of p is crucial for understanding evenness 
measures, it has never been mentioried when 



ON RICIJNESS AND ÜVENNBSS 219 

drawing up a list oí desirable criteria (Kou- 
tledge 1983; Smith and Wilson 1996). Authors 
seeking to develop measures of evenness that 
are independent of species richness continue 
to devise allegedly nev/ evenness measures 
without considering the mathematical conse- 
quences of distribution or algebraic equiva- 
lents (e.g., Peters 2004). 

Summary.•Consideration of the entropy- 
based methodology indicates that there exists 
a constant measure for each of the three dis- 
tributions discussed herein, but that no one 
measure is constant for all distributions. In or- 
der to realize an ecological reward for use of 
an evenness or diversity measure in a slxidy, 
one must identify and appraise (1) the appro- 
priate distribution of p; (2) the deterministic 
behavior of diversity, richness, and evenness 
measures for each distribution; (3) the role of 
unequal, equal-sized, or accumulated sam- 
ples; and (4) whether the evaluation is within 
or between communities or populations. In- 
terpretation must then proceed accordingly. 

Our recommendation to use the log series as 
a null model is enhanced by the unified theory 
of biogeography of Hubbell (1997, 2001). The 
fundamental biodiversity number, 0, is as- 
ymptotically identical to Fisher's a, and the 
log series is the expected distribution for me- 
tacommunities. In accordance with the uni- 
fied theory, for both molluscs and foraminif- 
era Buzas et al. (1982) and Buzas and Culver 
(1999) have found that the regional distribu- 
tion of species occurrences is a log series. 
When immigration or dispersal rates are high, 
as they are with many marine organisms, the 
unified theory also predicts the log series dis- 
tribution for local communities. For local fo- 
raminiferal communities, the log series distri- 
bution of individuals has been established 
and identified by Buzas et al. (1977) and Mur- 
ray (2002). The simplicity and elegance of 
Fisher's and Hubbell's models make the log se- 
ries the ideal yardstick by which to compare 
observations in the field. The use of the entro- 
py-based approach with the decomposition 
equation allows not only for the evaluation of 
biological populations' adherence to specific 
statistical distributions, but also for an objec- 
tive assessment of the observations regardless 
of known statistical distributions. 

Past work has established that the distri- 
bution of a community is of importance. The 
present work quantifies this importance, em- 
phasizes the commutations when sampling 
between communities versus sampling within 
a community, and shows that without knowl- 
edge of the statistical distribution of p, the rel- 
ative abundances from a community, the usu- 
al indices for diversity and evenness are not 
interpretable íJI the expected ways. We sug- 
gest that this work has illustrated that the en- 
tire concept of what constitutes evenness and 
its measurement must be reconsidered in any 
ecological application. 
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