Prospectively validated prediction of physiologic variables and
organ failure in septic patients: The Systemic Mediator Associated

Response Test (SMART)

Gus J. Slotman, MD

Objective: Gonventional outcomes research provides only per-
centage risk of such end points as mortality rate, utilization of
resources, and/or broad groupings of multiple organ system dys-
function. These prognostications generally are not applicable to
individual patients. The purpose of the present study was to
determine whether the Systemic Mediator Associated Response
Test (SMART) methodology could identify interactions among
demographics, physiologic variables, standard hospital laboratory
tests, and circulating cytokine concentrations that predicted con-
tinuous and dichotomous dependent clinical variables, in ad-
vance, in individual patients with severe sepsis and septic shock,
and whether these independent variables could be integrated into
prospectively validated predictive models.

Design: Data review and multivariate stepwise logistic regres-
sion.

Setting: University research laboratory.

Patients: Three hundred three patients with severe sepsis or
septic shock who comprised the placebo arm of a multiple-
institution clinical trial, who were randomly separated into a
model building training cohort (n = 200) and a predictive cohort
(n = 103).

Interventions: None.

Measurements and Main Results: From baseline data and
baseline plus serial input, including patient demographics, hos-
pital laboratory tests, and plasma concentrations of interleukin-6,
interleukin-8, and granulocyte colony stimulating factor, multiple

regression models were developed that predicted clinically im-
portant continuous dependent variables quantitatively, in individ-
ual patients. Multivariate stepwise logistic regression was used to
develop models that prognosticated dichotomous dependent end
points. Data from individual patients in the predictive cohort were
inserted into each predictive model for each day, with prospective
validation accomplished by simple linear regression of individual
predicted vs. observed values for continuous dependent variables,
and by establishing the receiver operator characteristics area
under the curve for logistic regression models that predicted
dichotomous end points. 0f SMART models for continuous depen-
dent variables, 100 of 143 (70%) were validated at r values >.7
through day 3, and 184 of 259 (71%) above r = .5 through day 5.
SMART predictions of dichotomous end points achieved receiver
operator characteristics areas under the curve >.7 for up to 84%
of the equations in the first week. Many SMART models for both
continuous and dichotomous dependent variables were validated
at clinically useful levels of accuracy as far as 28 days after
baseline.

Conclusions: SMART integration of demographics, bedside
physiology, hospital laboratory tests, and circulating cytokines
predicts organ failure and physiologic function indicators in in-
dividual patients with severe sepsis and septic shock. (Crit Care
Med 2002; 30:1035-1045)

Kev Worbs: prognostication; severe sepsis; cytokines; shock;
multiple organ failure

uring the past two decades,
predicting the clinical course
of critically ill patients has
been the subject of a large
body of outcomes research. Most of these
studies have investigated correlations of
demographics and physiologic observa-
tions with subsequent intensive care unit
or in-hospital death or survival. For ex-
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ample, the Sepsis Score (1), the Multiple
Organ System Dysfunction Score (2), and
the recently developed Brussels Sepsis
Score (3, 4) have attempted to predict
group percentage of risk of death among
septic patients. In the general adult in-
tensive care unit population, the Multiple
Probability Model I and II (5, 6), the Sim-
plified Acute Physiology Score I and II (7,
8), and the Acute Physiology and Chronic
Health Examination I, II, and III (9-11)
scores are the best known predictive en-
gines (12). All of them predict mortality
rates with relatively similar efficacy. In-
vestigators who use these methods have
attempted to achieve physiologic unifor-
mity among patient populations in clini-
cal trials of new drugs for sepsis (13) and

to establish benchmarking between hos-
pitals for quality assurance/quality im-
provement (11). However, because these
scoring systems lump patients with dis-
parate pathophysiologies together simply
because they have a similar probability of
dying, they ultimately forecast only
grouped percentage risk of hospital death
and possibly consumption of health care
resources (14). Unfortunately, therefore,
these methods do not predict the im-
portant pathophysiologic events, such
as organ failure and shock, that actually
determine the risk of mortality in the
first place. Advance knowledge of these
life-threatening complications might
facilitate timely therapeutic interven-
tion.
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To be beneficial for individual pa-
tients, outcomes research must achieve a
state of the art that predicts subclinically,
in advance, the sequelae of systemic in-
flammation that lead to mortality. A key
to achieving this new level of critical care
prediction is recognizing temporal links
between baseline data and subsequent
events in the clinical course of individual
patients. In septic patients, increased
blood concentrations of inflammatory re-
sponse mediators such as the eicosanoids
and the cytokines, among others, have
been associated with the development of
shock, end organ dysfunction, and high
mortality rates (15-17). It was hypothe-
sized that clinical manifestations of sepsis
and its sequelae could be predicted quan-
titatively and qualitatively in individual
patients through analyzing interactions
among circulating inflammatory re-
sponse mediators, patient demographics,
physiologic data, and standard hospital
laboratory results. As a first step in devel-
oping this type of prognostic methodol-
ogy, my colleague and I previously eval-
uated retrospectively whether circulating
concentrations of the eicosanoids and cy-
tokines, plus physiologic measurements
and standard clinical laboratory results,
could be integrated into multivariate pre-
dictive models, identified as the Systemic
Mediator Associated Response Test
(SMART). This initial foray was successful
in predicting inflammation and organ
failure quantitatively in patients with se-
vere sepsis (18). Circulating eicosanoids
and cytokines were predicted as well (19).
Building on the results of that pilot
project, the objective of the present study
was to further develop SMART multivar-
iate models that predicted physiologic
measurements, results of hospital labora-
tory tests, circulating cytokines, and or-
gan failure or shock, in advance, in indi-
vidual patients with severe sepsis and
septic shock, and to validate those models
prospectively.

MATERIALS AND METHODS

Data of 303 patients with severe sepsis and
septic shock who had comprised the placebo
arm of a phase III clinical trial (20) were
tabulated. These patients then were divided by
a randomization program into a model-
building training cohort (n = 200) and a pro-
spective validation, predictive cohort (n =
103). Demographics including sex, race, age,
admitting service (surgery or nonsurgical),
and comorbidities were recorded at baseline
for each patient. At baseline and on days 1-7,
14, 21, and 28, the physiologic variables and
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hospital laboratory tests listed on Table 1 were
recorded for all patients who were alive at that
observation point. In addition, at baseline and
on days 1, 2, 3, and 4, plasma concentrations
of interleukin (IL)-6, IL-8, and granulocyte
colony stimulating factor (GCSF) were mea-
sured by enzyme-linked immunosorbent as-

say, by using commercially available kits and
standard enzyme-linked immunosorbent assay
laboratory methodology. Specific quality con-
trol data regarding these assays such as recov-
ery and coefficients of variation were not avail-
able from the sponsors of the original clinical
trial.

