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' n  the vigorous marketplace where managed care p lans  

.compete on the basis  of cost and  quality, doctors now 

expect that  they will be judged, not  only on clinical, bu t  
also on financial performance. Any credible rat ings for 

doctors and  hospitals tha t  emerge from this process m u s t  
ad jus t  for baseline pat ient  risk, because the sickest pa- 
t ients  are no t  evenly distr ibuted across providers. A vari- 

ety of severity measures ,  particularly for hospitalized pa- 
tients, are now available~; how well they work is crucial to 

the accuracy and  fairness of performance assessments .  
Whether evaluating colleagues or being judged them- 

selves, physicians will bear  most  of the consequences  of 

performance comparisons.  Physicians therefore need to 

become informed about  severity measures,  not only for 
seK-protection, bu t  also to be able to use them appropriately 
and  wisely. Already many  physicians have been approached 

by their hospital  adminis t ra tors  to help select a severity 
measure,  either for in ternal  quality management  or to re- 

spond to external demands  of payers and purchasers .  

Unders tanding  the many  severity measures  available 
for hospital pat ients  is a challenge. Many are costly com- 
mercial products,  and their underlying logic and  rules for 
rat ing severity are protected as trade secrets. 2 Severity 

measures  vary widely in  the types of clinical and  other 
data  they employ and  the rat ings they produce. Even if 

the variables used for rat ing severity are revealed, the 

weights assigned to them and  the exact scoring approach 
often are not. Without  this information, it is virtually im- 
possible for physicians  to evaluate whether  the measure  

reflects the way they really th ink about  severity of illness. 
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In addition, the few objective comparisons of these sever- 

ity measures  published to date suggest that  severity mea- 

sures have very different statistical abilities to predict 
outcomes, a-7 and  sometimes produce very different rat- 
ings of pat ients  67 and hospitals, a-5 Therefore, the choice 

of severity measure  could substant ia l ly  affect perceptions 

of provider performance. 
This review introduces several of the issues involved 

in examining the various severity measures  for hospital- 
ized patients.  We categorize the types of rat ings severity 
measures  produce and  at tempt  to provide a sense of haw 
they operate. Using several case studies, we demonstra te  

some of their differences and  similarities, and  examine 

the factors and  strategies that  drive their assessments  of 

severity in specific circumstances.  

CONCEPTUAL FRAMEWORK AND SCORING 
METHODS 

We consider n ine  severity measures  tha t  are widely 

used to evaluate hospitalized pat ients  across a range of 
diseases (Table 1). 8-17 Severity measures  differ in  impor- 

tant  ways, including data sources, original purposes,  def- 
init ions of severity, approaches to classification and  scor- 
ing. and  the time intervals dur ing hospitalization from 

which data  are extracted, i 

Data Sources 

The data source is the most  impor tant  practical dis- 

t inction among severity measures.  We consider six "code- 
based" and  three "chart-based" measures .  Code-based 
measures  require only the demographic data  {age, gender) 

and  Internat ional  Classification of Diseases, Ninth Revi- 
sion, Clinical Modification (ICD-9-CM) diagnosis and  pro- 
cedure codes routinely available in existing computerized 

hospital discharge abstracts.  In contrast ,  char t-based 

measures  require clinical variables and  laboratory data  

newly gathered from medical records, as well as demo- 
graphic information and, sometimes, diagnosis and pro- 
cedure codes. The disadvantage of code-based measures  
is tha t  they cannot  consider m a n y  useful clinical indica- 

tors of illness severity such as blood pressure,  heart  rate, 
or fever. Nevertheless, because they rely on existing com- 
puterized inibrmation,  they are n m c h  less costly and 
hence more feasible for widespread, immediate use t h a n  

chart-based measures.  
303 



304 Hughes et at., Severity Measures and Hospital Patients JGIM 

Table I. Description of Severity Methods 

Definition of Severity/ 
System* Classification Approach Comments 

Acuity Index Method (AIM] 1 
1. Score 
2. LOS* 

All pa t i en t  ReFined Diagnosis-Rela ted 
Groups  (APR-DRGs} 8 

Comorbidi ty  Index l°, 11 

Disease  S tag ing  12 
t .  Mortal i ty probabi l i ty  
2. LOS 
3. Resource  D e m a n d  scale 

Pa t i en t  Mngmt.  Categories  (PMCs) 
1. LOS 
2. Resource  In tens i ty  Score (RIS) 15 
3. Severity Level (SL) 16 

Refined Diagnosis-Rela ted G r o u p s  
(R-DRGs) 17 

Acute  Physiology a n d  Chron ic  Hea l th  
Eva lua t ion  II (APACHE II) 14 
1. Acute  physiology score 

2. Total APACHE score 

Computer ized  Severity Index  (CSI} 9 

1. In teger  score 

2. Severity level 

Medi sGroups  (Atlas MQ) 
1. Original  vers ion  

2. Empir ica l  vers ion  la 

Code-Based Measures 
LOS wi th in  DRGs 
In teger  scores  1-5 

LOS in days  

Total hosp i ta l  cha rges  wi th in  ad j acen t  
DRGs ÷ (classes 1-4) 

Risk of d e a t h  wi th in  1 year  of medica l  
hospi ta l iza t ion  {additive in teger  score} 

Probabi l i ty  of in -hosp i ta l  d e a t h  (0 to 1.0) 
LOS relative to all pa t i en t s  (avg. = 100) 
Resource  u s e  relat ive to all pa t i en t s  (avg. = 

100) 

