
Why Models Predicting Bacteremia in General 
Medical Patients Do Not Work 

l ' n  this issue of the Jou rna l  of General Internal  Medi- 

.cine, Yehezkelli and his team describe the prospective 

validation of two clinical rules for the early prediction of 

bacteremia.  1 They conclude tha t  both models  showed 

marked deterioration in performance over the initial re- 

ports and emphasize caut ion in t ranspor t ing the resul ts  

to other populations.  Unders tanding the significance of 

this article requires a broader  view of clinical prediction 

rules in general and previous work in predicting bactere- 

mia in particular.  Several models have been developed for 

predicting bacteremia,  but  their  utility remains  debatable. 

The authors  of this current  s tudy chose two of the most  

popular  models.  

The first model was derived by Bates from a prospec- 

tive cohort of 1,318 patients. His team sampled all patients 

with blood cultures drawn at the Brigham and Women's  

Hospital during a several month  period from 1988-89. 2 In 

this original population, 1% of the low-risk group had bac- 

teremia compared to 16% of the high-risk group. Predictive 

factors included temperature,  type of disease, presence of 

chills, history of intravenous drug use, acute abdomen by 

physical exam, and major comorbidity. 

In contrast ,  the second model was developed by Lei- 

bovici using 244 patients  consecutively hospitalized be- 

cause  of a febrile illness. 3 Using this model, low-risk pa- 

t ients had a 5% incidence of bacteremia  compared to an 

incidence of 83% for high-r isk patients.  Predictive factors 

included se rum albumin,  presence of chills, functional 

s ta tus  by a modified Karnofsky scale, admiss ion diagno- 

sis of ur inary  tract  infection, and renal failure. 

Other models predicting the occurrence of bacteremia  

have been  developed. 4-s Three au thors  developed models 

for general medical  patients.  9-n In general, pat ients  deter- 

mined to be at low risk had an incidence of bacteremia  

ranging from 2% to 15%. High-risk pat ients  had bactere- 

mia rates ranging from 16% to 33%. The model by Moses 

and his team proved to be inconsis tent  from season to 

season even at the same hospital. 10 Seasonal  variat ion in 

the proport ion of Staphylococcal and Pseudomonas  or- 

ganisms contr ibuted to this instability. Pfitzenmeyer and 

his team found that  the subjective j udgmen t  of physicians 

had operating characteris t ics  very similar to their  predic- 

tion rule. 11 

The l i terature contains  many  applications of these 

models. 12 Proposed uses  include assist ing the physician 

in making clinical decisions involving the need to (1) ob- 

ta in blood cultures,  (2) give empiric antibiotic t reatment ,  

and (3) aggressively monitor  for clinical deterioration. 

Others have focused on us ing the models  to interpret  pos- 
itive blood cultures.13 

These models  have even been proposed as guidelines 

for qual i ty- improvement  and cos t -conta inment  efforts. 

For example, blood cul tures  and empiric antibiotics may 
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be withheld from low-risk pat ients  defined by these mod- 

els. Schwenzer  noted that  among all pat ients  who had 

blood cul tures  collected, the cost of a blood culture with a 

clinical impact  was 84,622 per patient, 5 because  of the 

low yield in the intensive care setting. Reducing the num-  

ber of blood cul tures  a s sumes  that  a clinician feels com- 

fortable not  testing or treating a pat ient  otherwise 

thought  to be at risk for bacteremia.  Although no formal 

decision analysis has  established a threshold for with- 

holding blood cul tures  or empiric antibiotics in the sett ing 

of suspected bacteremia,  we believe that  the threshold 

should be lower than  the percentage of bacteremia in the 

low-risk pat ients  from most  of these studies. 