Table 1. Measures and outcomes in patients with severe sepsis

Age
Gender
Race
Albumin
Alkaline phosphatase
ALT
AST
BUN
Calcium
Cholesterol
Creatinine
GGT
Glucose
Hematocrit
Hemoglobin
MCH
MCHC
MCV
Phosphorous
Platelet count
Potassium
Total protein
PT
PTT
RBC
Sodium
Total bilirubin
Triglycerides
Uric acid
WBC
1L-6
IL-8
GCSF
P-r interval
EKG
q-T interval
DIC
GCS
Hepatobiliary baseline
Shock
ARDS
Renal failure
Comorbidities
Alcohol abuse, cirrhosis
HIV
Dialysis
Neutropenia
COPD
Solid tumor,
Hematologic malignancy
Chronic renal failure

Admitting service
Surgery
Medicine

P(a-a)o,

Base deficit

pH

Pao,

Sao,

Fio,

Fluids in

Fluids out

Pao,/Fi0,

Chloride

Eosinophils

Lymphocytes

Mononuclear cells

Metamyelocyte

Segmental neutrophils

Band neutrophils

Basophils

Granulocytes

% Granulocytes

% Lymphocytes

Eosinophils

Lactic acid

PAOP

Cardiac index

SVR

PEEP

Pressure support

Respiratory rate

Mechanical ventilation

Trauma

Systolic BP

Diastolic BP

Heart rate

MAP

Temperature

Height

Weight

ALT, alanine aminotransferase; AST, aspartate aminotransferase; BUN, blood urea nitrogen; GGT,
glutamyl-glutamate aminotransferase; MCH, mean corpuscular hemoglobin; MCHC, mean corpuscu-
lar hemoglobin concentration; MCV, mean corpuscular volume; PT, prothrombin time; PTT, partial
thromboplastin time; RBC, red blood cells; WBC, white blood cells; IL, interleukin; GCSF, granulocyte
colony-stimulating factor; EKG, electrocardiogram; DIC, disseminated intravascular coagulation dys-
function; GCS, Glasgow Coma Scale; ARDS, acute respiratory distress syndrome; HIV, human immu-
nodeficiency virus; COPD, chronic obstructive pulmonary disease; P(a-a)o,, alveolar-arterial oxygen
tension difference; Sao,, arterial oxygen saturation; PAOP, pulmonary artery occlusion pressure; SVR,
systemic vascular resistance; PEEP, positive end-expiratory pressure; BP, blood pressure; MAP, mean

arterial pressure.
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observed. The extent of association between
the quantitative predictions and observed data
then was described by the Pearson product
moment, or linear regression correlation co-
efficient (r) (23). The linear relationship of the
independent variables was evaluated in model
residual graphs. Examination of residuals re-

Table 2. SMART: Prediction of physiologic, respiratory, and metabolic variables in severe sepsis from
baseline data only, r (predicted vs. observed)

Day

1 2 3 4 5 6 7 14 21 28

Heart rate 429 425 310 249 360 .38 0.377 0.109 .183  .366

Temperature A68 411 161 243 371 295 342 033 .177 —  vealed no evidence to conclude that the resid-

Cardiac index 570 445 645 437 525 440 — — — — uals were not normal in distribution. Outliers

E}YR c Seal ég? g% ﬁg gé;* gg% igg égg £4 2—13 1—01 were examined also, and there was no evidence
asgow oma Scale . . B R . B R . . . B B _

Fio, 443 115 078 452 517 308 409 023 218 g9z atany observations were an extreme influ

HCO,4 571 551 562 477 500 401 350 371 421 126  ence in this model. o

Pressure support 893 738 763 402 421 481 167 — 290 — Again by using the training cohort, by

PEEP 893 716 669 372 391 270 317 .168 .016 .071 stepwise logistic regression, I developed mul-

Albumin 881 720 770 767 767 709 647 420 373 204 tivariate models that predicted the presence or

gllolesterol ;?g gg? ;% Zi? gg 395 (2)355) ?gg ggg g?g absence of acute respiratory distress syndrome
ucose . . . R B — B . . . . . .1

Total protein 785 684 701 635 587 556 483 289 229 031 (ARDS), renal insufficiency, hepatobiliary dys-

Triglycerides 711 922 771 403 407 313 155 343 194 120 function, and disseminated intravascular co-

Uric acid 939 910 826 740 685 593 506 283 353 512 agulation dysfunction (DIC), all defined ac-

Calcium 696 663 424 580 611 .605 510 360 450 312 cording to established diagnostic criteria in

the literature for these entities (20); cerebral
dysfunction, defined as Glasgow Coma Scale
score <11; and the number of lung quadrants
on chest radiograph that were affected by pul-
monary edema (0-4). Again, independent
variables for each model were limited to ten,
and all-ways elimination was used in the mod-
el-building process. Glasgow Coma Scale
score <11 was chosen as the threshold for
cerebral dysfunction because of the automatic

SVR, systemic vascular resistance; PEEP, positive end-expiratory pressure.

Table 3. SMART: Prediction of liver and renal function indicators in severe sepsis from baseline data
only, r (predicted vs. observed)

Day

1 2 3 4 5 6 7 14 21 28

Alkaline phosphatase ~ .869  .550  .691  .679 .798 .710 .619 421 369 .105

ALT 959 844 391 485 606 .242 224 354 305 .108 ‘

AST 786 659 231 287 153 061 .093 —  — 461 absence of an appropriate verbal response for
GGT 943 807 717 707 671 499 578 491 456 .169  endotracheally intubated patients who other-
Total bilirubin 965 941 832 676 770 753 824 .869 .815 .688  wise might have intact cerebral function. The
BUN 970 922 881 832 816 804 767 450 337 331  SMART multiple regression models derived for
Creatinine 896 831 741 706 657 .645 567 303 384 .379

these dichotomous dependent variables then
were validated prospectively by entering raw
data from the 103 predictive cohort individual
patients into the training cohort logistic re-
gression formulas and then assessing predic-
tive accuracy by calculating the area under the
curve of receiver operating characteristic sta-
tistics (ROC AUC) (24, 25).

Stepwise multiple regression and stepwise
multiple logistic regression models that pre-

ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, glutamyl-glutamate ami-
notransferase; BUN, blood urea nitrogen.

