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A b s tra c t .  In our statist ical practice,  w e  e c o lo g i s t s  w ork  c o m for tab ly  w ithin  the hy-  
p o th e t ic o -d e d u c t iv e  e p i s t e m o lo g y  o f  Popper  and the frequentist  statistical m e th o d o lo g y  o f  
Fisher. C o n se q u en t ly ,  our null h y p o th e se s  do not o f ten  take into a ccou nt  pre -ex is t in g  data  
and d o  not require param eter ization , our e x p er im en ts  dem a nd  large sa m p le  s iz e s ,  and w e  
rarely use  results  from o ne  e xperim en t  to predict the o u tc o m es  o f  future experim ents .  
C om p a ra t iv e  statist ical sta tem ents such  as “ w e  reject the null h y p o th es is  at the 0 .0 5  l e v e l , ” 
w h ic h  reflect the l ik e l ih o o d  o f  our data g iv e n  our h y p o th es is ,  are o f  little use  in c o m m u ­
nicating  our results to n o n sp ec ia l i s t s  or in descr ib in g  the degree  o f  certitude w e  have  in 
our c o n c lu s io n s .  In contrast,  B a y e s ia n  statistical in ference  requires the ex p l ic i t  a ss ign m en t  
o f  prior probab il i t ie s ,  based on e x is t in g  in form ation ,  to the o u tc o m es  o f  e xper im en ts .  Such  
an a s s ig n m en t  fo rces  the param eter ization  o f  null and alternative  h y p o th e se s .  T he  results  
o f  th ese  ex p e r im en ts ,  regardless  o f  sam p le  s ize ,  then can be used  to co m p u te  posterior  
probab il i t ie s  o f  our h y p o th e se s  g iv e n  the ava i lab le  data. Inferential c o n c lu s io n s  in a B a y ­
es ia n  m o d e  a lso  are m ore m ea n in g fu l  in env iro n m en ta l  p o l icy  d iscuss io ns :  e .g . ,  "our e x ­
per im ents  ind ica te  that there is a 95%  probability  that ac id  d epo s it io n  w il l  a ffect  northeastern  
c o n ifer  fo r e s t s .” B a sed  on c o m p a r iso n s  w ith  current statist ical practice  in e c o lo g y ,  I argue  
that a " B a y e s ia n  e c o l o g y ” w o u ld  (a) m ake  better use  o f  p re-ex is t ing  data; (b) a l lo w  stronger  
c o n c lu s io n s  to be drawn from  large -sca le  e x p er im en ts  w ith  fe w  rep licates;  and (c)  be more  
re levant to  env iro n m en ta l  dec is io n -m a k in g .

Key w ords: Bayesian inference: decision analysis; environm ental decision-m aking; epistem ology;
probability; sta tistica l errors; uncertainty.

I n t r o d u c t i o n

On the  w ho le ,  g e n e r a l  e c o l o g i c a l  th e o ry  has, so  fa r ,  
b e e n  a b le  to  p r o v i d e  n e i th e r  the la r g e ly  d e sc r ip t i v e ,  
sc ien ti f ic  c o n c lu s io n s  o f ten  n e c e s s a r y  f o r  c o n s e r v a ­
t ion  d e c i s io n s ,  n o r  the  n o r m a t iv e  b a s i s  f o r  p o l i c y .—  
Shrader-Frechette  and M c C o y  1993

E c o lo g i s t s  are in the m idst  o f  an in trospec t ive  period  
in w h ic h  w e  are q u es t io n in g  in te n s iv e ly  the theoretical  
un derp inn ings ,  ut i l ity ,  pred ict ive  abil ity ,  and e p i s te ­
m o ló g ic a !  fo u n d a t io n s  o f  e c o l o g y  ( e .g . ,  Peters 1991) .  
S e r io u s  doubts  h a v e  been  raised about the util ity  o f  
abstract, general  th eo r ie s  that have  been sh o w n  re­
pea ted ly  to  h a v e  l ittle  p red ic t iv e  v a lue  in field or  lab­
oratory  situations (W ein er  1995) .  A n  alternative  “ bot-  
t o m - u p ” approach, a ccu m u la t in g  a su c c e s s io n  o f  ca se  
s tu d ies  from w h ic h  genera l  c o n c lu s io n s  m ay  be d e ­
r ived ,  has b een  a d v o c a te d  by Shrader-Frechette  and 
M c C o y  (1 9 9 3 ) .  T h e  u se  o f  m e ta -a n a ly s is  to sy n th e s ize  
large  num bers o f  c a se  stu d ies  (G urevitch  et al. 1992,  
G u rev itch  and H e d g e s  1993 ,  W a rw ick  and Clarke  1993 ,  
A r n q v is t  and W o o ste r  1 995)  can identify  c o m m o n  pro­
c e s s e s  that h a v e  o ccu rred  under disparate co n d it io n s ,

1 Manuscript received 14 August 1995; revised 14 D ecem ­
ber 1995; accepted 10 January  1996.

2 For reprints o f  this g roup o f  papers on Bayesian inference, 
see footnote 1, p. 1034.

but it cannot  be used  to predict the l ik e l ih o o d  o f  o c ­
currence  o f  those  p r o c es se s  in other, unrelated si tua­
tions.  In addition , a bottom -up,  inductiv ist  approach  
m ay underm ine  e c o l o g y ’s c la im  to be a truly sc ientif ic  
e n d ea v o r  (Popper  1968 ,  Peters 1991) .

T h e se  doubts are not n ew  to our d isc ip l ine;  critical  
se l f -ex a m in a t io n  has occurred repeatedly  s in ce  e c o lo g y  
em er g ed  as a sc ie n c e  in the late 19th century  (e .g . .  
K in g s la n d  1985 ,  M cIn to sh  1985) .  H ow ev er ,  the current  
e p iso d e  o f  reflection c o in c id e s  w ith  a rapidly g ro w in g  
aw a ren ess  o f  local,  reg ional ,  and g lobal environm enta l  
prob lem s.  E c o lo g i s t s  can and increasing ly  are e x p ected  
to e s t im a te  the m agnitud e  o f  respo nses  o f  populat ions ,  
c o m m u n it ie s ,  and e c o s y s t e m s  to anthropogen ic  s tres­
sors,  to form ulate  e x p er im en ts  to ex a m in e  potential and 
actual env ironm enta l  im pacts ,  and to d e s ig n  and im ­
p le m en t  strategies to  am eliorate  these  im pacts  (e .g . .  
H o ll in g  1978 ,  Orians et al. 1986 ,  L u b ch en co  et al. 
1 991 ,  Shrader-Frechette  and M c C o y  1993 ,  H uenn ek e  
1 995 ,  U n d e r w o o d  1995) .  H ow ever ,  the c o u n se l  o f  e c o l ­
o g is t s  w i l l  be  co n s id ered  o n ly  i f  it is perce iv ed  by  
dec is io n -m a k e rs  as sc ien t if ica l ly  accurate and l e g i t i ­
m ate,  and i f  it is c o m m u n ic a ted  in te l l ig ib ly  and m e a n ­
ingfu l ly .  F e w  d ec is io n -m a k e rs  are, or have  been, prac­
t ic in g  e co lo g i s t s ,  and they  cannot be e x p ected  to  
interpret c o n c lu s io n s  presented  in technica l  jargon.

B a y e s ia n  statistical in ference  can  be used  to es t im ate
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e c o lo g i c a l ly  m ea n in g fu l  parameters and prov ides  an 
e x p l ic i t  e x p r es s io n  o f  the am ount o f  uncertainty in 
these  parameter e s t im a tes .  S in ce  B ayes ian  inference  
requires the inv est ig a to r  to use  pre -ex is t in g  data to d e ­
v e lo p  quantitat ive ,  probab il is t ic ,  and param eter ized h y ­
p o th eses .  B a y e s ia n  h y p o th e s is  test ing  (d e c is io n  ana l­
y s i s )  in ev itab ly  w i l l  lead to testable  predict ions ,  and  
perm it the rapid d e v e lo p m e n t  and refinem ent o f  a p p l i ­
c a b le  theory. R ecen t  d i s c u s s io n s  o f  the relat ive  pre f­
ere n c e  for  T y p e  I vs .  T y p e  II statist ical errors in pure  
and app lied  e c o lo g i c a l  c o n te x ts  (e .g . .  Peterm an 1990,  
Shrader-Frechette  and M c C o y  1992, M a p sto n e  1995)  
il lustrate  that c o n c lu s io n s  based  on fa ls i f ica t ion ist  epis-  
t e m o lo g y  (P opper  1968 .  Strong 1980)  are o f  little use  
to d e c is io n -m a k e rs ,  and a l lo w  for little f lex ib il ity  in 
d y n a m ic ,  c h a n g e a b le  s i tuations  (H o ll in g  1978 ,  Lee
1 993) .  In contrast,  c o n c lu s io n s  presented in a B ayesian  
fra m ew o rk  can be understood  m ore e a s i ly  by d e c i s io n ­
m akers  and by the publ ic  at large, b eca u se  these  c o n ­
c lu s io n s  are presented  in clear, fam iliar  language.