LOS (in days) 
Hospital  resource  u se  (average = 1.0) 
In -hosp i ta l  morb id i ty  a n d  morta l t iy  (levels 

1-7) 

LOS, to ta l  hosp i ta l  cha rges  wi th in  ad jacen t  
DRGs (classes  B,C,D for medical ;  c lasses  
A,B,C,D for surgical  pat ients)  

Chart-Based Measures 

In -hosp i ta l  morta l i ty  for pa t i en t s  in  
in tens ive  care  u n i t s  ( integer score 0-60)  

Inc ludes  acu te  physiology score p lus  
scores  for age, ma jo r  i l lness ( integer 
score 0-71)  

Physiologic complexity,  b a s e d  on  
com bi na t i ons  of d iagnoses  a n d  
disease-specif ic  s igns  a n d  s3maptoras 

Integer  scores  >- 0 

Levels 1-4 

Clinical ins tabi l i ty  indica ted  by  in -hosp i ta l  
d e a t h  (levels 0-4) 

Probabi l i ty  of in -hosp i ta l  d e a t h  {0-1.0) 

In -hosp i ta l  compl ica t ions  can  con t r ibu te  to 
scores;  role in  qual i ty  a s s e s s m e n t  m a y  

be limited. 

In-hospi ta l  compl ica t ions  c a n  con t r i bu t e  to 
scores;  role in  qual i ty  a s s e s s m e n t  may  
be  limited. 

Based  on chron ic  comorbid  condi t ions ,  no t  
acu te  events ;  m a y  not  predic t  in -hosp i ta l  
ou tcomes  as  well. 

In -hosp i ta l  compl ica t ions  c a n  con t r i bu t e  to 
scores;  role in  qual i ty  a s s e s s m e n t  m a y  
be  limited. 

In -hosp i ta l  compl ica t ions  c a n  con t r i bu t e  to 
scores;  role in  qual i ty  a s s e s s m e n t  may  

be  limited. 

Early d e a t h s  (within 48 hours)  are  grouped  
separately .  In -hosp i ta l  compl ica t ions  
c a n  con t r ibu te  to scores;  role in  qual i ty  
a s s e s s m e n t  may  be  limited. 

Developed a n d  val idated  for in tens ive  care  
u n i t  pa t ients .  Scores  b a s e d  on  first 24  
h o u r s  af ter  admiss ion .  

Clinical d a t a  e l emen t s  a re  specific to 
d isease  category. Bo th  vers ions  have  
admis s ion  a n d  m a x i m u m  scores.  

S u m  of squa red  scores  for indiv idual  
clinical var iables .  

Bo th  vers ions  have  a d m i s s i o n  a n d  mids t ay  
scores.  S a m e  clinical da t a  e l ement s  
collected for all medica l  records.  

*Citations are given in the References section. 
"Adjacent DRGs " are formed by consolidating DRGs previously split by complications and comorbidities. 

*LOS = length of  stay. 

Software Versions 

Six of  t h e  n i n e  m e a s u r e s  h a v e  d i f f e ren t  s o f t w a r e  ver -  

s i o n s  t h a t  g e n e r a t e  d i f f e ren t  t y p e s  of r a t i n g s  f r o m  t h e  

s a m e  d a t a  (Table  1). P a t i e n t  M a n a g e m e n t  C a t e g o r i e s  

(PMCs], for  example ,  g e n e r a t e  t h r e e  ra t ings :  a p r e d i c t e d  

l e n g t h  of  s t a y  (LOS), a R e s o u r c e  I n t e n s i t y  Sco re  (RIS), a n d  

a Sever i ty  Level (SL). S imi lar ly ,  D i s e a s e  S t a g i n g  p r o d u c e s  

a m o r t a l i t y  p robab i l i t y ,  a LOS scale ,  a n d  a R e s o u r c e  De-  

m a n d  scale .  T h e  C o m p u t e r i z e d  Sever i ty  I n d e x  (CSI) y ie lds  

a n  i n t e g e r  sco re  a n d  a s eve r i t y  level  o n  a d m i s s i o n ,  a s  wel l  

a s  a m a x i m u m  sco re  a n d  level  b a s e d  o n  t h e  m o s t  a b n o r -  

m a l  v a l u e s  f rom t h r o u g h o u t  t h e  a d m i s s i o n .  

Definitions of Severity 

Def in i t i ons  of seve r i ty  v a r y  c o n s i d e r a b l y  (Table  1) a n d  

i n c l u d e  t h e  p r o b a b i l i t y  of  i n - h o s p i t a l  m o r t a l i t y  (Medis-  
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Groups, Disease Staging), the probability of death at 1 
year (Comorbidity Index), the expected length of stay 

(Acuity Index Method [AIM], Disease Staging), the pa- 

t ient 's  physiologic complexity (CSI), and  the expected re- 
source use  (All Patient Refined Diagnosis-Related Groups 

[APR-DRGs], PMCs RIS, Disease Staging Resource De- 
m a n d  scale). Because most  are derived to predict a spe- 
cific outcome, a severity measure ' s  underlying definition 
of severity can limit its applicability to other outcomes. 

ability of in-hospital  death, or a prediction of LOS ex- 

pressed in days (PMCs LOS, AIM LOS). Others calibrate a 

con t inuous  index a round an  average LOS (Disease Stag- 
ing) or the average resource consumpt ion  level for all hos- 

pitalized patients.  Among the latter, the overall average is 

set at 1.00 for the PMCs RIS, and  at 100.0 for Disease 
Staging Resource Demand scale. A score of 1.55 for the 
former, or 155.0 for the latter, for example, indicates 55% 
more resource consumpt ion  than  for average inpatients .  