Table 4. SMART: Prediction of hematologic and coagulation indicators in severe sepsis from baseline
data only, r (predicted vs. observed)

Day

1 2 3 4 5 6 7 14 21 28

Lymphocytes 937 982 976 994 .105 .158 .114 .995 978 .980 dicted continuous and dichotomous depen-
Monocytes 971998 997 994 999 161 .168 988 .999 .997  dent variables, respectively, 24 hrs after base-
Borge | eOPRls S 901 704 S11 035 904 984 030 105 331 .ne used only baseline data. For predictions
ands . . . . . . . . . . . .
Granulocytes (segs + bands) 999 999 999 859 999 878 734 637 999 _  bevond 24 hrs, SMART modeling was carried
% Granulocytes 999 999 999 685 .999 999 .999 245 999 out in two ways for each variable at each time

point: a) from baseline data only; and b) from
serial data, where baseline measurements
and/or subsequent determinations up to 24
hrs before the time being prognosticated were

0.921 850 .777 732 670 .604 438 301 450 147
932923 926 922 917 402 928 .879 .809 .887

Platelet count
Prothrombin time

By using Statistical Analysis System (SAS)
programs (21), the continuous dependent
variables listed in Tables 2-4 were screened
for Spearman cross-correlations with each in-
dependent variable at days 1-7, 14, 21, and 28
after baseline. The Spearman correlations
were ordered by absolute magnitude, and
those with the largest absolute correlations
were entered into a stepwise selection model.
The number of variables entered into the step-
wise procedure was chosen to approximately
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maintain a ratio of one variable to ten patients
in the model (22). Missing value patterns
present in the data caused a different number
of variables to be input to the stepwise proce-
dure for each dependent variable. These mul-
tiple regression models then were validated
prospectively by entering raw data from each
of the patients in the predictive cohort into
each model and plotting linear regression
curves of the predicted value of each variable
for each patient vs. the measurements actually

incorporated into the multiple regression
and/or multivariate stepwise logistic regres-
sion modeling.

For differences in distribution of indepen-
dent and dependent variables, the chi-square
statistic was used (23).

To evaluate whether independent variables
that made sense pathophysiologically but were
not weighted predictors in the predictive mod-
els could improve SMART prognostications,
baseline dichotomous models were reevalu-
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ated for day 5. Specifically, independent vari-
ables that logically were associated with chest
radiograph score (Fi0,, IL-8, GCSF, peak end-
expiratory pressure [PEEP]), with ARDS (Fio,,
platelet count, IL-8, GCSF), with DIC (platelet
count, prothrombin time, partial thrombo-
plastin time), with hepatobiliary failure (acti-
vated clotting time, aspartate aminotransfer-
ase, IL-6, IL-8, GCSF), with renal insufficiency
(shock, IL-6, IL-8, GCSF), and with shock
(platelet count, IL-6, IL-8, GCSF, Fio,), but
were not captured mathematically as signifi-
cant predictors, were “forced” into the SMART
models that predicted each of these dichoto-
mous dependent variables in day 5. Predicted
vs. observed ROC AUC results then were com-
pared with corresponding curves from models
that did not include these variables.

RESULTS

Follow-up of subjects in the parent
clinical trial was quite detailed and com-
plete. Baseline data were sufficient for
SMART equations of most of all the 103
validation patients. Only seven SMART
models were validated with sample sizes
<30: chest radiograph score at 14 (n =
21) and 21 (n = 11) days, HO; at 24 (n =
26) and 28 (n = 14) days, PEEP at 21 (n
= 22) and 28 (n = 12) days, and pressure
support ventilation at 28 days (n = 11).

Prospectively validated SMART predic-
tions of physiologic, respiratory, and met-
abolic variables in patients with severe

notransferase, glutamyl-glutamate ami-
notransferase, total bilirubin, blood urea
nitrogen, and creatinine. Many of the
multiple regression models yielded clini-
cally useful results at 14 days and beyond.

Prospectively validated SMART predic-
tions of hematologic and coagulation in-
dicators in patients with severe sepsis
from baseline data only are tabulated in
Table 4. Quantitative predictions of lym-
phocyte, monocyte, segmented neutro-
phil, band, and granulocyte counts; the
differential percentage of granulocytes
and lymphocytes; platelet count; and pro-
thrombin time consistently resulted in
linear regression correlations between
predicted and observed values in individ-
ual patients in the clinically useful range
above .9. SMART predictions of hemato-
crit, red blood cell count, white blood cell
count, and partial thromboplastin time
also were significant.

Prospectively validated SMART predic-
tions of physiologic, respiratory, and met-
abolic variables in patients with severe
sepsis from baseline data plus serial in-
formation, including maximum levels
and change from baseline, are tabulated

in Table 5. Plots of predicted vs. observed
values in individual patients for Glasgow
Coma Scale, HCO,, pressure support ven-
tilation, PEEP, albumin, cholesterol, trig-
lycerides, and uric acid produced r > .8
during days 1-7. Predicted vs. observed
correlations >.4 were recorded for heart
rate, temperature, cardiac index, sys-
temic vascular resistance, Fio,, glucose,
total protein, and calcium.

Prospectively validated SMART predic-
tions of liver and renal function indica-
tors from baseline plus serial data are
displayed in Table 6. Clinically useful lev-
els of accuracy, evidenced in Pearson
product moments >.8, were achieved
with alkaline phosphatase, alanine ami-
notransferase, glutamyl-glutamate ami-
notransferase, total bilirubin, blood urea
nitrogen, and creatinine for up to 28 days
of observation.

Prospectively validated SMART predic-
tions of hematologic and coagulation in-
dicators in patients with severe sepsis,
from models derived from baseline plus
serial data analysis, are displayed in Table
7. Clinically useful levels of accuracy
were evidenced in r values >.9 for

Table 5. SMART: Prediction of physiologic, respiratory, and metabolic variables in severe sepsis from

baseline plus serial data, r (predicted vs. observed)

Day

sepsis and septic shock, from baseline 1 2 3 5 6 7 14 21 28
data only, are listed in Table 2. The high- Cardinc ind 0570 157 404 352 o8 167 007
. . : ardiac mdaex . . . R . . . — —
est linear regression correlation coeffi- o) oLl G e 601 897 804 665 377 024 164  — 066 079
cients were for predictions of the level of 00, 571 277 853 375 362 211 350 112 233 218
pressure support ventilation, PEEP, se-  Pressure support 893 877 904 674 620 481 297 258 — 325
rum albumin, cholesterol, total protein, PEEP 893 .877 899 674 263 291 450 .167 .368  .188
triglycerides, and uric acid. Through 7 Albumin 881 815 937 794 819 680 .622 386 227 .055
dave. quantitative predictions of HCO.. — Cholesterol 725 832 957 633 403 303 .180 287 .011 .058
Ys, quanti p : 3 Total protein 785 656 638 598 588 563 520 324 047 204
F10,, systemic vascular resistance, cardiac  Triglycerides 711 846 802 415 602 454 158 457 384 117
index, temperature, and heart rate also  Uric acid 939 910 957 720 .623 545 446 304 353 517
Calcium 696 522 346 589 551 635 142 357 553  .153

approached clinically useful levels of pro-
spective validation, with r = .500. Predic-
tions from baseline data of continuous
dependent variables at 14 days and be-
yond were clinically significant only for
HCO;, serum albumin, cholesterol, total
protein, uric acid, and calcium.

Results of prospectively validated
SMART multiple regression predictions
of liver and renal function indicators
among patients with severe sepsis from

PEEP, positive end-expiratory pressure.