T h is  paper is not m eant as a c o m p le te  r ev iew  either  
o f  e p i s t e m o lo g ic a l  i s su es  in e c o l o g y  or o f  B a y es ia n  
param eter  e s t im a tio n  and d e c is io n  ana lys is .  Rather, I 
first sketch  s o m e  d i f f icu lt ie s  w ith  the w a y  that w e  infer  
c o n c lu s io n s  from  our data. T hen ,  I briefly i llustrate that 
B a y e s ia n  in ference  can pro v id e  an alternative  statistical  
fra m ew o rk  in w h ic h  to c o u c h  experim en ta l  and obser­
vational data, s y n th e s iz e  e x is t in g  inform ation ,  generate  
usefu l  (and perhaps n o v e l )  e c o lo g ic a l  theory, and c o n ­
tribute to sound en v iro n m en ta l  po l icy .  R eaders  inter­
e s ted  in m ore  c o m p le t e  treatm ents o f  h istorical and  
e p is te m o lo g ic a l  i s su es  in e c o lo g i c a l  thought can beg in  
with  recent b o o k s  by M cIn to sh  ( 1 9 8 5 ) ,  Peters (1 9 9 1 ) ,  
and Shrader-Frechette  and M c C o y  (1 9 9 3 ) .  A c c e s s ib le  
p resenta t ions  o f  B a y e s ia n  t ech n iq u es  and their a p p l i ­
ca b i l i ty  to a w id e  range  o f  “ p u re” and “ a p p l ie d ” s i t ­
uat ions  are p rov ided  by G o o d  ( 1 9 6 5 ) ,  Iversen (1 9 8 4 ) ,  
H o w s o n  and U rbach  ( 1 9 9 1 ) ,  and Kass and Raftery  
( 1 9 9 5 ) .  T ech n ica l  in troductions  o f  B a y e s ia n  in ference  
are g iv e n  by L in d le y  ( 1 9 7 2 ) ,  B o x  and T iao  (1 9 7 3 ) ,  
G e is s e r  (1 9 9 3 ) ,  Bernardo and Sm ith  ( 1 9 9 4 ) ,  and G el-  
m an et  al. (1 9 9 5 ) .  T h e  add itional papers in this Sp ec ia l  
Feature pro v id e  co n c re te  e x a m p le s  o f  the use  o f  B a y ­
es ian  in fe re n c e  in both  e c o lo g ic a l  research and e n v i ­
ronm enta l  d e c is io n -m a k in g  ( L u d w ig  1996, Taylor et al. 
19 9 6 ,  Ver H o e f  1996 ,  W o lfso n  et al. 1996) .  O ther e x ­
a m p le s  can be  foun d  in Carpenter (1 9 9 0 ) ,  R e c k h o w  
( 1 9 9 0 ) ,  W alters and H o ll in g  ( 1 9 9 0 ) ,  S o l o w  (1 9 9 4 ) ,  
G u sta fso n  and Franklin ( 1 9 9 5 ) ,  N ic h o ls o n  and Barry  
( 1 9 9 5 ) ,  and R aftery  et al. (1 9 9 5 ) .

W h a t  E c o l o g i s t s  S h o u l d  D o  w i t h  

S t a t i s t i c s , a n d  W h a t  W e ’ d  L i k e  T o  D o  

w i t h  T h e m

E c o lo g y  is  th e  s c i e n c e  w h ic h  s a y s  w h a t  e v e r y o n e
k n o w s  in la n g u a g e  th a t  n o  o n e  u n d e r s ta n d s .— Elton
1927

A s e c o lo g i s t s ,  w e  study relat ionsh ips  b e tw een  or­
g a n ism s  and their p h y s ica l  and b io lo g ic a l  environm ents  
(e .g . ,  P ianka 1994) ,  and w e  descr ib e  these  relationships  
using  the langu age  o f  statist ics.  A n y o n e  w h o  has taught  
introductory e c o l o g y  probably  w o u ld  attest that this  
langu age  can distort and refract E l to n ’s “ quantitative  
natural h i s to r y ” in strange and unpredictable  w a y s .  In 
general ,  w e  can  identify  tw o  fundam ental  g o a ls  o f  an 
e c o lo g ic a l  ex p er im en t ,  w h eth er  d escr ip t ive  or m a n ip ­
ulative: p a r a m e t e r  e s t im a t io n  and h y p o th e s i s  testing.  
In this and the f o l lo w in g  sec t io n ,  I d iscu s s  frequentist  
and B a y es ia n  approaches  to these  goals .

F re q u e n t i s t  p a r a m e t e r  e s t im a t io n

G iv e n  a random  sa m p le  o f  n ind iv idu a ls  from  a larger  
population  e x p o se d  to a treatment ( 7 ) ,  w e  often  c a l ­
culate  an a verage  resp o n se  va lue  o f  the organism  to 
the treatment. T h is  a v erage  resp o n se  va lue  usually  is 
reported as the m ean va lue  o f  all the observations:  X  
=  I x j n .  A s s u m in g  that our data (su itab ly  transformed,  
if  n e c es sa ry )  are a random  sa m p le ,  this e st im ate  o f  the  
m ean is k n o w n  to be an unb iased  est im ator  o f  the true 
population  m ean  p., no matter what the true va lue  o f  
(a. (Efron 1978) .  M o re  p rec ise ly ,  i f  w e  took  an infinite  
num ber o f  sa m p le s  o f  s iz e  n  from  this population , and  
ca lcu la ted  the m ean  o f  e a ch  sa m p le ,  the ex p ected  va lue  
(the m ean)  o f  th ese  m ea n s ,  E (X )  =  p,. We sim ilar ly  can  
ca lcu la te  the sa m p le  var iance  as s 2 =  2 (x ,  — X ) 2/(n —
1 ), the sa m p le  standard d ev ia t io n  s  =  V s 2, and the  
e x p e c te d  standard d ev ia t io n  E (s)  =  s l \ / 7 i  o f  the e x ­
pected  distr ibution o f  the set  o f  repeatedly  determ ined  
sa m p le  m eans ¡X }  (a lso  k n o w n  as the standard error 
o f  the m ean,  s x)■

A  central a ssu m p tio n  un derly ing  ca lcu la t ions  o f  
these  and other c o m m o n ly  used  statist ical parameters  
is k n o w n  as the f r e q u e n t i s t  a s sum p tion  (e .g . ,  Efron  
1978):  there is a true ,  f i x e d  value,  for each  parameter  
o f  interest, and the e x p e c te d  v a lu e  o f  this parameter is 
the a verage  v a lue  obta ined  by  random  sam p lin g  re­
peated ad infinitum  (Table  1). F rom  an e c o lo g ic a l  per­
sp ec t iv e ,  there are m a n y  d iff icu lt ie s  w ith  this a ssu m p ­
tion. W ithin e x p er im en ts ,  true random ization  is diff i­
cult, rep lication  is o f ten  sm all ,  m is identif ied  (Hurlbert  
1984) ,  or by virtue o f  c ircu m sta n ce ,  n on ex is ten t  (e .g . ,  
Carpenter 1990 ,  R e c k h o w  1990) .  E c o lo g ic a l  ex per i­
m ents  rarely are repeated indep en dent ly .  N o  tw o  or­
g a n ism s  are e x a c t ly  a l ike,  and c o n se q u en t ly  they are 
u n l ik e ly  to respond to our treatment in e x a ct ly  the sam e  
way. E v o lu t io n  virtually  guarantees  that e v en  i f  they  
w ere  a l ike  today, their o f fsp r in g  w i l l  be  m easurably  
different.  T hus,  the idea  that there is  a true, f ixed va lue  
for any e c o lo g ic a l ly  m ea n in g fu l  statistical parameter is 
a P laton ic  phantom . Furtherm ore, e v en  i f  there w as a 
true, f ixed  v a lu e  for a g iv e n  statist ical  parameter, fre ­
quentist  statist ical  theory  states that w e  can never  kn o w  
it. A l th o u g h  w e  im p l ic i t ly  h o p e  that w e  have  sam pled  
appropriately and o bta ined  a realist ic  e st im ator  o f  our  
population  m ean ,  it is  l ik e ly  that the best w e  can  hope
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T a b u ; 1. Some fundamental differences between frequentis t and Bayesian statistical inference 
in their uses and interpretations of statistical concepts and terms.

Concept or term Frequentist  interpretation Bayesian interpretation

Probability Result o f  an infinite series o f  trials The observer’s degree o f  belief, or
conducted  under identical co n ­ the organized appraisal in light
ditions of  the data

Data Random (representative) sample Fixed (all there is)
Parameters Fixed Random
kc/c confidence This interval will include the true k%  o f  the possible parameter val­

interval value o f  a given param eter in ues will fall within  the confi­
k%  o f  all possible samples dence (credibil ity) interval

T reatment of Conditions on sufficient statistics Integrates over all possible values
nuisance or maxim um  likelihood estimate
parameters

Conclusion P ix  1 H ) P (H  1 x)

to do  is to  state the probability  d istr ibution in w h ic h  
the a v erage  resp o n se  va lue ,  and u n o b ser v ed  va lues ,  are 
l ik e ly  to o ccu r  ( S im b e r lo f f  1980).