Diagnostic Categories 

Some methods generate severity scores within diag- 
nostic categories. AIM scores, defmed to predict LOS, are 
specific to the pat ient 's  Diagnosis-Related Group {DRG), 

so that  the relation of each severity level to length of stay 

varies across DRGs. Similarly for APR-DRGs and Refined 

Diagnosis-Related Groups (R-DRGs), scores are assigned 
within "adjacent DRGs ' - -which  are formed by combining 
two or more individual DRGs, each containing the same 
list of principle diagnosis codes, bu t  differing based on 
whether certain comorbid condit ions and complications 

are present  as addit ional diagnoses. The developers of 

MedisGroups created their own system of 64 disease 
groups and  performed logistic regressions within each to 

create probability-of-death scores; the variables selected 
by the regressions and  their assigned weights differ 
across the 64 groups. 

The remaining  severity measures  use  one set of 

scores for all hospitalized patients.  These scores have 
identical mean ing  regardless of the pat ient ' s  disease. For 
example, a 0.05 likelihood of dying means  the same thing 
for a pat ient  with acute myocardial infarction as for one 
with colon cancer. 

Scoring Approach 

Each severity measure  has  its own scoring approach 
and  range, Some array pat ients  over a n  interval scale 

(e.g., probabilities of death ranging from 0 to 1.0), while 

others use  ordinal scales (e.g., scores of 1, 2, 3, a n d  4). In 
interval scales, a one-uni t  difference has  the same mean-  
ing along the full range of the scale. For example, a 0.1 in- 

crement  in  the probability of death is always a 0.1 in- 
crease, regardless of whether  the probability is increasing 
from 0.2 to 0.3 or from 0.7 to 0.8. In contrast ,  one-uni t  
increases may not  have the same mean ing  along the full 

range of an  ordinal scale--pat ients  with scores of 4 may 
not  be "twice as sick" as  pat ients  with scores of 2. 

Among the severity measures  we examine, ordinal  

scales take the form either of clinical stages, ranging in  

n u m b e r  from 3 (DRGs) to 7 (PMCs), or of integer scores, 
produced by summing  or otherwise aggregating integer 

weights assigned to various clinical components  or diag- 
noses, as in  the Comorbidity Index and  CSI integer scores. 

The con t inuous  interval scales produced by some se- 

verity measures  also are of several forms, including prob- 

Scoring Distribution 
Severity measures  -~dth ordinal scales have different 

ranges and  dis t r ibut ions of scores. For example, a score 

of 3 is the max imum possible for APR-DRGs, bu t  only a 

modest  score for the PMCs severity level, which has  a 
ma x i mum of 7. Furthermore,  the proportion of pat ients  
assigned to each level of an  ordinal scale may vary widely 

among severity measures.  

Time Intervals 
The time frame of the severity score, or the interval of 

the hospitalization from which data are gathered, also dif- 
fers, depending largely on the data source. Code-based 
measures  use discharge abstract  information, which is 

based on the entire hospitalizaiion--ICD-9-CM diagnosis 

codes represent  all condit ions treated dur ing  the hospital 
stay, regardless of when they occurred. Chart-based sys- 
tems tend to rate pat ients  based on information taken  
from a defined interval after admission. CSI admiss ion 
ratings, for example, are based on clinical variables from 

the first 24 hours  of hospitalization, or the first 12 hours  

for pat ients  admitted to an  intensive care uni t .  CSI also 
produces max imum ratings, based on variables from the 
entire hospital stay, including the admission time period. 
MedisGroups generates an  admission score and  probabil- 

ity of death  from data  obtained usua l ly  in the first 2 

days, a nd  "midstay" ra t ings  general ly covering days  3 

th rough  7. 
Time frame has  important  implications for the utility 

of a severity measure.  Knowing what  happened over the 
entire hospitalization is part icularly impor tant  for predict- 

ing resource consumpt ion  (e.g., as for the APR-DRGs and  
R-DRGs). However, encompassing all condit ions arising 

dur ing the hospitalization compromises the utility of 
these methods for drawing inferences about  hospital 
quality based, for example, on severity-adjusted death 
rates. Code-based measures  cannot  dis t inguish comorbid 

condit ions present  at the time of admission from condi- 
t ions or complications arising after admission,  ls,19 Com- 

plications may result  from deficiencies in hospital care, 
and  thus  complication codes sometimes indicate prob- 
lems with quality of care, not  severity due to the pat ient 's  

under lying disease. 
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Table 2. Illustrative Cases 

Case Summary 

Case 1 
Age: 75 years  
DRG: 89, Simple pneumonia  and pleurisy, age > 17, with cc* 
LOS: 10 days 
Total charges: S7.900 
Discharge status:  Alive 
Discharge diagnoses: 

481 Pneumococcal  pneumonia  
038.2 Pneumoeoccal  sept icemia 
288.8 White blood celt disease, not  otherwise specified 
413.9 Angina pectoris 
285.9 Anemia 
V10.51 History of bladder  mal ignancy 

Procedures: None 

Case 2 
Age: 45 years  
DRG: 110, Other cardiothoracic procedures  without  p u m p  
LOS: 1 day 
Total charges: $17,310 
Discharge status:  Expired 
Discharge diagnoses: 

410.91 Acute myocardial  infarction {MI), initial t r ea tment  
414.9 Chronic ischemic hear t  disease, unspecified 
785.51 Cardiogenic shock 
135 Sarcoidosis 