Unders tanding the inadequacies  of these models re- 

quires a more in-depth discussion of clinical prediction 

rules in general. 14 There are three important  methodologi- 

cal quest ions about  discrimination,  transportabili ty,  and 

calibration. The first quest ion is, "Does the model dis- 

criminate between disease and non-disease?" The area 

under  the receiver operating characterist ic (ROC) curve 

gives the best  measure  of discrimination. ~5 To il lustrate 

this point, consider  two populations.  The first populat ion 

consists  of all bacteremic pat ients  admit ted to the medi- 

cal ward of a hospital  during one year. The other  popula- 

tion consists  of similar pat ients  without  bacteremia.  Now, 

randomly select a series of pairs with one member  from 

each populat ion and apply the prediction rule to deter- 

mine who is indeed bacteremic. The area under  the ROC 

curve gives the probability that  the prediction rule as- 

signs a higher  likelihood of bacteremia  to the pat ients  

who are actually bacteremic than  to the pat ients  who are 

not. An ROC area  of 1.0 represents  perfect discrimination, 

while an ROC area of 0.5 represents  discrimination no 

better than  chance  alone. In general, the ROC areas for 

these prediction rules range from 0.6 to 0.7. A clinically 

useful  model usual ly has  an ROC area of at least 0.7, and 

some excellent prediction rules have areas as high as 
0.85.16 

The second methodological quest ion is, "How trans-  

portable is the model?" One expects the area under  the 

ROC curve to remain stable as the model is tested in dif- 

ferent populations.  Before a model is accepted into rou- 

tine clinical practice, it should be validated under  several 

different c i rcumstances .  Some investigators use a single 

data set for both derivation and validation of the model. 

Here, the data  are arbitrarily separated into a training set 

and a testing set {often in a 2:1 ratio/. A more str ingent 

method employs a second data set for validation. Even 

with this approach,  a model validated at the development  

site might  not  t ransport  well to other sites. 

Several factors potentially impair transportabil i ty of 

prediction models. "Over fitting" causes  the model to cap- 

ture meaningless  idiosyncrasies of the training data  set. 
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As  o n e  a d d s  m o r e  v a r i a b l e s  to  t h e  mode l ,  t h e  a c c u r a c y  

c o n t i n u a l l y  i n c r e a s e s  for  t h e  t r a i n i n g  d a t a  se t ,  b u t  

r e a c h e s  a p e a k  a n d  t h e n  d e c l i n e s  for t he  v a l i d a t i o n  d a t a  

set .  H a v i n g  a t  l e a s t  10 p a t i e n t s  w i t h  t h e  l e a s t  c o m m o n  

o u t c o m e  for  e a c h  c a n d i d a t e  v a r i a b l e  l imi t s  t h i s  p r o b l e m .  

M a n y  s t a t i s t i c a l  t e c h n i q u e s  h a v e  b e e n  deve loped  to p re -  

v e n t  over  f i t t ing,  b u t  t h e  m o s t  i m p o r t a n t  p r i nc ip l e  c e n t e r s  

o n  u s i n g  v a r i a b l e s  s e l ec t ed  b a s e d  o n  k n o w l e d g e  of t h e  

c l in ica l  p r o b l e m ,  e i t h e r  f rom p r e v i o u s  d a t a  or  e x p e r t  op in -  

ion.  V a r i a b l e s  s h o u l d  b e  i n c l u d e d  on ly  if t h e y  m a k e  clini-  

ca l  s e n s e .  

In  a d d i t i o n ,  c a p t u r i n g  u n u s u a l  b u t  c l in ica l ly  m e a n -  

ing fu l  f e a t u r e s  of a p o p u l a t i o n  i m p a i r s  t r a n s p o r t a t i o n  of 

t h e  m o d e l  to  o t h e r  p o p u l a t i o n s .  Fo r  example ,  t h e  B a t e s  

m o d e l  re l ied  heav i ly  o n  t h e  p red ic t ive  p o w e r  of i n t r a v e -  

n o u s  d r u g  u s e  a n d  a n  a c u t e  a b d o m i n a l  p roces s .  T h e  in-  

f r e q u e n t  o c c u r r e n c e  of t h e s e  d i a g n o s e s  in  t h e  c u r r e n t  va l -  

i d a t i o n  s e t  w e a k e n e d  t r a n s p o r t a b i l i t y .  