T he  standard w a y  w e  get  around this  d i lem m a  is  to  
co m p u te  the re l iab ility  o f  our es t im a ted  statist ical pa­
ram eter by co n stru c t in g  a “ A.% c o n f id e n c e  in te r v a l” 
around X

P ( X  -  f„ ,„ . n-.v.v =£ X  <  X  +  „-i,?) =  (1 -  a )  =  k
( 1)

w h ere  =  the percent ( a )  o f  area in both  tails  o f
a t d istr ibution b e y o n d  the ind ica ted  v a lu e  o f  t  for  n — 1 
d e g r ee s  o f  freedom . B y  co n v e n t io n ,  w e  m ost  c o m m o n ly  
c o m p u te  a 95%  c o n f id e n c e  interval  ba sed  on a norm al  
distr ibution , w h ere  f ().o.sM  =  1.96. U nfortu nate ly ,  Eq. 1 
te lls  us o n ly  that the interval  (X — 1,96-s^, X  +  1 .96  i^)  
w il l  in c lu d e  the true v a lu e  o f  p. in 95%  (P  =  0 .9 5 )  o f  
the infin ite ly  m any repeated sa m p le s  from  our p o p u ­
lation (Table  1 ). We cannot use  Eq. 1 to state that there  
is a k %  probab ility  that the true m ean d o e s  in fact occur  
w ithin  the c o n f id e n c e  interval  w e  created from  our e x ­
per im ent,  and Eq. 1 is not a probability  distr ibution in 
w h ic h  w e  e x p e c t  p  to o ccu r  ( H o w s o n  and Urbach  
1 991) .  S in c e  p  is f ixed ,  it is e ither  in s id e  a co n f id e n c e  
interval  or o u ts id e  it. It m a k es  no s e n s e  to assert that  
a f ixed  param eter  w o u ld  o ccu r  in a f ixed  c o n f id e n c e  
interval  o n ly  k %  o f  the t im e  (S o k a l  and R o h lf  1995) .  
In addition ,  for m o st  param eter ized ,  non norm al  d istr i­
bu t ion s ,  the actual probab ility  that Eq. 1 in c lu d e s  p  is  
substant ia l ly  ( £ 6 0 % )  l e s s  than the e x p e c te d  c o v e r a g e  
k ( e .g . ,  R o b in so n  1975) .

F r e q u e n t i s t  h y p o th e s i s  te s t in g

O n c e  w e  h a v e  an e s t im a te  o f  the param eter  o f  in ­
terest,  w e  no rm a lly  test  h y p o th e se s  regarding that p a ­
rameter; e .g . ,  w a s  the param eter a f fec te d  by the  applied  
treatm ent? A s s u m e  that w e  h a v e  c o l l e c te d  a set  o f  ran­
d o m , in d ep en dent  o b ser v a t io n s  x  =  {x , ,  . . . , x„} from  
a norm al pop u la t ion  to w h ic h  an e x p er im en ta l  treat­
m ent has been  app lied ,  and that the sa m p le  variance  
a pp rox im ates  the pop u la t ion  variance.  I f  w e  substitu te  
the e x p e c te d  m ea n  v a lu e  ( p 0) under a po in t  null  sta­
tist ical  h y p o th e s is  (e .g . ,  H 0: p  =  p 0, w h ere  p 0 m ay  be

obta ined  from  a set o f  contro ls )  for X  in Eq. 1, and m 
L[„-U’ w e  obtain  the upper and low er  bounds o f  tf 
“ reject ion  r e g io n ” for this null hy p o thes is  at the  
l ev e l .  In o ther w ords ,  for the tw o -ta i led  test  H p  p  
Po. i f  X  <  the lo w e r  bound or X  >  the upper bound - 
Eq. 1, it is u n l ik e ly  that our sa m p le  c o m e s  from tl 
pop ula t ion  w h ere  the e x p e c te d  value  o f  X, E (X )  =  p 
In standard statist ical jargon ,  w e  w o u ld  “ reject the nt  
h y p o t h e s i s ” (ƒ/„) that p  =  p 0 at the a  lev e l  o f  signi  
i can ce ,  or w e  w o u ld  state that our results are “ signi  
ica n t” w ith  probability  ( P  va lue)  P  <  a .

T h e  m e a n in g  o f  this result is far from  obv iou s;  Sok  
and R o h lf  ( 1 9 9 5 )  d e v o te  nearly  12 pages  to explainir  
it. M o st  im portantly ,  supporting  /ƒ, or inferring cau  
and e f fe c t  from  P  va lues  is not p o ss ib le  ( se e  also  L 
w o n tin  1974) .  P rec ise ly ,  i f  w e  reject H 0 at the a  l e v ( 
w e  are assert ing  that w e  w i l l  incorrectly  reject a tr 
null h y p o th e s is  ( i .e . ,  c o m m it  a T ype I statistical errc 
with  freq uency  a ,  i f  w e  repeated this experim en t  
infin ite  num ber o f  t im es .  T h e  c o n v e rse  error (T ype  I 
a ccep t in g  a fa lse  null  hy p o th e s is ,  depend s  on the spe 
if ied lev e l  o f  a ,  the sa m p le  s ize ,  the m agnitud e  o f  t 
true e f fec t ,  and varies  w ith  the underly ing  (and oft  
u n k n o w n )  pop u la t ion  distribution.

F orm ally ,  a P  va lue  is the probability  o f  observ i  
our results co n d it io n a l  on  H 0 ( i .e . ,  a  =  P (x \H 0) a n d  t 
probability  o f  o b s e r v in g  all results l e s s  l ik e ly  than t 
o b s e r v e d  result.  In other  w ords,  the P  v a lu e  ov ers ta : 
h o w  un lik e ly  the data really  are, b e c a u se  it is w e ig ht  
by additional,  un l ik e ly ,  and u n o b ser v ed  results (e.  
B erger  1985 ,  B erger  and B erry  1988) .  N o te  a lso  wl  
a P  v a lu e  d o e s  not te ll  us. It d o e s  not tell  us Ik 
probable  our null  h y p o th e s is  ac tual ly  is g iv en  the d; 
( i .e . ,  P ( H 0\x)), nor d o e s  it te l l  us the probability  o f  c 
alternative  h y p o th e s is  ( i .e . ,  P ( /7 , |x ) ) .  B a se d  on  t 
statem ent that o b s er v e d  data are u n l ik e ly  g iv en  a n 
h y p o th e s is  (P (x \H 0) is sm all ) ,  o n e  ca n n o t  c o n c lu d e  tí 
the a lternative  h y p o th e s is  is l ik e ly  (or “ true” ) g i \  
the data (P ( /7 i |x )  is large);  this c o m m its  the logL  
fa l la cy  o f  affirm ing the co n se q u en t  (e .g . ,  H o w s o n  a 
U rbach  1991) .  That is, i f  a null h y p o th e s is  im p l ie  
particular set o f  data (p  —» q ), then a lthough  observ i  
different  data im p l ie s  that the null  h y p o th es is  is fa



Novem ber I W b IN T R O D U C T IO N  T O  B A Y E S IA N  IN FER E N C E 1039

(n o t  q  —» no t  p.  or s y m b o l ic a l ly  —\q —> —1/>). it d o es  
not neces sa r i ly  im ply  that the a lternative  h y p o th es is  
produced  the o b s e r v e d  data ( —1/> -A —u/). In fact, even  
i f  P (x \H 0) is sm all ,  P (7 /0|.v) m ay  be qu ite  large (and  
P ( H ,|x) c o n se q u e n t ly  sm a l l ) ,  w ith  freq uency  as h igh as 
an order o f  m agnitud e  > u  (L in d le y  1957, B erger  and 
D e la m p a d y  1987 .  B e r g e r a n d  S e l lk e  1987) .  S im ilar ly ,  
failure to reject H 0 d o e s  not ind icate  the e v id e n c e  in 
fa v o r  o f  it (K ass  and Raftery  1995) .  In point o f  fact,  
P ( H \ x ) ,  the probability  that the treatment " c a u s e d "  
the results  (or the l ik e l ih o o d  o f  the a lternative  h y p o th ­
e s is ,  g iv e n  the data), is what m ost  sc ien t is t s  and p o l i c y ­
m akers ac tua l ly  want to know.