Procedures:  
37.2 Cardiac catheterizat ion 
37.61 Intra-aortic balloon pump 

Case 3 
Age: 59 years  
DRG: 123, Acute MI, expired 
LOS: 1 ldays  
Total charges: S17,710 
Discharge status:  Expired 
Discharge diagnoses: 

410,71 Subendocardia l  infarction, initial t rea tment  
250.10 Diabetic ketoacidosis, adult  
276.5 Volume depletion 
578.9 Gastrointest inal  hemorrhage 
427.5 Cardiac arres t  

Procedures: 
37.23 Right / lef t  hear t  cardiac catheterizat ion 
88.72 Echocardiogram 
89.44 Cardiac s tress  test  

A 75-year-old woman with a history of angina, glaucoma, and 
previous bladder  cancer  was admitted with a 3-day history 
of nausea ,  cough, chflts, and pleuriiic pain. On exam, her  
tempera ture  was 101 ° F, blood pressure  130/70,  pulse 86, 
respirat ions 20. She was in no distress bu t  had  decreased 
brea th  sounds  in the right upper  lung fields. Chest  X-ray 
showed right upper  lobe consolidation. Arterial blood gas 
on room air: pH 7.50, pCO2 29, pO 2 80. Leukocyte count  
was 22.5k, with 88 segmented forms, 5 bands.  S p u t u m  
and blood cul tures  grew pneumococci .  She was treated with 
penicillin, improved promptly, and went  home on day 10. 

A 45-year-old woman  with pulmonary  sarcoidosis treated 
chronically with low-dose prednisone,  bu t  no cardiac 
history, presented to an  outpat ient  facility complaining of 
ches t  pain and shor tness  of breath.  Paramedics were 
summoned,  who found the pat ient  s lumped in a chair  
without  vital signs. Cardiopulmonary resusci ta t ion was 
begun  on the scene, but  s inus  rhy thm was not restored 
unti l  after several a t tempts  at defibrillation in the 
emergency department .  She was unresponsive to pain and 
hypotensive with evidence of poor peripheral  perfusion 
after resuscitat ion,  bu t  her  pupils  were reactive. 
Electrocardiogram showed evidence of a large anter ior  wall 
MI. Prompt insert ion of an  intra-aortic balloon pump was 
foUowed by cardiac catheterization, which showed an 
occluded proximal left anterior descending artery. Multiple 
a t tempts  at angioplasty and intracoronary thrombolysis  
failed, and she died 3 hours  after admission.  

A 59-year-old unmarr ied  male  bus  driver with hypertension,  
poorly controlled type II diabetes, obesity, and angina was 
admitted with several hours  of abdominal  discomfort, 
belching, and dry heaves.  He was diagnosed with a 
subendocardia l  MI based on cardiac enzymes {peak 
creatine kinase 225, 4% MB fraction) and lateral ST 
segment  and T wave changes  on electrocardiogram. 
Hospital course was uncomplicated initially except for poor 
control of diabetes  and blood pressure.  A submaximal  
exercise s tress  test  on the sixth hospital  day showed 1.5 
m m  of ST segment  depression in inferolateral leads. 
Cardiac catheterizat ion on the  t0 th  hospital  day showed 
normal  left ventr icular  function, 70-90% stenosis  of the 
circumflex artery, and a 50-70% stenosis  of the proximal 
left anterior descending artery, and several noncrit ical  
s tenoses  of the right coronary artery. The following day he  
was found unresponsive with hypotension and 
bradycardia,  and died despite resusci ta t ion at tempts .  An 
autopsy showed a massive saddle pu lmonary  embolism. 

CASE STUDIES 

The  five c a s e s  p r e s e n t e d  h e r e  i l lus t ra te  severa l  m e t h -  

odologic i s s u e s  a n d  d i f ferences  a m o n g  sever i ty  m e a s u r e s .  

The  c a s e s  were  se lec ted  by  the  a u t h o r s  f rom pa t i en t s  ad-  

mi t t ed  to Be th  Israel  Hospi ta l  d u r i n g  1991 a n d  1992 for 

(Continued) 

r a t ing  by e a c h  of  the  sever i ty  m e a s u r e s .  For  e a c h  case ,  

the  a u t h o r s  r eco rded  d e m o g r a p h i c  d a t a  {age, gender) ,  ad-  

m i s s i o n  a n d  d i s cha rge  da tes ,  to ta l  hosp i ta l  cha rges ,  dis-  

cha rge  d ispos i t ion ,  and  ICD-9-CM d iagnos i s  a n d  proce-  

d u r e  codes  t a k e n  di rec t ly  f rom the  c h a r t  face s h e e t  

p r e p a r e d  by t h e  hosp i t a l ' s  med ica l  r eco rds  d e p a r t m e n t .  
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Table 2. Illustrative Cases (continued) 
,H H , , , ,H  Hi  | H ,m  U , ,  , i.i,,,lJ,, 

Case Summary 

Case  4 
Age: 81 years  
DRG: 210,  h ip  a n d  f emur  procedures ,  wi th  cc* 
LOS: 12 days  
Total charges :  820 ,900  
Discharge  s ta tus :  Expired 
Discharge  diagnoses:  

820.21 Pe r t rochan te r i c  f emur  fracture,  closed, 
i n t e r t rochan t i c  sec t ion  

780.2  Syncope  a n d  col lapse 
401.9  Essen t i a l  hype r t ens i on  
599 ,0  Ur ina ry  t r ac t  infect ion 
038 .40  Gram-nega t ive  sep t icemia  
518.5  P u l m o n a r y  insuff ic iency following t r a u m a  a n d  

surgery  
Procedures :  