I n c l u s i o n  of  v a g u e  e n d p o i n t s  o r  p r e d i c t i v e  v a r i a b l e s  

d e c r e a s e s  t h e  t r a n s p o r t a b i l i t y  of  t h e  m o d e l .  Fo r  e x a m p l e ,  

t h e  Leibovic i  m o d e l  u s e d  t h e  p r e s e n c e  of  ch i l i s  r e c o r d e d  

b y  s e v e r a l  d i f f e r en t  p h y s i c i a n s  a s  a b s t r a c t e d  f r o m  p a -  

t i e n t  c h a r t s .  Li t t le  ef for t  w a s  m a d e  to e n s u r e  r e l i ab i l i t y  

a n d  a c c u r a c y  of  t h i s  s u b j e c t i v e  v a r i a b l e .  F u r t h e r m o r e ,  

t h i s  s c a l e  u s e d  a n  u n v a l i d a t e d  m o d i f i c a t i o n  of t h e  Kar -  

n o f s k y  s c a l e  a s  a s u b j e c t i v e  d e t e r m i n a t i o n  of f u n c t i o n a l  

s t a t u s .  

T h e  i n h e r e n t  h e t e r o g e n e i t y  of b a c t e r e m i a  a l so  de-  

c r e a s e s  t r a n s p o r t a b i l i t y .  For  example ,  p n e u m o c o c c a l  b a c -  

t e r e m i a  in  a p a t i e n t  w i t h  p n e u m o n i a  a n d  g r a m - n e g a t i v e  

b a c t e r e m i a  in  a p a t i e n t  w i t h  p y e l o n e p h r i t i s  c a r r y  d i f fe ren t  

c l in ica l  i m p l i c a t i o n s .  E q u a t i n g  t h e s e  d i a g n o s e s  o v e r s i m -  

pl if ies  a c o m p l e x  p r o b l e m .  

Final ly ,  d i f fe ren t  c o h o r t  i n c l u s i o n  c r i t e r i a  u s e d  to de-  

ve lop  t h e  B a t e s  a n d  Leibovici  m o d e l s  i m p a i r  t r a n s p o r t -  

abi l i ty .  Leibovici  deve loped  h i s  m o d e l  f rom a p o p u l a t i o n  of 

p a t i e n t s  a d m i t t e d  w i t h  a febr i le  i l lness .  In  c o n t r a s t ,  B a t e s  

deve loped  h i s  m o d e l  f r o m  a p o p u l a t i o n  of  h o s p i t a l i z e d  pa -  

t i e n t s  w h o  s u b s e q u e n t l y  h a d  b l o o d  c u l t u r e s  t a k e n .  Again ,  

l i t t le  effor t  w a s  m a d e  to  e x a m i n e  t h e  d e c i s i o n  to d r a w  t h e  

c u l t u r e s  o n  t h e s e  p a t i e n t s .  In  c o n t r a s t ,  t h i s  c u r r e n t  val i -  

d a t i o n  s t u d y  u s e d  a g r o u p  of p a t i e n t s  a d m i t t e d  w i t h  s u s -  

p e c t e d  in fec t ion ,  n o t  all  of  w h o m  were  febrile.  D i f fe ren t  

p r e d i c t o r s  of  b a c t e r e m i a  in  t h e s e  d i f f e ren t  p a t i e n t  g r o u p s  

s e e m  logical.  

As  a t h i r d  m e t h o d o l o g i c a l  q u e s t i o n  o n e  m u s t  a l so  

a sk ,  "How well  c a l i b r a t e d  is  t h i s  m ode l ? "  C a l i b r a t i o n  re-  

f lec ts  t h e  a g r e e m e n t  b e t w e e n  t h e  r e s u l t s  p r e d i c t e d  by  t h e  

m o d e l  a n d  w h a t  is a c t u a l l y  o b s e r v e d .  In  c o n t r a s t  to d is -  

c r i m i n a t i o n ,  w h i c h  a p p l i e s  g lobal ly  to  a mode l ,  c a l i b r a t i o n  

invo lves  s u b - g r o u p s  of  p a t i e n t s  a t  v a r y i n g  levels  of  r isk .  