It is arguable  that m ost  e c o lo g i s t s  are test ing  an im ­
plic it  . s ta tis t ica l  null h y p o th e s is  o f  the form  H„: p. =  
0, and that they are us in g  their statist ical a na ly s is  as a 
benchm ark to ind icate  that they in fact had obtained  
an adequate  sa m p le  to o b s e r v e  any trend. Put another  
w ay,  the point o f  statist ical  a n a ly se s  in e c o lo g i c a l  re­
search is the test ing  o f  a sc ien ti f ic  h y p o th e s is  that the 
im p o se d  treatment had the h y p o th e s ize d  e f fe c t  (and  
that the sa m p le  s iz e  w a s  large e n o u g h  to detect  it). T his  
dif fe re n c e  b e tw e en  statist ical  and sc ien t if ic  h y p o th e se s  
a lso  i llustrates the im portance  o f  reporting statist ical  
p o w er  ( =  1 — the probability  o f  c o m m it t in g  a T ype  II 
statist ical error). If sa m p le  s iz e  is sm all ,  p o w er  w i l l  be 
lo w ,  and the s ta t i s t i c a l  null h y p o th e s is  m ay be fa lse ly  
accepted .  H ow ever ,  i f  sa m p le  s i z e  is large, p o w er  m ay  
be so  h ig h  that it m ay  be v ery  un l ik e ly  to ev er  accept  
a statist ical  null h y p o th e s is ,  e v en  i f  the true e f fe c t  is 
sm all  and b io lo g ic a l ly  irrelevant ( s e e  a lso  Raftery  
1 995).  A n  e x a m p le  i llustrates this d is t in ct ion  b e tw e en  
statist ical and b io lo g ic a l  s ign if ican ce:  for  e v en  m o d est  
sa m p le  s iz e  (n =  5 0 )  and o ne  ind ep en dent  var iab le ,  a 
correlat ion  c o e f f ic ie n t  n eed  o n ly  ex p la in  7% o f  the vari­
ance  in the data to be s ign if ican t  at the 0 .0 5  lev e l  (R o h lf  
and Sok a l  1995) .  For larger sa m p le  s iz e s ,  it m ay  be  
virtually  im p o ss ib le  to e v e r  accept  the statist ical null  
h y p o th e s is ,  e v en  i f  the o b s e r v e d  treatment e f fe c t  is 
e c o lo g ic a l ly  irrelevant.  O n e  w a y  around this d iff icu lty  
is to set  a substant ia l ly  lo w e r  a  lev e l  for  reject ion  o f  
the statist ical null h y p o th e s i s  w h en  sa m p le  s iz e  and  
statist ical p o w e r  are h igh ( e .g . ,  R aftery  1995) .  There  
are no frequentist  g u id e l in e s  for  such  reductions  in a  
for  g iv e n  sa m p le  s iz e s ,  how ev er .

A  ra n d o m ly  c h o se n  set  o f  5 0  papers p u b l ished  in 
E c o lo g y  in 1 9 9 4  bears out  the assert ion  that e c o lo g i s t s  
p rinc ip a lly  are test ing  sc ien t if ic ,  not stat ist ical  h y p o th ­
e se s .  F o rty -n in e  o f  the  papers e x a m in e d  at least  o ne  
sc ien t if ic  h y p o th e s is  u s in g  standard statist ical  t e c h ­
n iques ,  su ch  as t  tests,  reg ress io n ,  A N O V A ,  etc . ,  and  
regular ly  reported P  v a lu es  (h o w ev er ,  o n ly  1 o f  50  
reported statist ical p o w er ) .  A l l  but o n e  found stat ist i­
c a l ly  “ s ig n i f ica n t”  results .  D e sp i t e  the o ft-repeated  
sta tem en t  that the use  o f  e x p l ic i t  stat ist ical  null  h y ­
p o th e s e s  or m ult ip le  w o r k in g  (sc ien t i f ic )  h y p o th e se s  
are n e e d e d  i f  e c o l o g y  is to  m ature as a s c ie n c e  (e .g . ,  
Strong  1980 ,  Peters 1 991)  o n ly  10 o f  th ese  papers e x ­

p l ic i t ly  presented null h y p o th e se s ,  w h ile  14 ( inc luding  
5 o f  the 10 w ith  null m o d e ls )  used m ult ip le  hypotheses .  
T hus,  in 61%  o f  the sa m p le  (3 0  o f  4 9  papers),  it was  
not c lear  what statistical or sc ien tif ic  hy p o thes is  was  
be in g  rejected by the reported P  va lues .  S im ilar  results  
have  been  found in literature su rv e y s  o f  aquatic  s c i ­
e n c e s  (B ourget  and Fortin 1 995) ,  p s y c h o lo g y ,  and m e d ­
ic ine  (S ter l ing  et al. 1995).

In general ,  how ever,  c la s s ica l  h y p o th e s is  testing and 
reject ion  appeared unimportant,  as the authors o f  47  o f  
these  papers asserted  that their results ( i .e . ,  data) su p­
ported or confirm ed their hy p o thes is .  In other words,  
96%  o f  the authors c o n s id ered  P (H ,\x )  to be high, d e ­
sp ite  the fact that the authors actually  tested P (x \H 0). 
If  w e  w ere  really ser ious about test ing  p lausib le  e c o ­
lo g ica l  null h y p o th e se s  ( i .e . ,  those  that w e  ex pect  to 
accept w ith  high freq u en cy ) ,  there w o u ld  not be a 
dearth o f  papers reporting “ n o n s ig n i f ica n t” results. In 
fact, w e  norm ally  e x p e c t  to accept  a s in g le  e co lo g ica l  
alternative  h y p o th es is  by reject ing a statist ical H 0 (and  
c o n se q u en t ly  rarely state  it); o th e r w ise  w e  w o u ld  not 
have  d o n e  the ex p er im en t  in the first p lace .  On the other  
hand, i f  w e  e x p e c t  to  reject an e c o lo g ic a l  H 0 in the first 
place ,  then it w o u ld  be m ore  in fo rm a tiv e  to k n o w  the  
l ik e l ih o o d  o f  both H 0 and H,  o n c e  the experim en t  is 
co m p le te ,  in l ight o f  the data obtained. A d dit ion a l  data  
co u ld  then be used  to r ev ise  the l ik e l ih o o d  o f  these ,  
and other, a lternative  h y p o th eses .  Frequentist  hy p o th ­
e s i s  tes t ing  and P  va lues  do not prov ide  this type  o f  
in form ation .  Construction  o f  sound, pred ict ive  e c o l o g ­
ical theory  that can both a dvan ce  e c o lo g ic a l  under­
standing  and contribute  to env iro n m en ta l  p o l ic y  d e c i ­
s io n s  requires that w e  p rec ise ly  state h o w  l ik e ly  a par­
ticular e c o lo g ic a l  p rocess  is to a f fec t  var iab les o f  in ­
terest.

B a y e s i a n  In f e r e n c e  f o r  

E c o l o g i s t s

W hen w e  m a k e  a  sc ien ti f ic  g e n e r a l i z a t io n  w e  d o  no t  
a s s e r t  the  g e n e ra l i z a t io n  a n d  its c o n s e q u e n c e s  w i th  
c e r ta in ty ;  w e  a s s e r t  th a t  th e y  h a v e  a  h igh d e g r e e  o f  
p r o b a b i l i t y  on  the  k n o w le d g e  a v a i la b le  to us a t  the  
tim e,  b u t  th a t  this p r o b a b i l i t y  m a y  b e  m o d if ie d  b y  
a d d i t i o n a l  k n o w l e d g e .— Jeffreys  1931

B a y e s ia n  in ference  p rov ides  a m e ch a n ism ,  based on  
the probability  ca lcu lu s ,  to quantify  the uncertainty in 
param eter e st im ates ,  and to d eterm ine  the probability  
that an ex p l ic i t  sc ien tif ic  h y p o th e s is  is true g iv en  
( “ c o nd it io na l  o n ” ) a set o f  data. B a y e s ia n  in ference  
treats statist ical param eters as random  variab les (Table  
1), and u ses  a l ik e l ih o o d  function  to ex p ress  the relative  
p la u s ib i l i ty  o f  obta in in g  d ifferent  v a lu es  o f  this param ­
eter w h e n  particular data have  been  o b s e r v e d  (M c-  
C u lla g h  and N e id er  1991).

B a y e s ia n  p a r a m e t e r  e s t im a t io n

B a y e s ia n  parameter e s t im a tio n  b e g in s  w ith  the o b ­
servation  that the jo in t  probability  o f  tw o  e v en ts ,  P (0
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.v), equa ls  the product o f  the probability  o f  o n e  o f  the  
e v e n ts  and the c o nd it io na l  probability  o f  the se c o n d  
e v en t  g iv e n  the first one .

p(.v)P(9|.v) = m o  = m m .v |e ) .  (2 )
Rearranging term s in Eq. 2 y ie ld s  an e x p r es s io n  for  
P(0|.O, or the p o s t e r i o r  p r o b a b i l i t y  o f  obta in in g  the  
param eter 0 g iv en  the data at hand

P (x  1 0) • P (0)m  IO =
P M

(3)

T h is  e x p r es s io n  is k n o w n  as B a y e s ’ theorem  (B a y e s  
1763).  In this e x p r es s io n ,  P (0 )  is the p r i o r  p r o b a b i l i t y  
o f  obta in ing  the sp ec if ied  parameter. In other  words ,  
P (0 )  is the probability  o f  o b s e r v in g  0 that is ex p e c te d  
by the invest iga tor  b e fo re  the e xperim en t  is co ndu cted .