79 .35  O p e n  reduc t ion  of f emur  f rac ture  wi th  in te rna l  
f ixat ion 

Case  5 

Age: 54 years  
DRG: 475,  Respira tory  sys t em d iagnos is  wi th  vent i la tor  

s u p p o r t  
LOS: 6 days  
Total charges :  $13 .800  
Discharge  s t a tus :  Expired 
Discharge  diagnoses :  

482,1 P n e u m o n i a  due  to pseudomonas  

203 .0  Mult iple myeloma 
Procedures :  

96 .04  E n d o t r a c h e a l  i n t u b a t i o n  

Alq 81-year-old widow, previously  a m b u l a t o r y  a n d  res id ing  a t  
a h o m e  for the  aged. was  admi t t ed  af ter  s h e  fell a n d  broke  
he r  hip.  She  h a d  a h i s tory  of hyper tens ion ,  a p rev ious  
syncopal  episode wi th  a negat ive diagnost ic  workup,  mi t ra l  
regurgi ta t ion,  and  aort ic  regurgi ta t ion.  Repair  of he r  h ip  
was  delayed un t i l  day 4 by  a u r ina ry  t r ac t  infect ion and  a 
syncopa l  episode t h a t  occur red  in the  emergency  
d e p a r t m e n t  on  admiss ion .  Her pos topera t ive  course  was  
compl ica ted  by  pe r s i s t en t  fever, a p leura l  effusion, a n d  a 
p robab le  urinary, t rac t  infection. She  was  s t a r t ed  on  
ant ib io t ics  on  day 10, and  was  t r ans fe r r ed  to the  in tens ive  
care  un i t  on  day  11 due  to hypo tens ion  (systolic p r e s s u r e  
80), hypoxia,  a n d  possible  sepsis .  She  was  i n t u b a t e d  a n d  
mechan ica l ly  vent i la ted,  b u t  b e c a m e  more  hypotens ive  
despi te  i n t r avenous  dopamine  and  n e o s y n e p h r i n e  drips.  
She  died on  day  12. 

A 54-year-old w o m a n  wi th  a 5-year  h i s to ry  of mul t ip le  
mye loma  was  admi t t ed  wi th  d y s p n e a  and  diffuse bi la tera l  
inf i l t rates  on  ches t  x-ray. Her myeloma h a d  first  
man i fes t ed  wi th  sp ina l  cord compress ion ,  w h i c h  was  
t r ea t ed  with r ad ia t ion  the rapy  a n d  1 year  of chemothe rapy .  
Six m o n t h s  before admis s ion  a r e c u r r e n t  p a r a s p i n a l  m a s s  
was  resec ted  b u t  r ecur red  af ter  several  weeks.  She  
u n d e r w e n t  a n o t h e r  course  of r ad ia t ion  therapy,  a n d  
reduc t ion  a n d  in te rna l  f ixation of the  left s h o u l d e r  following 
pathologic  f rac tures .  She  was  b e d b o u n d  a n d  cared  for by  
he r  h u s b a n d  a t  home,  a n d  was  on  no active t r e a t m e n t  for 
myeloma at  the  t ime of admiss ion .  On exam he r  
t e m p e r a t u r e  was  98.6  ° F, pulse  120, r e sp i ra t ions  36, blood 
p r e s s u r e  pa lpable  a t  92. Arterial  blood gas  on  room air: pH 
7.45, pCO 2 39, pO2 63. Leukocytes  were 8 .0k  wi th  8796 
s egmen ted  forms a n d  no  b a n d s .  S p u t u m  grew 
pseudomonas a n d  pleura l  fluid con t a ined  m a l i g n a n t  cells. 
The pa t i en t  initially r eques ted  max imal  t r ea tmen t ,  
inc lud ing  i n t u b a t i o n  and  m e c h a n i c a l  vent i la t ion.  She  was  
t r ea ted  wi th  i n t r avenous  ant ib io t ics  b u t  de ter iora ted  
rapidly. On hosp i ta l  day 3 she  b e c a m e  hypoxic, was  
in tuba ted ,  a n d  was  t r ans fe r red  to the  in tens ive  care  un i t  
wi th  resp i ra tory  failure, necrot iz ing p n e u m o n i a ,  sepsis ,  
a n d  sept ic  shock.  Her  resp i ra to ry  fai lure worsened ,  a n d  s h e  
become  un re spons ive  on  day  5. At the  family 's  reques t ,  
o rders  for do not  r e susc i t a t e  s t a t u s  a n d  comfort  m e a s u r e s  
only were wr i t ten  on  day 5, and  she  died the  next  day. 

*cc = comorbidity or complication. 

W e  a l so  p r e p a r e d  d a y - b y - d a y  a c c o u n t s  of  i m p o r t a n t  c l ini-  

ca l  e v e n t s  a n d  de t a i l ed  l i s t s  of  l a b o r a t o r y  r e s u l t s ,  w h i c h  

we  s u m m a r i z e d  in  n a r r a t i v e  fo rmat .  Sever i ty  r a t i n g s  w e r e  

de r ived  f r o m  t h e  r e s u l t i n g  a b s t r a c t s ,  e i t h e r  b y  t h e  v e n d o r s  

or, for  A c u t e  Phys io logy  a n d  C h r o n i c  H e a l t h  II (APACHE 

II) a n d  t h e  C o m o r b i d i t y  Index ,  b y  ou r se lves .  D i s c h a r g e  

a b s t r a c t s  a n d  b r i e f  n a r r a t i v e  s u m m a r i e s  for  t h e  five c a s e s  

a p p e a r  in  T a b l e  2. 