Fo r  example ,  c o n s i d e r  a p o p u l a t i o n  w h e r e  t h e  d o c u -  

m e n t e d  r a t e s  of  b a c t e r e m i a  for  p a t i e n t s  of low, i n t e r m e d i -  

a te ,  a n d  h i g h  r i s k  a r e  10%, 30%,  a n d  70%,  respec t ive ly .  A 

w e l l - c a l i b r a t e d  m o d e l  m i g h t  p r e d i c t  c o r r e s p o n d i n g  b a c t e r -  

e m i a  r a t e s  of  8%, 27%,  a n d  72%. In  t h i s  way,  c a l i b r a t i o n  

m e a s u r e s  h o w  c lose  t h e  p e r f o r m a n c e  of a n  i n d i v i d u a l  

m o d e l  m i r r o r s  rea l i ty  ove r  a r a n g e  of  p a t i e n t  types .  To b e  

u s e f u l  in  a s s i s t i n g  p h y s i c i a n s  w i t h  m e d i c a l  dec i s ion  m a k -  

ing, a m o d e l  m u s t  d e m o n s t r a t e  b o t h  good d i s c r i m i n a t i o n  

a n d  c a l i b r a t i o n .  

Next, a f t e r  c o n s i d e r a t i o n  of t h e s e  m e t h o d o l o g i c a l  is-  

s u e s ,  t h e  m o s t  i m p o r t a n t  r e m a i n i n g  q u e s t i o n  is, "How 

c l in ica l ly  u s e f u l  is  t h i s  mode l?"  A c l in ica l ly  u s e f u l  m o d e l  

m u s t  fulfill all  t h e  a b o v e  cr i te r ia .  In add i t i on ,  t h e  m o d e l  

s h o u l d  a l t e r  t h e  p r o b a b i l i t y  of d i s e a s e  or  p r o g n o s i s  s u c h  

t h a t  m a n a g e m e n t  c a n  b e  c h a n g e d .  T h e s e  m o d e l s  fail i n  

t h i s  c r i t e r ion .  B a s e d  o n  t h e  p o s t e r i o r  p r o b a b i l i t i e s  a s -  

s i g n e d  to p a t i e n t s ,  we w o u l d  n o t  feel c o m f o r t a b l e  modi fy-  

ing  o u r  c l in ica l  d e c i s i o n s  a b o u t  d r a w i n g  b lood  c u l t u r e s  or  

g iv ing  e m p i r i c  an t i b io t i c s .  

T h e  Yehezkel l i  p a p e r  d i s c u s s e s  t h e  p r o b l e m  of c l in ica l  

u t i l i ty  in  de ta i l  a n d  i t  u s e s  s o u n d  t e c h n i q u e s  to a s s e s s  

t h e  va l id i ty  of t h e  mode l s .  Whi le  t h e  m o d e l s  d id  n o t  pe r -  

f o rm  well, t h e  a u t h o r s  p rov ide  a n  exce l l en t  b l u e p r i n t  for 

t h e  v a l i d a t i o n  p roces s .  T h e  r e s u l t s  of t h i s  c u r r e n t  s t u d y  

fall n ice ly  in  l ine  w i t h  p r e v i o u s  work .  T h i s  l a t e s t  p a p e r  

e m p h a s i z e s  t h e  n e e d  to deve lop  r o b u s t  m o d e l s  b a s e d  o n  

speci f ic  c l in ica l  p r o b l e m s  a n d  to d e m a n d  r i g o r o u s  va l ida -  

t_ion be fo re  c l in ica l  application.---JEROAN J .  ALLISON, MI),  

Assistant  Professor, Division of  General Internal Medicine; 
ROBERT M. CENTOR, MD, Professor and Director, Division of 

General Internal Medicine, University of  Alabama at Bir- 

mingham, A L  
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