Table 6. SMART: Prediction of liver and renal function indicators in severe sepsis from baseline plus
serial data, r (predicted vs. observed)

Day

1 2 3 4 5 6 7 14 21 28

Alkaline phosphatase  0.869  .594  .689 .055 .878 .720 .809 .699  .670  .818
ALT 959 865 772 506 497 175 016 .041 161  .572

baseline data only are displayed in Table AST 786 659 605 180 134 302 —  — 138 426
3. Clinically useful levels of correlation GGT o 943 810 .837 689 .701 .683 .736 .652 443 415
between SMART predictions and the val-  Total bilirubin 965 982 983 889 895 912 822 927 949 933

os actuall obsgwe din individual pa.  BUN 970 970 946 906 811 .84 792 419 553 429
u ually ! 1 DA~ Creatinine 896 879 815 716 .603 593 568 312 384 .359

tients, frequently exceeding r = .700,
were achieved for alkaline phosphatase,
alanine aminotransferase, aspartate ami-

ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, glutamyl-glutamate ami-
notransferase; BUN, blood urea nitrogen.
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SMART predictions of lymphocyte, Table 7. SMART: Prediction of hematologic and coagulation indicators in severe sepsis from baseline
monocyte, segmented neutrophi]’ band plus serial data, r (predicted vs. observed)
and granulocyte counts, differential per-

D
centage of granulocytes and lymphocytes, &

platelet count, and prothrombin time. 1 2 3 4 5 6 7 14 21 28

Pearson product moments >.5 were re-

corded also for hematocrit, red blood cell ~ Lymphocytes 937 982 975 989 .132 996 970 .994 .986 .981

. 1 Monocytes 971 989 .989 387 .999 161 .139 988 .999 .998

count, white blood cell count, and partial = g, /Cet o rophils 999 999 999 999 999 999 999 999 999 .999

thromboplastin time. Bands 999 989 .038 519 .956 .995 980 .095 .102 .386

The distribution of predicted vs. ob-  Granulocytes (segs + bands) .999 .999 .999 .857 .999 999 .748 .658 .999 —

: : . 9% Granulocytes 999 999 999 704 999 999 999 209 .999 —

Seweccll Corrzlatlton C.Oiflﬁmeng? ft‘?r Co?tm Platelets 921 894 759 754 754 789 726 382 743 581

uous dependent variable prediCtions IYOm  pythrombin time 932 932 991 .885 912 911 .900 .866 .849 .865

baseline data in patients with severe sep-
sis is tabulated in Table 8. Through day 3,
more than half of the plots of individual
patients had r = .7. For days 4 and 5,

Table 8. SMART: Predicted vs. observed correlation coefficients for continuous dependent variables in
patients with severe sepsis from baseline data

most multiple regression models were r Value (%)
validated at r = .5. Among predictions Day After
beyond 14 days, approximately 20% of r ~ Baseline =5 =6 =7 =38 =9
values were =.6. Clinically useful levels 1 29/36 (81) 25/36 (69) 22/36 (61) 18/36 (50) 13/36 (36)
of accuracy, reflected as a Pearson prod- 2 26/36 (72) 23/36 (64) 20/36 (56) 17/36 (47) 12/36 (33)
uct moment =.8, were noted in 50% of 3 22/36 (61) 22/36 (61) 19/36 (53) 9/36 (25) 7/36 (19)
SMART models for continuous dependent 4 18/36 (50) 16/36 (44) 12/36 (33) 6/36 (17) 4/36 (11)
variables at dav 1. 47% for dav 2. and 25% 5 21/36 (58) 16/36 (44) 10/36 (28) 7/36 (19) 6/36 (17)
y 1, 0 Y 4, 0 6 13/36 (36) 11/36 (31) 8/36 (22) 5/36 (14) 3/36 (8)
for day 3. Thereafter, through day 28, 7 13/36 (36) 9/36 (25) 7/36 (19) 5/36 (14) 4/36 (11)
14% to 22% of quantitative predictions in ;111 ggg gg; ggg gg; ggg g;; ggg g;; ggg g%g
individual patients generated predicted 58 6/36 (17) 636 (17) 5/36 (14) 5/36 (14) 4736 (11)

vs. observed plots of r = .8 accuracy.
Distribution of correlation coefficients

for prospectively validated SMART predic-

tions of continuous dependent variables

Table 9. SMART: Predicted vs. observed correlation coefficients for continuous dependent variables in
patients with severe sepsis from baseline plus serial data

in individual patients with severe sepsis r Value (%)
from baseline plus serial data is listed in ~ Day After
Table 9. Through day 5 from baseline, ~baseline =5 =6 =7 =8 =9

more than half of predicted vs. observed r

1 29/36 (81) 25/36 (69) 29/36 (61) 18/36 (50) 13/36 (36)

were values >.5, and 53% had r values 2 26/36 (72) 23/36 (64) 21/36 (58) 21/36 (58) 11/36 (31)
>.8 at day 3. On days 428, between 17% 3 26/36 (72) 26/36 (72) 21/36 (58) 19/36 (53) 13/36 (36)
0 - . ) 4 29/36 (61) 13/36 (36) 13/36 (36) 7/36 (19) 4/36 (11)

and 31% of serial data multiple regres 5 19/36 (53) 17/36 (47) 12/36 (33) 11/36 (31) 6/36 (17)
sion models generated Pearson product 6 17/36 (47) 14/36 (39) 10/36 (28) 9/36 (25) 7/36 (19)
moments of =.8. 7 14/36 (39) 12/36 (33) 11/36 (31) 7/36 (19) 5/36 (14)
Prospectively validated predictions of 14 10/36 (28) 9/36 (25) 6/36 (17) 6/36 (17) 5/36 (14)
the dichotorous dependent variables 21 13/16 (36) 11/36 (31) 10/36 (28) 8/36 (22) 7/36 (19)
p 28 11/36 (31) 10/36 (28) 7/36 (19) 7/36 (19) 5/36 (14)

chest radiograph score, need for mechan-
1(:?11 Ventllatlo.n’ ARD.S’ DIC, hepatobiliary Table 10. SMART: Prediction of shock and organ failure in severe sepsis from baseline data only, ROC
failure, renal insufficiency, shock, and ce-  p;5¢

rebral dysfunction are seen in Tables 10
and 11. SMART models derived from Day
baseline data only (Table 10) were vali-
dated at clinically useful levels of accu-

racy, with 38 of 56 (68%) ROC AUC de-  op et yadiograph score® 913 798 787 832 931 702 703  .624 625 1.000

1 2 3 4 5 6 7 14 21 28

terminations up to 7 days after baseline  Mechanical ventilation 828 —  — — 669 — 765 427 596 582
>.700. When serial plus baseline data ARDS 713770 586 708 696  .849 .801 860  .980 —
: : . DIC 912 806 797 719 681 .884 .767 263 484
were included in the modeling process oo biior filure 0816 929 686 875 838 778 817 701 744 951
(Table 11), predictive accuracy was even  Renal insufficiency 910 .802 .866 .894 .842 .732 .753  .699 717 .848
higher, as 46 of 56 (84%) of these equa-  Shock 654 607 595 626 — 750 .655 563 319 —
tions were validated at ROC AUC > 700 GCS <11 845 768 685 712 687 715 6060 486 469 328

during the first week. ROC AUC, area under the curve of the receiver operating characteristic plot; ARDS, acute

. Qomparatlve examples of SMART pre- respiratory distress syndrome; DIC, disseminated intravascular coagulation dysfunction; GCS, Glasgow
dictions from baseline data only vs. base- ¢ a Scale.

line plus _Serial data are seen in_ Table 12. ?0)—4 quadrants pulmonary edema (Murray JF, et al. Am Rev Respir Dis 1988; 138:720—723). Organ
For continuous dependent variables, the failure and shock definitions were from Fisher CJ, Slotman GJ, Opal SM, et al. Crit Care Med 1994;
frequency of cross-validated r > .5and r  22:12-21.
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> .6 at 3 and 7 days was similar in base-
line and serial SMART models. At 3 days,
53% of serial equations yielded r > .8 vs.
25% of baseline models. Performance of
serial and baseline SMAR models for di-
chotomous dependent variables varied
widely.