There  are three interpretations o f  the prior proba­
bil ity  /^(O) (C ox  and H in k ley  1974):  (1)  a freq uency  
distr ibution w h o se  parameters reflect a n a ly s is  and s y n ­
thes is  o f  e x is t in g  data ( se e  T aylor  et al. 1996  for  an 
ex a m p le ) ;  (2 )  an “ o b j e c t iv e ” statem ent o f  what is  ra­
tional to  b e l ie v e  about the initial parameter or  d istr i­
bution , g iv e n  initial ig no ra nce  o f  this parameter (see  
L u d w ig  1 9 9 6  and Ver H o e f  1 9 9 6  for  e x a m p les ) ;  or (3)  
a su bje c t iv e  m easure  o f  what the invest iga tor  actually  
b e l ie v e s .  (W o lfso n  1996 ,  and references  therein, d i s ­
c u s s e s  h o w  to e l ic it  such  sta tem en ts  o f  b e l ie f . )

E c o lo g i s t s  and others trained in frequentist  statist ics  
are m o st  l ik e ly  to use  the first or se c o n d  interpretation  
o f  P (0 )  w h en  d e s ig n in g  and a n a ly z in g  an e xperim en t .  
T he in form ation  required to construct  P (0 )  as a fre­
q u en cy  distr ibution n o rm ally  is reported qual ita t ive ly  
in the introduction to a research paper or in d escr ip t ion s  
o f  s tudy  s ites  and study s p e c ie s ,  but these  data rarely  
are used  quantitat ive ly ,  e v en  in rev iew  papers (Peters  
1991) .  O b je c t iv e  s ta tem en ts  o f  P (0 )  ref lect ing  total i g ­
norance  can be e x p r es sed  w ith  n o n in fo rm a t iv e  priors,  
su ch  as P (0 )  =  a un iform  distr ibution ,  w h ere  all va lues  
are e q u a l ly  l ik e ly  (Je ffreys  1961 ; se e  L u d w ig  1 9 9 6  for  
an e x a m p le ) .  H ow ev er ,  s in c e  sc ien tif ic  research is an 
increm enta l  pro cess ,  in w h ic h  n e w  h y p o th e se s  are 
b a sed  on preex is t in g  data, it is un l ik e ly  that w e  w o u ld  
e v er  be  in a s ituation o f  c o m p le t e  ignorance  regarding  
p o s s ib le  v a lu es  o f  hy p o th e t ica l  parameters (W o lfso n  
1996) .

T h e  other term in the numerator, P (x  | 0) is F is h e r ’s 
l ik e l ih o o d  f u n c t io n  for  the param eter ( B o x  and T iao  
1973 ,  R e c k h o w  1990) .  T h e  d en o m in a to r  is the e x p e c te d  
v a lu e  o f  the l ik e l ih o o d  fu n ct io n ,  and acts as a sca l in g  
co n sta n t  that n o rm a l izes  the su m  or integral o f  the area  
under  the poster ior  probab il i ty  d istr ibution. B e c a u s e  
the  deno m ina to r  in Eq. 3 is a constant,  this equation  
has the  form  of:

p o s t e r i o r  p r o b a b i l i t y  °c l i k e l i h o o d  X  p r i o r  p r o b a b i l i t y .

T h is  sta tem ent ind ica tes  that the  l ik e l ih o o d  fu n ct io n  is 
what m o d if ie s  prior k n o w le d g e  into  poster ior  e x p e c ­
tations (B o x  and T iao  1973) .

A s im p le  e x a m p le  o f  parameter e s t im a tio n  illustrates  
the use  o f  Eq. 3 and the interaction  b e tw e en  the in ­
v est iga tors '  prior probability  d istr ibutions  and the l ik e ­
l ih o o d  function .  C o n s id er  tw o  e c o lo g i s t s  interested in 
e st im a t in g  the fraction o f  fo l iar  area (here  denoted  by  
ß )  o f  red spruce  (P ic e a  ru b en s  Sarg .)  a f fec ted  by a pre­
d efined  concen tra t ion  o f  ac id  d e p o s it io n  in a prev iously  
unstudied  location  in Verm ont.  T h e  first e co lo g i s t  (A)  
has e x te n s iv e  e x p e r ie n c e  w ith  red spruce  at other sites  
in Verm ont,  and before  v is i t in g  the n e w  study site, she  
est im a te s  ß  to be  0 .4  ±  0 .0 5  (m ean ±  1 s d ) ,  and asserts  
that pop u la t ion  va lues  o f  ß  form  a norm al distribution; 
in statist ical notation, ß  — N  (0 .4 ,  0 . 0 5 2). Therefore,  
e c o lo g i s t  A’s p r i o r  p r o b a b i l i t y  fun ct ion  (so l id  black l ine  
in Fig.  1 ) is:

^ , ( ß )  =
V 2 tt • 0 .05

exp
0.4

0 .05
(4)

In add ition  to be ing  an ex p r es s io n  o f  p o s s ib le  va lues  
for ß. Eq. 4  is a lso  a testab le  h y p o th e s is  about the  
distr ibution o f  p o s s ib le  ß va lues .  T h e  se c o n d  e co lo g i s t  
(B )  has m uch  les s  e x p e r ien ce  w ith  red spruce  in Ver­
mont,  and e s t im a tes  ß ~  ^ ( 0 . 2 ,  0 . 1 2). Therefore,

P B( ß )  = V â ï r - O . l
exp

1 / ß  -  0 . 2

’ 2 I 0.1
(5)

(dotted  l ine  in F ig .  1).
S u b seq u en t  to o b ta in in g  adequate  fun d ing ,  these  tw o  

e c o lo g i s t s  m easure  ß by g r o w in g  10 red spruce  se e d ­
l in gs  in a co ntro lled  e n v iro n m en t  and app ly in g  nitric 
acid  at a sp ec if ied  concentration .  T h e  results are b =  
{ 6 „  . . . , ¿>]0} va lues  that are norm ally  distributed with  
m ean b =  0 .3  and standard d ev ia t io n  0 .0 7 5 .  T he  stan­
dardized l ik e l ih o o d  fun ct ion  (sh aded  c u rv e  in F ig .  1) 
for this result  is ~  N (b,  [ s / V n ] 2), w here  the variance  
=  the squared standard error o f  the  m ean .  F o l lo w in g  
B o x  and T iao  (1 9 7 3 ) ,  the poster ior  d istr ibution o f  ß 

g iv en  { ¿ ;}, P ( ß  I b) ,  ~  N (ß„ ,  ct„2), w here

ß„ =
1

Wo +
(w0ßo -t- w„b)

and

(6)

(7)

n =  the sa m p le  s iz e ,  ß 0 is  the prior m ean,  vv0 =  l/cr02 
( the rec iprocal  o f  the prior var iance)  and w„ =  nIs2. In 
this e x a m p le ,  e c o lo g i s t  A  reports a poster ior  est im ate  

o f  fo l iar  lo ss  ß„ =  0 .3 1 8  ±  0 .0 2 1  (m ea n  ± 1  s d ) ,  w h ile  

e c o lo g i s t  B reports ß„ =  0 .2 9 5  ±  0 .0 2 3 .
D e sp i te  the large in it ia l  d i screp a n c ie s  b e tw e en  the  

tw o  e c o l o g i s t s ’ e s t im a te s  o f  ß and their d if fer ing  d e ­
g rees  o f  cert itude  in their e s t im a te s  (ex p r essed  as each  
e c o l o g i s t ’s prior ct02), the app lica t ion  o f  B a y e s ia n  in ­
feren ce  to their data f o l lo w in g  a s in g le  ex p er im en t  
l ead s  to c lo s e  ag reem en t  o f  their su b seq u en t  parameter
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PRIORS AND LIKELIHOOD FUNCTION
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F i g . 1. Top: i llustration o f  the rela tionship between the 
two hypothetical prior probabili ty distributions described by 
Eqs. 6 and 7, and the l ikelihood function based on the h y ­
pothetical experimental data.  Bottom: Posterior probability 
distributions resulting from applying Bayes ' theorem to the 
top panel.

es t im a tes  (F ig .  1). S in c e  B a y e s ia n  in feren ce  is an it­
erative  p r o ces s ,  the poster ior  probability  distr ibution  
o f  ß  o bta ined  by this e x p e r im en t  can  n o w  be used  as 
the prior probab ility  d istr ibution  for  a n e w  set o f  e x ­
per im ents ,  sh o u ld  further ref inem ent o f  this e st im ate  
or add itional  h y p o th e s i s  tes t ing  be required.