We  iden t i f i ed  t h e  m a j o r  d e t e r m i n a n t s  o f  t h e  i nd iv id -  

u a l  seve r i ty  r a t i n g s  p r e s e n t e d  in  Tab le  3, e i t h e r  b a s e d  o n  

t h e  c o m m e n t a r y  p r o v i d e d  b y  v e n d o r s  o n  t h e i r  r a t i n g s  of  

t h e  ca ses ,  or  b y  r ev iewing  t h e  s c o r i n g  logic p r e s e n t e d  i n  

p u b l i s h e d  m a t e r i a l s .  T h e  v e n d o r s  of two of t h e  c h a r t -  

b a s e d  m e a s u r e s ,  M e d i s G r o u p s  a n d  CSI, u s e d  t h e  n a r r a -  

t ive s u m m a r i e s  to sco re  ca ses .  For  t h e  o t h e r  c h a r t - b a s e d  

m e a s u r e ,  APACHE II, t h e  a u t h o r s  de r ived  s c o r e s  f r o m  t h e  

c l in ica l  a n d  l a b o r a t o r y  d a t a  i n  t h e  n a r r a t i v e  s u m m a r i e s .  

We  o b t a i n e d  r a t i n g s  for  five of  t h e  six c o d e - b a s e d  m e a -  

s u r e s  f rom t h e i r  v e n d o r s ,  w h o  g e n e r a t e d  t h e i r  r a t i n g s  u s -  

ing  on ly  d i s c h a r g e  a b s t r a c t  i n f o r m a t i o n ,  p r i m a r i l y  t h e  d i s -  
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Table 3. Summary of Case Scoring for Illustrative Patients 

Range Case I Case 2 Case 3 Case 4 Case 5 

Ordinal scales 
AIM Score 1-5 4 2 4 3 1 
APR-DRGs 1-4 4 4 4 3 2 
CSI score 

Admission 1-4 2 4 1 2 3 
Maximum 1-4 2 4 4 4 4 

MedisGroups admission severity 0-4 2 2 2 1 3 
PMCs Severity Level (SL) 1-7 6 5 5 7 4 
Refined DRGs (R-DRGs) D,C,B,A B A B A B 

Integer scores 
APACHE II 

Acute Physiology score 0--60 4 19 5 1 8 
Total 0-71 10 26 8 7 10 

Comorbidity Index 0-31 0 0 1 0 2 
CSI integer score 

Admission 0+ 25 65 20 29 35 
Maximum 0+ 25 65 73 83 80 

Mortality prediction 
Disease Staging mortality 0-1.0 0.217 0.208 0.333 0.284 0.054 
MedisGroups probability of death 

Admission 0-1.0 0.029 0.290 0.200 0.009 0.129 
Midstay 0--1.0 0.029 - -  0.009 0.013 0.415 

Length of stay 
AIM LOS prediction (days) >0 8.0 1.9 3.0 15.1 7.3 
PMCs LOS prediction (days) >0 12.7 12.1 11.2 21.3 8.4 
Disease Staging LOS Base .... 100.0 158.5 40.7 65.4 215.7 149.3 

Resource use 
Disease Staging Resource Demand Base = 100.0 127.4 114.6 168.8 263.7 129.7 
PMCs Resource Intensity Scale (RIS) Base = 1.00 1.712 3.226 1.957 3.232 1.66 

charge diagnosis and procedure codes. We scored the 

remaining code-based measure ,  the Comorbidity Index, 

ourselves, us ing the Deyo modification 1° of the Charlson 

index, l l which employs only diagnosis codes. 

Illustrative Case 

Case 1 (Table 3), a 75-year-old woman  admit ted with 

typical, uncomplicated pneumonia ,  demonst ra tes  the va- 

riety of ou tpu t  produced by severity measures .  Among the 

ordinal scales, the two char t -based measures  (CSI admis-  

sion and m a x i m u m  scores, MedisGroups) gave relatively 

low ratings, owing to the absence of severe clinical de- 

rangements  on admission,  tn contrast ,  the  four code- 

based measures  all gave high ratings, The high PMCs rat- 

ing (6 out  of a possible 7), m a x i m u m  APR-DRG score, and 

R-DRG class of B (the max imum for medical  patients) all 

resulted from the ICD-9-CM code for septicemia. Two of 

the integer scores, APACHE II and CSI, based on clinical 

variables present  on admission,  were modest ly  elevated. 

The fact tha t  the CSI admission and max imum scores 

were the same reflects the CSrs  view tha t  the pat ient  did 

not  deteriorate dur ing the hospitalization. The other  inte- 

ger score, the Comorbidity Index, represents  the burden  

of chronic  comorbid illness ra ther  than the extent  of acute  

clinical complexity. Its rat ing of 0 reflected the absence of 

major  coexisting illness. 
The two mortali ty predictions diverged substantially.  

The code-based Disease Staging mortali ty prediction, like 

the code-based ordinal scales, was  driven by the ICD-9- 

CM code for pneumococcal  sepsis. In contrast ,  the Medis- 

Groups probabilit ies of death,  based  on clinical Fmdings 

such  as low sodium, coma, high temperature,  and high 

respiratory rate, 7 were m u c h  lower and did not  change 

from admiss ion to midstay. 