To test specifically the ability of the
SMART modeling process to predict or-
gan failure and shock subclinically in pa-
tients with severe sepsis, baseline data
from patients in the predictive cohort
who did not have ARDS at baseline were
entered into the SMART models for pre-
dicting ARDS from baseline data on days
1-28. Similarly, data from patients who
did not have DIC at baseline were entered
into the models for DIC, and so on, as
well, for individual patients who did not
have hepatobiliary failure, renal insuffi-
ciency, shock, and Glasgow Coma Scale
<11 at baseline. Results of these analyses
are tabulated in Table 13. SMART multi-
ple logistic regression models predicted
the presence or absence of ARDS, DIC,
hepatobiliary failure, renal insufficiency,
shock, and cerebral dysfunction in pa-
tients without each of these conditions at
baseline up to 28 days in advance, with 25
of 60 (42%) achieving ROC AUC values of
=(.7. Conversely, predicted vs. observed
analysis for shock and each type of organ
dysfunction was performed by using base-
line data from predictive cohort patients
who had shock or each defined organ
dysfunction at baseline. These results are
displayed in Table 14. In 38 of 60 (63%) of
these predictive models, the ROC AUC for
predicted vs. observed plots was >.5, thus
predicting the continued presence, or
resolution, of shock and organ failure.

To evaluate whether biological con-
stancy of continuous dependent variables
was a factor in promoting accurate r val-
ues, the percentage of individual patients
in whom each quantitatively predicted
variable changed by >25% from baseline
was calculated. These results are dis-
played in Table 15. Only two of these
variables (6%), prothrombin time and
band leukocyte count, varied >25% from
baseline in <40% of the patients evalu-
ated. On the other hand, 22 of 36 (61%)
of the continuous dependent variables
varied >25% from baseline in >80% of
the patients evaluated. For completion,
on day 3, the coefficient of variation (R?)
for training cohort SMART models that
predicted each continuous dependent
variable was plotted vs. the percentage of
patients in whom that variable had varied
>25%. No statistically significant direct
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Table 11. SMART: Prediction of shock and organ failure and survival in severe sepsis from baseline plus
serial data, ROC AUC

Day

1 2 3 4 5 6 7 14 21 28

Chest radiograph score 913  .841 .832 .849 864 .738 745 532 .803 1.00
Mechanical ventilation .828 — — — 797 853 937 .669 .771 .828
ARDS 713 .808 .600 .643 .809 .886 .737 .881 1.000 1.000
DIC 912 912 874 .677 702 889 447 — 491 —
Hepatobiliary failure 816 .789 680 .845 858 .873 .883 .789 955 .953
Renal insufficiency 910 .864 .864 965 .880 .805 .854 .886 .854 .688
Shock 654 494 838 795 803 .626 .652 625 .264 —
Survival status 752 754 684 .665 .657 .657 .621 .701 .841 .839
GCS <11 845 873 857 793 748 682 .743 651 .783 —

ROC AUC, area under the curve of the receiver operating characteristic plot; ARDS, acute
respiratory distress syndrome; DIC, disseminated coagulation dysfunction; GCS, Glasgow Coma Scale.
?0—4 quadrants pulmonary edema (Murray JF, et al. Am Rev Respir Dis 1988; 138:720-723). Organ fail-
ure and shock definitions were from Fisher CJ, Slotman GJ, Opal SM, et al. Crit Care Med 1994; 22:12-21.

Table 12. Summary of baseline vs. baseline plus serial SMART model performance

r values for continuous dependent variables (% of total)

Day 3, r >5 >7 >38
Baseline, % 61 53 25
Baseline plus serial, % 72 58 53

Day 7
Baseline, % 36 19 14
Baseline plus serial, % 39 31 19

ROC AUC for dichotomous dependent variables (% of total)

Day 3, ROC AUC >.6 >7 >.8
Baseline, % 63 37 12.5
Baseline plus serial, % 100 53 56

Day 7
Baseline, % 100 75 25
Baseline plus serial, % 89 67 33

Table 13. SMART: Prediction of shock and organ failure in septic shock from baseline data among
patients without baseline shock or organ dysfunction, ROC AUC

Day

1 2 3 4 5 6 7 14 21 28

ARDS 544 — 400 503 408 799 723 879 1.000 —
DIC 875 908 754 705 .700 .802 .852  .292 482 —
Hepatobiliary failure ~ .698 .771 420 .773 .798 .839 748 564 789  .952
Renal insufficiency 957 610 917 928  .881 621 765 — 611 816
Shock .500 — — — — 444 — — — —
GCS <11 846 375 622 566 .616 .670 462 232 .688  .259

ROC AUC, area under the curve of the receiver operating characteristic plot; ARDS, acute respiratory
distress syndrome; DIC, disseminated intravascular coagulation dysfunction; GCS, Glasgow Coma Scale.

Organ failure and shock definitions were from Fisher CJ, Slotman GJ, Opal SM, et al. Crit Care Med
1994; 22:12-21.

Table 14. SMART: Prediction of shock and organ failure in septic shock from baseline data among
patients with baseline shock or organ dysfunction, ROC AUC

Day

1 2 3 4 5 6 7 14 21 28

ARDS 198 — 478 333 833 521 464 625 857 @ —
DIC 950  .667 550  .300  .500 — — — — —
Hepatobiliary failure 491 .768 .893 931 .792 .908 .837 .788 .545 974
Renal insufficiency 545 453 373 417 595 688 579 . .680  .861
Shock 591 519 537 599 — 811 653 573 .253 —
GCS <11 703 785 546 769 576 733 633 767 — —

ROC AUC, area under the curve of the receiver operating characteristic plot; ARDS, acute
respiratory distress syndrome; DIC, disseminated intravascular coagulation dysfunction; GCS, Glasgow
Coma Scale. Organ failure and shock definitions were from Fisher CJ, Slotman GJ, Opal SM, et al. Crit
Care Med 1994; 22:12-21.
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or inverse relationship was found be-
tween the degree of variation for each
variable and the R* of the multiple re-
gression predictive models. In 218 of 245
(89%) continuous baseline models for
days 1-7, the baseline value of the depen-
dent variable had the highest predictive
weight compared with 68 of 105 (65%) of
the equations for days 14-28 (p < .01).
Similarly, for serial models, the baseline
dependent variable was the strongest de-
pendent variable in 187 of 245 (76%) of
days 1-7, vs. 43 of 105 (41%) of days
14-28 (p < .001). Among dichotomous
models, baseline dependent variables
were highest predictors in 44 of 56 (79%)
baseline equations for 7 days, vs. 7 of 24
(29%) on days 14-28 (p < .01), and for
serial models 37 of 53 (59%) on days 1-7
vs. 5 of 27 (19%) on days 14-28 (p <
.001).