T h is  e x a m p le  a lso  i l lustrates a general  pr inc ip le  o f  
B a y e s ia n  in ference .  For param etric  d istr ibutions ,  as 
lo n g  as the l ik e l ih o o d  fu n ct io n  “ d o m in a t e s ”  the prior  
distr ibutions  ( i .e . ,  w 0 «C vv„), the data w il l  h a v e  a m uch  
greater e f fe c t  on the p os ter ior  probability  fu n c t io n  than  
w il l  the prior (B o x  and T iao  1973) .  T h e y  a lso  point  
out that this c o n fo r m s  to standard sc ien t if ic  practice.  
If  the prior d o m in a te s  the l ik e l ih o o d ,  then the e x p e r i ­
m ent is probab ly  irrelevant,  s in c e  that im p l ie s  the e x ­
is te n c e  o f  m ore  prior in form ation  than the su bseq uent  
ex p e r im en t  can su pp ly  to in f lu e n c e  poster ior  est im ates .  
T his  is an im portant result,  as o n e  o f  the c o m m o n  crit­
ic i sm s  o f  B a y e s ia n  in fe re n c e  is that s p e c i f y in g  a prior

probability  d istr ibution is a su bject ive  process  that is 
inappropriate  to sc ien t if ic  research, w herein  the data  
are e x p e c te d  to sp ea k  for th e m se lv e s .  Reca l l ,  however,  
the su bje c t iv e  nature o f  what sc ien t is ts  regularly do.  
We rarely, i f  ever, test  all p o s s ib le  h y p o th eses ,  and m ost  
o f  us use  substantial prior k n o w le d g e  about the b e ­
havior  o f  a sy s tem  in d e s ig n in g  our experim en ts  (e .g . ,  
B erger  and Berry  1988 ,  John son  1990 ,  L ew o n t in  1991) .  
U n lik e  c la s s ica l  frequentist  statist ical practice, B a y e ­
sian in fe re n c e  requires the invest iga tor  to state a s ­
su m p t io n s  e x p l ic i t ly  and use  p re-ex is t ing  inform ation  
quantita t ive ly  in order to def ine  the prior distribution  
or hy p o thes is .

Each e c o lo g i s t  can p lace  a 95%  B a y es ia n  credibil ity  
interval  on  her es t im ate  o f  ß:

P(ß„ - i V d  <  ß <  ß„ + i V d ) =  0 .9 5  (8)

wh ere  D  =  û 2 from  Eq. 7 (Efron 1978).  W hile  the 
B a y e s ia n  cred ib il ity  interval (or bounds on the p o s te ­
rior probab ility )  is ca lcu la ted  a n a lo g o u s ly  to a fre­
quentist  co n f id e n c e  interval  (Eq. 1), the interpretations  
are v ery  d ifferent  (Table 1). B e c a u se  B a y e s ia n  infer­
e n c e  treats statist ical  e s t im a tes  (here, ß) as random  
var iab les ,  in this e x a m p le  the interpretation o f  Eq. 8 is 
that 95%  o f  the potentia l  v a lu es  o f  ß w il l  fall  w ithin  
the bou nd aries  o f  the cred ib il ity  interval.  If  the in v e s ­
tigator u ses  a n o n in fo rm a tiv e  prior, the bounds o f  Eq. 
8 w i l l  equal the bou nd s o f  Eq. 1. H ow ever ,  g iv en  so m e  
prior in form ation ,  Eq. 8 norm ally  w i l l  be narrower than  
Eq. 1 (e .g . ,  D e e ly  and Z im m er  1969) .

B a y e s ia n  h y p o th e s i s  tes ting

A ltern ative  prior probability  distr ibutions for sp e ­
cif ic  param eters can  a lso  be  v i e w e d  as m ult ip le  w orking  
h y p o th e se s .  B a y e s ’ theorem  (Eq. 3) can be ex ten ded  
to a s s e s s  the re lat ive  probab il i t ie s  o f  such alternative,  
quantita t ive  h y p o th e se s  g iv e n  the a va i lab le  data (e .g . ,  
Je ffrey s  1961 ,  Iversen  1984 ,  R e c k h o w  1990, Bernardo  
and S m ith  1994) .  A l th o u g h  a frequentist  a na lys is  at­
tem pts  to “ reject” an h y p o th es is ,  and a B a y es ia n  
sp eak s in term s o f  its “ l ik e l ih o o d ,” both probably  
w o u ld  agree  that s tatist ical  h y p o th es is  test ing  should  
b e  used  to a sse s s  the e v id e n c e  in favor  o f  the null  
h y p o th es is .

For m u lt ip le  h y p o th e se s  / / , ,  Eq. 3 can be genera lized:

ƒ>(ƒƒ, \x )  

w here

P ix )  =

P (x  1 H,) ■ P (H :) 

P ix )

2  P { x \ H J) P ( H J)
I P {x  IH ) ■ P (H ) d H

H  d isc re te  
H  continuous

(9)

( 10)

again  is a sc a l in g  constan t  equal to the su m  o f  the  
cond it iona l  probab il i t ie s  P (x  \ H¡) w e ig h te d  by their pr i­
or probab ili t ie s  p iH j) .  T h e  ratio o f  the poster ior  prob­
abi l it ie s  o f  tw o  alternative  h y p o th e se s  (o ften  ca l led  the
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T a b u : 2. Interpretation of  Bayes factors suggested by Jeffreys ( 1961) and Kass  and Raftery (1995).  In this table, the value 
given is based on / Í t he evidence against H0. where the likelihood o f  H0 would be the denominator and the likelihood 
o f  / / ,  would be the numerator in Eq. 11. This reciprocal o f  the l ikelihoods given in Eq. 11 is how most ecologists would 
be likely to use Bayes factors in day-to-day research.

Jeffrey;i (1961) Kass and Raftery (1995)

log|n(/í|„) B w Evidence against H„ 2 x  log,(ß,„) B Evidence against H 0

0 -0 .5 1-3.2 Not worth more than 0 -2 1-3 Not worth more than
a bare mention a bare mention

0.5-1 3 .2 -1 0 Substantial 2 -6 3 -2 0 Positive
1-2 10-100 Strong 6 -1 0 20-150 1 Strong
> 2 > 1 0 0 Decisive > 1 0 > 1 5 0 Very strong

“ o d d s  r a t i o ” ) g i v e s  t h e  r e l a t i v e  e v i d e n c e  f o r  o n e  h y ­

p o t h e s i s  o v e r  a n o t h e r :

^(//,,1-v) =  P (H 0) P i x \ H n)
P ( H t |.v) P ( H , ) ' P ( x \ H lY

Eq. 1 1 is o f ten  stated as:

p o s t e r i o r  o d d s  =  p r i o r  o d d s  X  ß 01

and B m is c a l le d  the “ B a y e s  fa c to r ” (rev iew ed  by Kass  
and Raftery  1995) .  Je f frey s  ( 1 9 6 1 )  and K ass  and R a f ­
tery ( 1 9 9 5 )  p ro p o sed  s c a le s  us ing  B a y e s  factors with  
w h ic h  to d e c id e  w h eth er  or not data fail  to  support H a 
or fa v o r  H,  (Table  2 ) .  N o te  that i f  tw o  h y p o th e se s  are 
c o n s id e r e d  to be e q u a l ly  l ik e ly  a priori (P ( H 0) =  P ( H ,) 
=  0 .5 ) ,  then the B a y e s  factor  =  the posterior odds in 
favor  o f  /ƒ(,. If  tw o  h y p o th e se s  are s im p le  distr ibutions  
(all param eters sp ec i f ied ) ,  and H 0 is nested  w ith in  ƒƒ,, 
then is s im p ly  the standard l ik e l ihood  ratio ( R e c k ­
h o w  1990 ,  K ass and Raftery  1995) .  For nested  h y ­
p o th eses ,  i f  any param eter  (e .g . ,  ex p e c te d  m ean,  vari­
a nce)  is u n k n o w n  for  e ither  o f  the h y p o th eses  ( so -c a l le d  
n u is a n c e  p a r a m e te r s ) ,  then the va lues  for  the term s o f  
B m m ust  be  o bta ined  by integrating (or su m m in g ,  in 
the d iscre te  c a se ) ,  n o t  m a x im iz in g ,  the l ik e l ih o o d  over  
the param eter  sp a ce  ( s e e  Eq. 10; Kass and Raftery  
1995) .  I f  H 0 and H¡ are not nested ,  then standard fre­
qu en t is t  l ik e l ih o o d  ratio tests  are inapplicab le  (K ass  
and R aftery  1995) .  U s e  o f  B a y e s  factors requires pa­
ram eter iza tion  o f  the prior. I f  the prior probability  d i s ­
tr ibutions are no n in fo rm a t iv e  (e .g . ,  the un iform  distr i­
bution ) ,  then B qi is a lso  undefined .