For the LOS predictions, AIM and PMCs provided es- 

t imates differing by almost  5 days. The Disease Staging 

LOS index predicted a LOS 58.5% longer than  the overall 

average for all hospitalized patients.  The two measures  of 

expected resource use also diverged: Disease Staging's 

Resource Demand rat ing was 27.4% higher  than that  of 

the average hospitalized patient,  while the PMCs RIS pre- 

dicted resource use  was 71.2% higher than  average. 



JGIM Volume 11, May 1996 309 

Patterns of Differences Among Severity Measures 

Code-Based Versus Chart-Based Measures 
and Time Windows 

Cases 2 and  3, both pat ients  with acute myocardial 
infarction, demonstra te  how rat ings can  differ between 
code-based and  chart-based measures .  Both cases had 

relatively high PMCs severity levels of 5, as well as maxi- 

m u m  R-DRGs and APR-DRGs scores. In case 2, the high 
rat ing for all three measures  was due to the presence of 
cardiogenic shock on admission,  while in case 3 high rat- 

ings resulted from the cardiac arrest  following pu lmonary  
embolism on the 1 l t h  hospital  day. For case 2, the rat- 

ings fairly reflected the pat ient 's  condition on admission,  
bu t  for case 3, they did not. 

Case 4 also demonstra tes  the importance of the tim- 
ing of data  used  for risk adjus tment .  The 81-year-old pa- 
t ient  was fairly stable when  admitted for hip fracture, as 

reflected by relatively low severity rat ings from the chart- 
based ordinal scales (CSI score, MedisGroups admission 

severity). In contrast,  code-based measures  generally as- 
signed higher ratings: PMCs severity level, APR-DRGs, 

and  R-DRGs all gave m a x i m u m  ratings, based on postop- 
erative complications of Gram-negative septicemia and  
respiratory failure. The same pat tern  arose in the mortal- 

ity prediction methods for this case, in which the code- 

based Disease Staging probability was substantial ly higher 
t h a n  MedisGroup's prediction. 

For both cases 3 and  4, the inabili ty of code-based 
measures  to dis t inguish condit ions present  at admiss ion 
from complications arising after admiss ion limits their 

ability to detect quality problems. If the pu lmonary  embo- 

lism in case 3 or the postoperative complications in  case 4 
resulted from subs t anda rd  quality, such  as inadequate  
ant icoagulat ion or poor postoperative monitoring, this 

causali ty could be obscured by the high severity ratings. 
Adjus tments  for the risk of in-hospital  death or other ad- 

verse outcomes are most  appropriately based on pat ient  
r isk at  the time of admission to the hospital; postadmis- 

sion events and  complications are examples of h indsight  
ra ther  t han  prediction. 2° 

The problem of discriminating comorbidities from 
complications applies to all code-based measures  except 

the Comorbidity Index, which minimizes this problem by 
concentrat ing only on chronic comorbid condit ions and  

ignoring most  acute illnesses. This avoids confusing co- 
morbidities with in-hospital  complications, bu t  also limits 

the ability of the Comorbidity Index to stratify acutely ill 
patients.  

Implications of Diagnosis Coding 

Code-based severity measures  are susceptible to the 
vagaries of making diagnoses and coding them21: diagno- 

sis codes may be onzitted simply because  of h u m a n  error: 

physicians may not  document  condit ions in  the record, 
especially stable comorbidities, so coders cannot  code 

them; clear-cut diagnostic criteria may not  exist. Case 5 

(pneumonia  complicating end-stage multiple myeloma) il- 

lustrates  the effects of coding inconsistencies.  The origi- 
nal  discharge abstract  produced by the hospital omitted 
codes for septicemia and  septic shock. The PMCs vendor 
indicted that  with septicemia and  shock codes, the sever- 

ity level would have increased to the max imum of 7, the 
RIS would have risen from 1.66 to 3.011, and  the pro- 

jected LOS from 8.4 to 13.0 days. For the same case, the 
AIM score would have increased from 1 to 3 by adding the 
sepsis code, and  the R-DRGs class would have r isen to 
the max imum of B with coding of either septicemia or res- 

piratory failure. 
The chart-based measures  may not  be as susceptible 

to ICD-9-CM coding variation. Although the n u m b e r  of 

data  elements required is m u c h  higher and  gathering and 
processing of data  are more complex, many  char t -based 
data  elements (e.g., laboratory test  values) are often more 

easily, identified and  require less subjective interpretat ion 

than  diagnosis coding. 

Choice of Outcome Events 

Assessments  of the accuracy- of severity rat ing may 
depend on the type of "risk," or outcome, being ad- 

dressed. A severity measure  tha t  performs well in predict- 
ing in-hospital  death may do less well predicting LOS or 

resource consumpt ion  and  vice versa. In case 2, for exam- 
ple, the ordinal score produced by AIM was low, al though 
the pat ient  was seriously ill. If AIM were being used to 

predict risk of death, it would have performed poorly for 
case 2. If, on the other hand,  we wished to predict LOS, as 

AIM intended, we would conclude that  it had performed 
well--AiM predicted a very short LOS (1.9 days) for case 2. 

The Comorbidity Index may be at a part icular  disad- 
vantage for predicting short- term outcomes of hospitaliza- 
tion. Because the index counts  only chronic conditions, it 

may give scores of only 0 or 1 to acutely severely ill pa- 

t ients (e.g., case 2) because they lacked major underlying 
chronic disease. The original purpose of the index was to 

predict survival 1 year after hospitalization. It may be in- 
appropriate to ask it to stratify hospitalized pat ients  for 

short- term outcomes. 
Applying a severity measure  to a use  for which it was 

not  originally designed, as happens  frequently in actual  
practice, may or may not  be a problem. Given that  re- 
source use, LOS, complexity of care, and  the probability 
of death are frequently correlated, a measure  that  em- 

ploys one definition of severity might be useful in  predict- 
ing another.  In case 2, however, the association broke 

down because the patient 's severely ill state led to an early 
death and  a sho r t - - and  less expensive--hospital  stay. 