Stepwise multiple regression predic-
tion of IL-8, GCSF, and IL-6 from base-
line data only is displayed in Table 16.
These inflammatory response mediators
were measured in plasma at baseline and
at days 1, 2, 3, and 4 thereafter. Predicted
vs. observed Pearson product moments as
high as .988 were achieved by inserting
data from individual patients from the
predictive cohort into the multiple re-
gression models for each mediator. IL-6,
IL-8, or GCSF was correlated signifi-
cantly in 103 of 360 (29%) of baseline
models and in 112 of 360 (31%) of base-
line plus serial data model matrixes for
continuous dependent variables, and in
47 of 66 (71%) of baseline models and 54
of 64 (84%) of baseline plus serial data
models for dichotomous dependent vari-
ables. Ninety-four of the SMART predic-
tive models had two or more of these
inflammatory response mediators corre-
lated as independent variables.

Predicted vs. observed ROC AUC val-
ues from baseline models for day 5, when
mathematically selected models were
compared with those into which addi-
tional pathophysiologic variables were
“forced,” respectively, included the fol-
lowing: chest radiograph score, 0.931 vs.
0.862; ARDS, 0.696 vs. 0.742; DIC, 0.681
vs. 0.736; hepatobiliary failure, 0.838 vs.
0.764; and renal insufficiency, 0.842 vs.
0.727. Shock at day 5 was not predicted
successfully by purely mathematical
baseline modeling, but with forced vari-
ables had an ROC AUC of .608.

The equations developed to predict
each dependent variable are available
from the author for research and inde-
pendent confirmation.
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Table 15. Variation of continuous dependent variables in patients with severe sepsis and/or septic

shock from baseline data

>25% Change from

Variable Patients, n Baseline, % Range of Variable
Albumin 269 62 0.3-5.8 g/dL
Alkaline phosphatase 279 91 7-2140 units/L
ALT 259 95 0-3590 units/L
AST 281 96 0-4410 units/L
BUN 286 92 1-115 mg/dL
Calcium 281 26 1-14 mg/dL
Cholesterol 255 87 5-837 mg/dL
Creatinine 289 82 0.1-12.2 mg/dL
GGT 233 92 0-1499 units/L
Glucose 287 91 22-787 mg/dL
Hematocrit 284 47 2.8-50%
Hemoglobin 287 44 1.1-17.0 mg/dL
Heart rate 287 62 26-188 bpm
Platelet count 287 94 7-1262 x 10°
Total protein 268 60 0.48-14.9 g/dL
PT 278 34 10-146 secs
PTT 276 63 18-240 secs
RBC 277 44 1.47-9.80 K/pL
Total bilirubin 281 95 0.06-60 mg/dL
Triglycerides 250 93 7-1640 mg/dL
Uric acid 267 88 0.4-19.2 mg/dL
WBC 287 95 800-138,000/mm?
Glasgow Coma Scale 200 95 3-15
HCO, 255 53 2-46 mEq/L
Fio, 262 87 21-100%
Lymphocytes 252 98 0-2900/mm?®
Monocytes 246 100 0-1848/mm?
Segmental neutrophils 239 64 0-36,064/mm®
Bands 181 99 0-2002/mm?
Granulocytes 206 39 0-36,432/mm®
% Granulocytes 206 92 0-99%

% Lymphocytes 253 98 0-28%

CI 156 63 1.3-9.6 L'min~:m 2
SVR 159 74 36-8125 dyne - sec/cm®
PEEP 152 93 0-25 cm H,0

Pressure support 81 99 0-70 cm H,0

ALT, alanine aminotransferase; AST, aspartate aminotransferase; BUN, blood urea nitrogen; GGT,
glutamyl-glutamate aminotransferase; PT, prothrombin time; PTT, partial thromboplastin time; RBC,
red blood cell count; WBC, white blood cell count; CI, cardiac index; SVR, systemic vascular resistance;

PEEP, positive end-expiratory pressure.

DISCUSSION

The results of the present study dem-
onstrate that models developed with the
SMART approach predict end-organ func-
tion indicators quantitatively, and prog-
nosticate the presence or absence of
shock and organ dysfunction up to 28
days in advance, in individual patients
with severe sepsis and septic shock. Many
of these SMART predictive engines were
validated prospectively at clinically useful
levels of accuracy. Multivariate logistic
regression models predicting the dichot-
omous dependent variables of shock,
chest radiograph score, DIC, ARDS, cere-
bral dysfunction, and liver and renal fail-
ure in severe sepsis also were validated
prospectively in this study. Furthermore,
some SMART models predicted the onset
of shock and organ failure in patients

Table 16. SMART: Prediction of inflammatory
response mediators in severe sepsis from baseline
data only, r (predicted vs. observed)

Day
1 2 3 4
IL-8 614 917 .015 .678
GCSF .856 — .804 671
IL-6 .829 988 .300 117

IL, interleukin; GCSF, granulocyte colony
stimulating factor.

without each of these systemic inflamma-
tory conditions at baseline, as well as the
continuation/resolution of shock and or-
gan failure among patients who entered
this study with these septic complications
already established. Biological constancy
of organ function indicators did not ap-
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pear to underlie SMART’s predictive ac-
curacy, because all but two continuous
dependent variables varied by >25%
from baseline in >40% of the patients
studied. The importance of measuring in-
flammatory response mediators to these
prognostications was demonstrated by
the correlation of IL-6, IL-8, and/or GCSF
in developing 29% to 31% of SMART
models predicting continuous dependent
variables, and in 71% to 84% of equations
for dichotomous end points. Finally,
plasma concentrations of IL-6, IL-8, and
GCSF themselves were predicted accu-
rately from baseline data up to 4 days in
advance. A review of the literature indi-
cates that prospectively validated prog-
nostic models predicting continuous and
dichotomous indicators of cardiopulmo-
nary performance and end-organ func-
tion in individual patients have not been
reported previously. These results are sig-
nificant findings of this study.