A s  an e x a m p le ,  c o n s id e r  a s im p le  co m p a r iso n  b e ­
tw e e n  t w o  m ea n s ,  w h er e  the m eans are each the  am ount  
o f  red sp ru ce  fo l ia g e  lo s t  to tw o  different app l ications  
o f  nitric  a c id  (n =  10 plants per treatment). T h e  null  
h y p o th e s i s  H 0 is p., =  p 2 ( ° r> eq u iv a len t ly ,  p ,  — p 2 =  
0 ) ,  and the  a lternative  H ,  is  p ,  ¥= p 2. A s s u m e  that the  
m e a n  r e s p o n ses  are X , =  0 .31  and X 2 =  0 .3 0 ,  and the  
u n d e r ly in g  p o p u la t io n s  are k n o w n  to be norm al,  w ith  
a 2 =  0 .0 1 .  A  standard (frequentist)  t  test  on  sim ulated  
data (drawn from  N ( 0 .3 1 ,  0 .0 1 )  and N (0 .3 0 ,  0 .0 1 ) )  finds  
that th ese  tw o  sa m p le s  are “ sign if ican t ly  d if feren t” at 
P  =  0 .0 1 6 .  For this s im p le  ca se ,  w h ere  the pop u la t ions  
are both  norm al and their var ian ces  are k n o w n ,  the  
p oster ior  o d d s  in fa v o r  o f  H 0 can  be  ca lcu la ted  us in g  
m e th o d s  ou t l ined  by C o x  and H in k ley  (19 7 4 :  Chapter

10). If  the prior probab ilit ies  o f  H 0 and H,  both equal  
0 .5 ,  then the poster ior  odd s in favor o f  H 0 in this e x ­
am ple  =  0 .0 6 .  E qu iva len t ly ,  this m ea n s  that the odds  
are = 1 7 : 1  in favor o f  the a lternative  h y p o th e s is  that 
the tw o  m eans are d ifferent.  T h is  p rov ides  “ p o s i t iv e ” 
(K a ss  and Raftery 1995)  to “ s tr o n g ” (Je ffreys  1961)  
e v id e n c e  in favor  o f  H,  (Table 2).  N o te  that i f  there  
w ere  a priori e v id e n c e  that H 0 w a s  m ore  l ik e ly  than 
/ƒ,.  then the posterior odd s in favor  o f  H 0 w o u ld  in ­
crease  as a function o f  P ( H 0) / P ( H ,). In addition , this  
pro cess  and attendant results are substantia lly  m ore  in ­
fo rm a tiv e  about the quantitative  im portance  o f  ac id  d e ­
p o s it io n  than a statem ent that s im p ly  rejects  a null h y ­
po th es is  that acid d ep o s it io n  has no e f fe c t s  on  spruce  
fo l ia g e .  R e c k h o w  (1 9 9 0 )  s im ilar ly  s h o w e d  that e f f e c ­
t ive  use  o f  prior probabilit ies  a l lo w e d  for b io lo g ic a l ly  
m ea n in g fu l  reso lu tion  a m o n g  stat is t ica lly  contrad ic ­
tory o u tc o m e s  o f  studies  ex a m in in g  e f fe c t s  o f  a c id i­
fication on sulfate  concentrations ,  acid neutra l iz ing  c a ­
pacity ,  and total base ca t io n s  in A d iro nd a ck  lakes.

I i llustrated a b o v e  ( F re q u e n t i s t  h y p o th e s i s  tes t ing )  
that as sa m p le  s ize  increases ,  it b e c o m e s  increasing ly  
un lik e ly  to  accept  H 0 for a f ixed s ig n i f ica n ce  lev e l  (e .g . ,  
a  =  0 .0 5 ) ,  and that to d ist in gu ish  b io lo g ic a l  s ig n i f i ­
c a n ce  from statistical s ig n if ica n ce ,  the a  lev e l  should  
be red uced  as sa m p le  s iz e  increases  (R aftery  1995).  
A lth o u g h  there are no frequentist  g u id e l in es  for such  
reductions ,  C o x  and H in k ley  ( 1 9 7 4 )  illustrate that the  
poster ior  odds in favor  o f  H a sca le  direct ly  w ith  sam p le  
s iz e  for a g iv en  s ig n i f ica n ce  lev e l .  H ow ev er ,  they find 
that, w h en  contrasting m ea n s  from  norm al distr ibutions  
w h ere  the var iances b e tw e en  treatments are approxi­
m a te ly  equal,  the posterior odds in favor  o f  H 0 w i l l  be  
ro u g h ly  constant  i f  the a  is red uced  as a fun ct ion  o f  n 
lo g (n ) ,  w h ere  n is sa m p le  s ize .  Thus,  the  frequentist  
and B a y e s ia n  approaches  to h y p o th e s is  tes t ing  g iv e  
c o m p a ra b le  results w ith  respect to the  “ truth” o f  H 0 i f  
a  is reduced  as n increases  (C o x  and H in k ley  1974).  
N o te ,  how ev er ,  that a frequentist  w o u ld  not a sse s s  d i ­
rect ly  the probability  in f a v o r  o f  e ither  the null  or the 
a lternative  hyp othesis .

B a y e s ia n  in ference  is  not l im ited  to param eter  e s t i ­
m ation  or s im p le  h y p o th e s is  test ing .  T here  are B a y e ­
sian procedures  to perform  p o s t -h o c  m u lt ip le  com par­
iso n s  a m o n g  m eans (W aller  and D u n ca n  196 9 );  to  c o n ­
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struct and lest a lternative  reg ress io n  m o d e ls  (e .g . .  Har- 
tigan 1969 .  H o a d ley  1970. L in d lev  and Sm ith  1972.  
B o x  and T iao  1973 ,  Halpern 1973. D e m p ster  et al. 
1977);  to e s t im a te  the re la t ive  im portance  o f  var iance  
c o m p o n e n ts  in c o m m o n  A N O V A  m o d e ls  (f ixed e f fe c t s  
m o d e ls ,  random  e f fe c t s  m o d e ls ,  m ix ed  m o d e ls ,  b lock  
d es ig n s ) ;  to a na ly z e  t im e-se r ie s  m o d e ls  ( e .g . .  Spall  
1988 ,  P o le  et al. 1994);  and to conduct  sen s it iv i ty  ana l­
y se s  o f  s im ula t io n  m o d e ls  w h o s e  param eter ization  is 
uncertain (R aftery  et al. 1995).

B a y e s i a n  I n f e r e n c e , A d a p t i v e  

M a n a g e m e n t , a n d  E n v i r o n m e n t a l  

D e c i s i o n - m a k i n g

E c o lo g ic a l  u n d e r s ta n d in g  o f  c o m p le x  p h e n o m e n a  is  
e s s e n t ia l  i f  s o c ie ty  is  to  a n tic ip a te  a n d  a m e l io r a te  
th e  e n v ir o n m e n ta l  e f fe c ts  o f  h u m a n  a c tiv i t ie s .— Lub-  
c h e n c o  et al. 1991

E c o lo g i s t s  cannot  ignore  an th rop ogen ic  im pacts  on  
the b io sp here ,  and m any  o f  us want to contr ibute  su b ­
s tan t ive ly  to d e c is io n -m a k in g  p ro c es se s  surrounding  
env iro n m en ta l  p ro b lem s (e .g . .  Orians et al. 1986 ,  Lub-  
c h e n c o e t a l .  1991 ,  Shrader-Frechette  and M c C o y  1993.  
V ito u sek  1994 .  H u e n n ek e  1995, U n d e r w o o d  1995).  
D e sp ite  V i t o u s e k ’s ( 1 9 9 4 )  assert ion  that w e  are certain  
that there are a num ber  o f  c o m p o n e n ts  o f  g lo b a l  e n ­
vironm enta l  ch a n g e  that are occurring and are dr iven  
by hum an a c t iv it ie s ,  a quantitat ive  ex p r es s io n  o f  that 
certitude, stated in a w a y  that is m ean ingfu l  to d e c i s io n ­
m akers,  norm ally  is absent from e c o lo g ic a l  pu b l ica ­
tions.  T he  lack o f  quantif iable  uncertainty o ften  is used  
by e c o lo g i s t s  to ju s t i fy  their lack o f  in v o lv e m e n t  with  
the d e c is io n -m a k in g  pro cess ,  and by so m e  d e c is io n  a n­
a lysts  as a v e h ic le  to a v o id  us ing  sc ien tif ic  in form ation  
in the pro c es s  ( U n d e r w o o d  1 9 9 5 :2 4 2 ) .  H o w ev er ,  un ­
certa in ty  is fun dam enta l  to a l l  sc ien tif ic  a c t iv i t ie s ,  and 
p e o p le  regular ly  m a ke  d e c is io n s  based  on uncertain  
data (e .g . ,  w eather  forecasts) .  L u d w ig  et al. (1 9 9 3 )  
c lear ly  i llustrated that ig n o r in g  e c o lo g ic a l  uncertainty  
has led  repeated ly  to  e n v iron m en ta l  catastrophes.

M o st  form al fr a m ew o rk s  for m aking  d e c i s io n s  e x ­
p l ic i t ly  incorporate  uncertainty  by us in g  o d d s  ratios  
(Eq. 11) to  d e c id e  a m o n g  a lternative  co u r se s  o f  action  
(e .g . ,  C h e r n o f f  and M o s e s  1959, L in d ley  1971 ,  B erger  
1985 ,  Sm ith  1988 ,  C h e c h i le  and C ar l is le  1991) .  For  
any situation  in w h ic h  a d e c is io n  m ust  be m ade ,  there  
is a p rob lem  to be so lv e d ,  a set o f  p o s s ib le  ac t ion s ,  a 
set o f  uncertain e v en ts  a sso c ia ted  with e a ch  act ion ,  and  
a set  o f  c o n s e q u e n c e s  that can occu r  su b seq u en t  to the  
e v en ts  (B ernardo  and S m ith  1994) .  T h e  d e g r ee  o f  un ­
certainty  that a particular e v en t  w il l  o ccu r  can  be e x ­
p ressed  qu ant ita t ive ly  as a prior probability ,  the d e c i ­
s io n  can be seen  as an ex p er im en t ,  and potentia l  c o n ­
s e q u e n c e s  can be e s t im a ted  as poster ior  probab ilit ies .  
E ach  p o s s ib le  c o n s e q u e n c e  a lso  needs  to be a ss ig n ed  
a quantita t ive  va lue  (usua l ly  referred to as its  u til i ty ,  
L in d le y  1971) .  A lth o u g h  m o st  o ften  e x p r es sed  in m o n ­

etary terms, the util ity  need o n ly  e x p res s  so m e  stan­
dardized  va lue  that ind iv idu a ls  or so c ie ty  p lace  on each  
h y p o th e s iz e d  o u tc o m e .  For e x a m p le ,  the uti l it ies  o f  d i f ­
ferent e m is s io n -c o n tr o l  p o l i c ie s  c o u ld  be ex pressed  as 
e x p e c te d  c h a n g e s  in net p h o to sy n th e tic  rates o f  affected  
trees.