DISCUSSION 

Severity measures  for hospitalized pat ients  differ in 

the sources and  kinds  of data  used, time intervals of in- 

terest, definitions of severity, scoring algorithms, and type 
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of rat ings produced. As a result ,  different severity mea- 

sures  can  yield different resul ts  when applied to the same 

group of patients.  The interpretat ion of hospital  perfor- 

mance  may  vary substant ial ly as a result. 

The most  impor tant  distinction among severity mea- 

sures  is their  source of da t a - -whe the r  they are code- 

based or chart-based.  Code-based measu res  have limited 

usefulness  for assess ing quality of care, which often de- 

pends on dis t inguishing the pat ient 's  condition on admis-  

sion from in-hospital  complications. This l imitation of 

code-based measures  could be corrected by coding strate- 

gies to identify condit ions arising during the hospitaliza- 

tion, such  as adding another  digit to existing ICD-9-CM 

diagnosis codes. Such  a strategy would increase the com- 

plexity of coding discharge diagnoses, bu t  would nonethe-  

less be less costly than  collecting clinical and laboratory 

data  needed for char t -based measures .  22 

If the goal is to analyze costs ra ther  than  quality, on 

the other hand, code-based measures  offer advantages.  

Considering all diagnoses t reated dur ing a hospital ization 

resul ts  in bet ter  predictions of costs and resource use. 

When predicting hospital  costs, one would want  to in- 

clude complications,  such  as nosocomial  infections, con- 

gestive hear t  failure, or cardiac arrest,  even if there were 

evidence of poor-quali ty ca re - -when  complications occur, 

more resources  are generally needed. 

Key Points 

Potential users  of severity measures  need to consider  
a number  of issues23'24: 

1. The choice of a severity measure  will vary ac- 

cording to the context  requiring it: whether  

one needs to address  quality-of-care issues,  

to stratify costs, to evaluate new t reatments ,  

or to conduct  research.  

2. Severity measures  are often used  to predict  

outcomes different from those in their  origi- 

nal  operational definitions, and newer appli- 

cations may not have been adequately evalu- 

ated. A severity measure  tha t  predicts one 

outcome well, such  as probability of death, 

cannot  necessari ly be expected to perform as 

well for other  outcomes,  such  as length of 

stay or resource use. 

3. Severity measures  produce several different 

types of ordinal scales and cont inuous  inter- 

val scores. Furthermore,  each severity mea- 

sure distr ibutes pat ients  differently among its 

range of scores. The combinat ion of differing 

outputs  and varying distr ibutions of scores 

means  tha t  compar isons  among severity 

measures  are difficult and that  the methods  

cannot be used interchangeably. For example, 

an  AIM level 3 means  something different 

from a PMCs severity level 3, which also differs 

from an admission MedisGroups score of 3. 

4. Finally, code-based and char t -based mea-  

sures  both have pros and cons. Char t -based 

approaches  have more clinical content  and 

are suitable for assess ing severity at specified 

time periods, bu t  they are expensive and 

sometimes cumbersome to apply. Code-based 

measures  are considerably less expensive to 

implement,  but  sacrifice clinical content  and 

may be less reproducible. 

RECOMMENDATIONS 

Physicians can take a number  of specific steps when 

choosing among severity measures  for hospitalized pa- 

tients. They should first clearly identify how and why the 

measure  is to be used. For example, an  in-house  review of 

care in the intensive care uni t  may require a measure  

with more clinical detail than  an a s ses smen t  of all pa- 

tients for purposes  of outside review. Physicians also need 

to evaluate whether  their  hospital 's  information sys tems 

can readily supply the data  required by the severity mea- 

sure. Furthermore,  they should examine the practical  im- 

plications of applying the various methods  within their  

own practice settings. If the severity measure  requires 

clinical laboratory data, problems could arise if the hospi- 

tal lacks computerized laboratory reports  or the ability to 

file resul ts  in patients" char ts  in a timely manner .  Physi- 

cians can ask vendors  for demonst ra t ions  of the logic tha t  

determines a severity measure 's  scores, and consider 

whether  it is consis tent  with their  own clinical reasoning. 

They should also determine whether  the severity measure  

deals with un ique  characteris t ics  of their own pat ient  

population. Does the severity measure  have mechan i sms  

to identify special populations,  such  as in t ravenous  drug 

users  or ethnic minorities, who may have special needs 

and higher rates of morbidity and mortality? 

As an  empirical test  of how severity measu res  would 

perform in local settings, physicians could ask vendors to 

score severity for selected cases  taken from the local hos- 

pital. Simultaneously,  physicians should discuss  the 

cases  among themselves,  making their own judgmen t s  

about  the patient 's  severity. By comparing their  own as- 

sessments  with scores from severity measures ,  physi- 

cians can evaluate which severity approach is most  con- 

s is tent  with their  own thinking. 

The authors wish to acknowledge the substantial help of Betty 
Hotchkin in abstracting information from medical records and 
compiling severity ratings, and David Stone, PhD, and Robert 
Donaldson, MD, in reviewing earlier drafts of this article. 
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