One of the most clinically important
aspects of this investigation was the pro-
spectively validated, quantitative predic-
tion of physiologic variables and standard
hospital laboratory organ function indi-
cators. This information was known days
and sometimes weeks in advance, from
both baseline and serial data input. Al-
though the intrinsic value of knowing
what hemodynamics, oxygen require-
ments, coagulation profiles, white blood
cell counts and differential, or renal and
liver function profiles will be days or even
weeks in advance may be intuitively ob-
vious, hypothetical practical application
may clarify its potential uses. For exam-
ple, therefore, if the intensivist at the
bedside knows that the patient will re-
quire increasing Fio, and PEEP during
the next 3 days, then more aggressive
treatment of known pulmonary pathol-
ogy and, particularly in the septic patient,
a search for unrecognized infections or
other sources of systemic inflammation
will be instituted early, with possible ben-
eficial therapeutic results. Similarly, ad-
vance prediction of increasing bilirubin
and alkaline phosphatase could lead to
early discovery and treatment of acute
biliary pathology, whereas predicted in-
creases in blood urea nitrogen and creat-
inine might lead physicians to optimize
renal perfusion before irreversible tissue
damage occurred. Early warning of im-
pending thrombocytopenia could alert
the physician to occult continued sepsis
and inflammation-induced organ failure
or to subclinical bleeding, for which early
intervention could be lifesaving. Advance
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prediction of white blood cell count and,
particularly, the differential cell count in
the septic patient could give additional
subclinical clues about the developing
presence of secondary infections. Con-
versely, knowing that previously known
pathologic concentrations of these vari-
ables were normalizing could help de-
cision making regarding the length of
antibiotic treatment, the need for ven-
tilatory and hemodynamic support, or
the adequacy of surgical drainage of
infection. These examples are practical
possibilities for the SMART models re-
ported in this study.

Several of the SMART models were
validated prospectively at levels of accu-
racy that approached clinical signifi-
cance. Among continuous dependent
variables, respiratory function variables,
such as requirements of pressure support
ventilation or PEEP, were predicted up to
3 days in advance, with r > .700 for
baseline models and as high as .904 when
serial data were included. Predictions of
Glasgow Coma Scale, serum bicarbonate,
albumin, cholesterol, triglycerides, and
uric acid up to 7 days in advance had r >
.800. Indicators of liver and renal func-
tion were predicted effectively, consis-
tently yielding prospective r = .700
through 7 days and, for alkaline phospha-
tase and bilirubin, up to 28 days. This was
true also for quantitative SMART predic-
tions of hematologic and coagulation re-
sults, as counts of lymphocytes, mono-
cytes, segmented neutrophils, bands,
total granulocytes and platelets, and pro-
thrombin time all had predicted vs. ob-
served linear regression correlations >.9,
with many at that level of accuracy
through 28 days. Advance knowledge of
this breadth and quantitative quality
among individual septic patients has not
been available previously. Its potential
clinical usefulness has not yet been
tested, but the possibilities are myriad.

Prospectively validated SMART predic-
tions of shock and end-organ dysfunc-
tion, by using clinical definitions estab-
lished in the literature, were another
important finding of this study. For ex-
ample, baseline logistic regression mod-
els predicted pulmonary edema scores,
the need for mechanical ventilation, and
the presence or absence of ARDS, shock,
DIC, and acute hepatobiliary, renal, and
central nervous system dysfunction accu-
rately. Among SMART models for the first
7 days after the onset of severe sepsis/
septic shock, 70% were validated pro-
spectively at ROC AUC > .700. For pul-

monary edema scoring, mechanical
ventilation, ARDS, hepatobiliary dysfunc-
tion, and acute renal failure, SMART
prognostic models were clinically reliable
up to 28 days in advance. SMART also
predicted 28-day survival with predicted
vs. observed ROC AUCs as high as .839.
Although some studies have correlated
physiologic values and even some mea-
surement of circulating inflammatory
mediators with broad groupings of mul-
tiple organ failure (26, 27), the specific,
prospectively validated predictions of
shock, pulmonary edema, end-organ dys-
function, and survival demonstrated in
the present study have not been reported
previously. These results represent a sig-
nificant methodological advance in out-
comes research.

Another prognostic improvement
manifested in the SMART models pre-
sented here is that their predictions are
applicable to individual septic patients.
Previously described illness severity scor-
ing systems, including the Sepsis Score
(1), Simplified Acute Physiology Score II
(8), Multiple Probability Model II (6),
Acute Physiology and Chronic Health Ex-
amination II and III (10, 11), and Inter-
national Classification of Disease Illness
Severity Score (28, 29), among others,
generally have predicted only grouped
risk of intensive care unit or hospital
mortality. Even when serial physiologic
assessments (30) were included in these
scoring models, or Bayesian analysis was
used to predict mortality rates (31), prog-
nostication still has been limited to rela-
tive risk of mortality, and, therefore, has
not been applicable to individual patients.
Similarly, attempts at predicting multiple
organ dysfunction (26, 27, 32, 33), venti-
lator dependence (34), or length of stay
and hospital costs (28, 29) have faltered,
by being insufficiently accurate for clini-
cal usefulness, by lacking prospective val-
idation, by not being applicable to indi-
vidual patients, and/or by predicting only
wide groupings of organ dysfunction or
length of stay probabilities. In contrast,
the SMART models presented here ap-
proach prognostications involving criti-
cally ill patients from the opposite direc-
tion, that is, by predicting continuous
and dichotomous dependent variables
specifically in individual patients. Many
SMART quantitative and qualitative pre-
dictions of laboratory test results and
clinical events occurring days (and some-
times even weeks) later were validated
prospectively at clinically useful levels of
accuracy.
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The SMART modeling approach differs
from conventional prognostic methods in
several ways. Whereas physiologic scor-
ing systems use clinically obvious infor-
mation to predict mortality probability,
SMART explores relationships among de-
mographics, physiologic data, standard
hospital laboratory tests, and subclinical
measurement of inflammatory response
mediators and analyzes these relation-
ships to predict clinical events that deter-
mine the course of each patient. Mortal-
ity scoring methods group patients
together who have like mortality risks
but widely varying pathophysiologies;
SMART predicts major clinical changes
that may affect survival, based on results
from patients with similar mechanisms of
illness. Acute Physiology and Chronic
Health Examination III, Multiple Proba-
bility Model II, Simplified Acute Physiol-
ogy Score II, and others assess relative
risk of death, while assuming, statisti-
cally, at least, that contributing factors
remain constant and that outcome is not
altered by treatment. SMART can predict
conditions that may not yet be evident
externally, and, therefore, it might im-
prove outcomes by making possible early
intervention and timely modification of
the host inflammatory response.

In this study, circulating concentra-
tions of inflammatory response mediators
contributed to many SMART models.
Plasma IL-6, IL-8, or GCSF was corre-
lated significantly in the development of
29% of baseline predictions for continu-
ous dependent variables and in 31% of
equations derived from baseline plus se-
rial data. The value of measuring inflam-
matory mediators was even greater in
SMART predictions of shock and organ
dysfunction, where 71% of baseline mod-
els and 84% of serial data model building
had cytokines as correlated factors. Con-
sidering the predictive successes de-
scribed here, one might speculate that
the accuracy of SMART equations could
be optimized further by measuring addi-
tional inflammatory response mediators
that also have been associated with sep-
sis, shock, and organ failure. If IL-13 (33,
34), IL-2 (35), IL-8 (36, 37), tumor ne-
crosis factor-a (35, 38, 39, 40), endothe-
lin (41), E-, P-, and L-selectin (42, 43),
intercellular adhesion molecule and
other adhesion molecules (44), neutro-
phil elastase (43, 45, 46), antithrombin
I1I (45), leukotrienes (41, 38), prostaglan-
dins (17, 38), activated complement (17),
and IL-6 (38, 47), among others, were all
included simultaneously as independent

Crit Care Med 2002 Vol. 30, No. 5

variables in SMART models, it may be
that clinically useful predictive accuracy
could be achieved for many more depen-
dent variables than was possible with the
present database. Measurements of anti-
inflammatory response reactants, like
IL-10 and IL-1 receptor antagonist (48),
similarly might improve SMART’s perfor-
mance.