B a y e s '  theorem  is used in d e c is io n  a na lys is  to e s ­
tim ate the c o n se q u e n c e s  o f  a d e c is io n  (as posterior  
probab il i t ie s)  ba sed  on uncertainty  (prior probability)  
and e v en ts  ( l ik e l ih o o d  fun ct ions ) .  B a y e s ia n  d ec is io n  
theory  d em onstra tes  that the op t im al  d e c is io n  is the  
o n e  that m a x im iz e s  the product o f  the util ity  and the  
poster ior  probability  o f  the c o n se q u e n c e  o f  the g iv en  
d e c is io n  (e .g . ,  L in d ley  1971 ,  B erger  1985 ,  C h ech i le  
and C ar l is le  1991) .  A lternative ly ,  Shrader-Frechette  
and M c C o y  ( 1993)  su g g es t  that a m in im a x  de c is io n  rule  
( c h o o s e  the d e c is io n  for w h ic h  the m a x im u m  po ss ib le  
loss  or risk is m in im iz e d )  is preferable  in e n v iro n m en ­
tal d e c is io n -m a k in g ,  as it guards against  c h o o s in g  a 
course  o f  act ion  lead in g  to the m ost  e g re g io u s  e n v i ­
ronm enta l  im pacts  (recall  Peterm an 1990) .  H ow ever ,  
Bernardo and Sm ith  ( 1 9 9 4 )  point out that the m in im a x  
rule (w h ic h  d o e s  not d ep en d  on a prior probability  d i s ­
tribution) is eq u iv a len t  to the B a y e s  d e c is io n  rule that 
u ses  the prior probability  distr ibution a sso c ia ted  with  
the h ig h es t  e x p e c te d  risk. In other words ,  the m in im ax  
d e c is io n  rule is appropriate in e nv iron m en ta l  situations  
o n ly  w h en  prior data p rov ide  strong e v id e n c e  for su b ­
stantial n e g a t iv e  e f fe c ts  (and d o m in a te  the l ik e l ih o o d  
fu n ct io n s ) .  T h is  is l ik e ly  to be  the c a se  o n ly  w h en  there  
is substantial prior in form ation  and little uncertainty  
about p o s s ib le  o u tc o m es .

H ow ev er ,  e n v iron m en ta l  d e c is io n s  rarely are m ade  
in l ight o f  c o m p le te  and certain data, so  d e c is io n s  
sh o u ld  be m a de  in w a y s  that reflect the uncertainty and  
that can  be m odif ied  w h e n  n ew  data b e c o m e  availab le .  
“ A d a p t iv e  m a n a g e m e n t” ( e .g . ,  H o l l in g  1978 ,  Orians  
et al. 1986 ,  L ee  1 9 9 3 )  incorporates initial uncertainty,  
treats d e c is io n s  as h y p o th e se s  to be tested ,  and d e ­
m ands that m anagers  learn from  the c o n se q u e n c e s  o f  
their d e c is io n s  and alter their d e c is io n s  (and im p lem en t  
n e w  d e c is io n s )  acco rd in g ly .  A d a p t iv e  m a n a g em en t  is 
p r e c ise ly  a n a lo g o u s  to an iterative  B a y e s ia n  learning  
and d e c is io n  p rocess .  Prior in form ation  is spec if ied ,  
d e c is io n s  are m ade,  and c o n se q u e n c e s  are observed .  
T he c o n se q u e n c e s  are treated not as final events ,  but  
as n e w  so u rces  o f  in form ation  (n e w  prior probability  
fu n ct io n s )  for su bseq uent  “ e x p e r im e n ts” (even ts ,  l ik e ­
l ih o o d  fun c t io n s )  that lead  to m o dif ica t io ns  in m a n ­
a g e m en t  practices  (n e w  d e c is io n s ) .  A s  su g g es ted  by  
H o ll in g  ( 1 9 7 8 ) ,  O rians et  al. (1 9 8 6 ) ,  and U n d e r w o o d  
( 1 9 9 5 ) ,  e c o lo g i s t s  can contr ibute  to this pro cess  at all 
s tages .  W e can gather, sy n th e s ize ,  and m e ta -a n a ly ze  
in form ation  to construct  prior h y p o th e se s ,  w e  can treat 
d e c is io n s  as exper im en ts ,  and w e  can ana ly ze  results  
as poster ior  h y p o th e se s  to be  tested  rather than as d o n e  
dea ls .  B a y e s ia n  in ference  and d e c is io n  theory  prov ide  
a quantita t ive  fram ew ork  and in te l l ig ib le  la n g u a g e  in
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w h ic h  to a na ly z e  and ex p r es s  adaptive  m anagem en t  
procedures .

C o n c l u d i n g  R e m a r k s

W h at is  un k n o w n  a n d  o f  in te r e s t?  H. W hat is  k n o w n ?  
X. C a lc u la t e  P ( H \ X ) .  H o w ?  The p r o b a b i l i t y  c a lc u lu s  
is the  o n ly  tool.  The B a y e s ia n  a rg u m e n t  p r o v i d e s  a 
r e c ip e .— L ind ley ,  in Efron 1986

T h e o r y  and m eth o d s  o f  B a y e s ia n  in ference  h a v e  d e ­
v e lo p e d  rapidly in the last 5 0  yr, but they are stil l  d i s ­
c u s s e d  rarely, i f  at all,  w h ere  e c o lo g i s t s  encounter  and  
learn statist ics:  in introductory  statist ics c la s se s  and 
bio m e try  tex tb o o k s .  Efron ( 1 9 8 6 )  argued that B a y es ia n  
in feren ce  is app lied  rarely to  sc ientif ic  data ana lysis  
b e c a u se  it is m ore  diff icu lt  to so lv e  for B a y e s ia n  p o s ­
terior probab i l i t ie s  than it is to  co m pute  P  va lues .  For  
so m e  e c o lo g i c a l  data, Eq. 9  w o u ld  require integration  
o f  fu n c t io n s  that m ay  be  so lv a b le  on ly  by num erical  
app rox im ation .  A s  yet,  there is little e a s i ly  used  so f t ­
ware for co n d u ct in g  B a y e s ia n  ana lyses ,  but this is 
ch a n g in g  rapidly ( e .g . .  Sm ith  and G elfand  1992 .  Albert  
1993 ,  C o o k  and B r o e m e l in g  1995 ,  Kass and Raftery  
1995 ,  R aftery  et al. 1995 ,  Ver H o e f  1996) .  M any  e c o ­
lo g ica l  datasets  and h y p o th e se s ,  how ever,  c o u ld  be a n ­
a ly ze d  u s in g  B a y e s ia n  tech n iq u es  w ithout undue d i f ­
ficulty. B ernardo  and S m ith  ( 1 9 9 4 )  provide  form ulae,  
l ik e l ih o o d  fun ct ions ,  and m eth o d s  to ca lcu late  prior and 
poster ior  d istr ibutions  for  8 univariate and 2 m ult ivar­
iate param eter ized  d iscrete  distr ibutions,  and 16 un i­
variate and 8 m ult ivariate  param eter ized cont inuou s  
distr ibutions.  T h e  use  o f  B a y e s ia n  in ference  to analyze  
nonparam etr ic  data ( i .e . ,  w h ere  the distr ibution fu n c ­
t ions are u n k n o w n )  has to date rece ived  les s  attention  
(F erg u so n  1973 ,  L eonard  1978 ,  Bernardo and Sm ith
1994) .

C o n ce p tu a l ly ,  B a y e s ia n  in ference  is the m ost  
stra ightforw ard w a y  o f  a n a ly z in g  and interpreting our  
h y p o th e se s  in l igh t  o f  our data. A s  e c o lo g i s t s ,  w e  have  
a vast  store o f  natural h istory  and experim en ta l  data  
w ith  w h ic h  to address uncertain hy p o theses .  N e w  o b ­
serv a tio n s ,  e x p er im en ts ,  and statist ical a na ly se s  are the  
o n ly  to o l s  w e  h a v e  to ev a lu a te  crit ica lly  these  hy p o th ­
ese s .  I f  w e  are se r io u s ly  interested  in test ing  our h y ­
p o th e s e s  in l igh t  o f  our data, w e  should  use  to o ls  ap ­
propriate  to  the task.
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