Multiple regression models that pre-
dicted circulating IL-6, IL-8, and GCSF
themselves in this study were validated
prospectively, with r values as high as
.988. These findings confirmed a previous
retrospective report of SMART in which
plasma prostaglandins, leukotrienes,
IL-1, IL-6, and tumor necrosis factor
were predicted in septic patients (19). Al-
though confirmatory quality control data
regarding the assays used to measure
these substances are lacking, the avail-
able data nevertheless suggest that, by
analyzing interactions among pathophys-
iologic observations, standard laboratory
tests, and levels of inflammatory response
reactants in blood, and possibly in other
biological fluids, concentrations of medi-
ators such as IL-1, tumor necrosis factor,
and others can be known in advance in
critically ill patients. If such SMART
models can be matured to consistently
high quantitative accuracy, then patients
with life-threatening systemic inflamma-
tory conditions can be matched subclin-
ically with novel drugs directed specifi-
cally at the cytokine or other substance
that drives each individual’s pathophysi-
ology. This kind of advance information
could improve selecting patients for clin-
ical trials to the point of facilitating de-
termination of new drug efficacy for sep-
sis and other life-threatening systemic
illnesses.

In predicting continuous dependent
variables among septic patients, the ques-
tion of biological constancy must be con-
sidered: That is, does SMART’s predictive
success merely reflect lack of change in
the organ function indicators studied?
This possibility was examined in two
ways. First, the percentage of individual
patients in whom each continuous de-
pendent variable changed after baseline
by >25% was calculated. Only two vari-
ables, 6% of the continuous dependent
variables, varied by 25% in <40% of the
database patients. On the other hand,
61% of the continuous dependent vari-
ables changed by >25% in >80% of the
patients studied. Biological constancy,
therefore, was rare. This concept was fur-
ther evaluated by plotting the coefficients

of variation (R?) from day 3 baseline mod-
els against the percentage of patients in
whom each predicted variable had varied
>25%, reasoning that an inverse corre-
lation between percentage variation and
R? would indicate a prime influence of
biological constancy. No such relation-
ship existed, suggesting that SMART may
have potential as a predictive clinical aid.
However, that the baseline values of de-
pendent variables are important factors
in multiple-variant modeling was evi-
denced by their roles as prominent pre-
dictors, significantly more frequently in
the first week than on days 14, 21, or 28.

The question of whether serial mea-
surements of independent variables add
to the prognostic accuracy of SMART
models is not answered by the present
data. Analysis of performance between
the baseline only and baseline plus serial
data prognostications revealed similar
frequencies of r values up to .700 through
day 7 from SMART models developed for
baseline and from baseline plus serial
data. Serial models achieved r values in
the validation cohort >.800 in 53% of
models at 3 days, compared with 25% for
baseline equations. Results varied widely
for SMART models that predicted dichot-
omous dependent variables. From these
results, then, one might speculate that
serial data should supplement baseline
information in building reference data-
bases, until the true value of repeated
daily measurements to SMART predictive
models can be determined.

Whether SMART mathematical mod-
els should have independent variables
that make pathophysiologic sense
“forced” into them, so as to improve
prognostic accuracy, is not clear from the
data. Although baseline variables that
were forced into mathematical models
modestly improved prediction of ARDS
and DIC and enabled day 5 prognostica-
tion of shock, there was no benefit for the
other dichotomous dependent variables.
This suggests that clinically relevant in-
dependent observations that were not
mathematically weighted predictors
might help to optimize some SMART
equations. More comprehensive assess-
ment of these questions should be done
in larger SMART databases.

Several limitations of this preliminary
report should be considered. First, the
number of patients in the training cohort
and in the predictive/validation popula-
tion was small, perhaps accounting for
some of the variation in predictive accu-
racy. In the future, before SMART predic-
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he Systemic Medi-

ator Associated

Response Test
(SMART integration of de-
mographics, bedside physiol-
ogy, hospital laboratory
tests, and circulating cyto-
kines predicts organ failure
and physiologic function in-
dicators in individual pa-
tients with severe sepsis and

septic shock.

tions can become useful at the bedside,
they need to be refined on much larger
databases to perform consistently at the
90% level of accuracy. Second, although
the cross-validation in this study was pro-
spective in that it was done with data that
were not used to develop the equations,
the acid test of the final SMART models
will be to make real-time predictions in
individual patients and then follow them
clinically for outcomes. Third, in an effort
to capture as many weighted values as
possible, independent variables were
screened for each dependent variable. As
discussed previously, in the mature
SMART sepsis, this wide-angle statistical
approach will be supplemented by insert-
ing into the models independent vari-
ables that make physiologic sense but are
not screened as significant, so to add clin-
ical judgment. Ultimately, only the min-
imum number of independent variables
that are needed to achieve clinically use-
ful accuracy will be included in each
equation. Fourth, every result presented
in this article, whether Pearson product
moment or ROC AUC, describes the ag-
gregate agreement between up to 103
predicted vs. observed pairs. The data
were presented in this format consistent
with the stated objective of validating the
models. Because the ranges of the depen-
dent and independent variables in septic
shock are well known, including the mea-
surements seemed superfluous and po-
tentially confusing to this report. Finally,
although the models presented here are a
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preliminary step in the development of
SMART, these early equations may be dif-
ficult for other investigators to evaluate
independently because key independent
variables, such as the specific cytokines
measured in the subject clinical trial,
might not be common to other available
databases.

The results of this study validate pro-
spectively multiple regression models, by
using baseline and/or baseline plus serial
determinations, that predict physiologic
variables and concentrations of circulat-
ing metabolic and organ function indica-
tors, as well as cytokines, in severe sepsis
and septic shock, quantitatively, up to 28
days in advance. Multivariate logistic re-
gression equations were confirmed pro-
spectively, also, that predicted the pres-
ence, occurrence, and resolution of shock
and organ system dysfunction in septic
patients. These prognostications are appli-
cable to individual patients, frequently at
clinically useful levels of accuracy. Plasma
cytokine concentrations contributed signif-
icantly as weighted independent variables
to many quantitative models and to most
predictions of dichotomous dependent vari-
ables. Future prospective studies should ex-
amine further the value of serial indepen-
dent data collection and should screen a
more comprehensive list of inflammatory
response reactants as possible independent
predictors.
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