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Researchers in the field of human Researchers in the field of human Researchers in the field of human Researchers in the field of human 
diagnosticsdiagnosticsdiagnosticsdiagnostics, disease prevention, and , disease prevention, and , disease prevention, and , disease prevention, and 
personalized predictive personalized predictive personalized predictive personalized predictive medicine medicine medicine medicine can utilize can utilize can utilize can utilize 
synthesis analysis to rapidly incorporate synthesis analysis to rapidly incorporate synthesis analysis to rapidly incorporate synthesis analysis to rapidly incorporate 
newnewnewnew    genomicgenomicgenomicgenomic, , , , proteomicproteomicproteomicproteomic, and biochemical, and biochemical, and biochemical, and biochemical    
findings findings findings findings to to to to existingexistingexistingexisting state state state state----ofofofof----thethethethe----art art art art 
prognostprognostprognostprognosticicicic and predictive tests for disease  and predictive tests for disease  and predictive tests for disease  and predictive tests for disease 
onset and mortalityonset and mortalityonset and mortalityonset and mortality.  Thus, synthesis .  Thus, synthesis .  Thus, synthesis .  Thus, synthesis 
analysis can provide the means for analysis can provide the means for analysis can provide the means for analysis can provide the means for 
continuously strengthening the continuously strengthening the continuously strengthening the continuously strengthening the 
discrimindiscrimindiscrimindiscriminatory power of diagnostic tools foratory power of diagnostic tools foratory power of diagnostic tools foratory power of diagnostic tools for    
assessing disease onsetassessing disease onsetassessing disease onsetassessing disease onset and disease  and disease  and disease  and disease 
complicationscomplicationscomplicationscomplications....                    

In this paper, we describe the synthesis In this paper, we describe the synthesis In this paper, we describe the synthesis In this paper, we describe the synthesis 
analysis technique for constructing analysis technique for constructing analysis technique for constructing analysis technique for constructing 
multivariate predictive equations from multivariate predictive equations from multivariate predictive equations from multivariate predictive equations from 
disparate longitudinal research.  disparate longitudinal research.  disparate longitudinal research.  disparate longitudinal research.  We also We also We also We also 
present findings on the validity of the present findings on the validity of the present findings on the validity of the present findings on the validity of the 
methodolmethodolmethodolmethodology and discuss practical ogy and discuss practical ogy and discuss practical ogy and discuss practical 
applications in context of drug development applications in context of drug development applications in context of drug development applications in context of drug development 
and human diagnostics.and human diagnostics.and human diagnostics.and human diagnostics.    

PREDICTIVE STATISTICS 
The real challenge of developing 
multivariate regression equations for 
specific disease endpoints is the restriction 
of statistical methods and the limitation of 
available data. Most prediction models have 
been developed directly from empirical data 
collected during longitudinal research.  In a 
typical study, independent variables 
causally associated with a specific disease 
endpoint, such as cholesterol or systolic 
blood pressure with coronary heart disease, 
are measured in a population and 
correlated with the occurrence of the 
endpoint.  Many disease states take years 
to manifest and are of relative low 
incidence so longitudinal research must be 
conducted on large populations and can 
take 5-10 years to record a significant 
number of endpoints.  Once a significant 
number of endpoints has been collected a 
predictive model can be generated.  This 
analysis involves comparing the 
characteristics of those subjects who 

acquired the disease with those who did 
not.  

Classic examples of multivariate predictive 
equations developed from longitudinal 
research are the multivariate logistic 
regression equations for predicting coronary 
heart disease and stroke from the 
Framingham Heart Study.  The coronary 
heart disease prediction model from 
Framingham has come to be regarded as a 
gold standard for predicting an individual�s 
probability of heart disease onset. (4).  
However, even the researchers of 
Framingham admit to limitations of 
constructing predictive equations from 
longitudinal research (4, 5).  New 
epidemiological factors have been 
elucidated since the study was initiated.  
These new risk factors include serum 
albumin, plasma fibrinogen, lipoprotein (a), 
homocysteine, and C-reactive protein (6-8) 
and were not evaluated in the original 
cohort of Framingham. Although these   
factors are currently being measured in the 
ongoing Framingham population, it will take 
another 5 to 10 years before existing 
predictive equations can be updated to 
include these factors.   It is expected, 
however, that 5 to 10 years from now the 
epidemiology of heart disease will continue 
to unfold and the �updated� regression 
equations will again become obsolete . 

Another problem in constructing 
multivariate regression equations is 
assigning the predictive weight to each 
variable.  Not all human studies seem to 
agree on which variables or risk factors 
demonstrate valid correlations with a 
disease endpoint and the quantitative 
extent of each factor with the endpoint. The 
correlation of homocysteine with the onset 
of coronary heart disease is a case in point. 
Its value as a CHD risk factor is being 
actively debated (9-11) in part because the 
results from well designed studies has been 
so equivocal (12-15). Meta-analysis is the 
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technique of choice for summarizing the 
strength and consistency of correlation 
coefficients for a single variable across 
multiple studies. However, meta-analysis 
does not provide tools to combine different 
independent variables from disparate 
studies.  The challenge is to develop an 
approach for building regression models 
that does not require 5-10 years of 
longitudinal data collection and can 
immediately reflect all current validated 
medical findings.  Synthesis analysis is a 
new statistical method that can address 
this challenge.   

SYNTHESIS ANALYSIS 
Methodology 

The process of developing a synthesis 
analysis equation is a two-stage 
methodology once a clinical endpoint and a 
respective array of candidate variables are 
identified.  In the first stage the association 
of each variable with the clinical endpoint is 
assessed from published epidemiological 
research using conventional meta-analysis 
tools. In the second stage the association of 
the collective array with the endpoint is 
determined with the synthesis analysis 
procedure. This method accounts for the 

colinearity among the array of variables. The 
multivariate equation that predicts the 
clinical endpoint from a group of factors 
ultimately becomes the prediction model. 
Figure 1 illustrates the two stage process. 

In the figure, Y represents the outcome 
variable of interest, in this case the 
likelihood of disease onset. The four risk 
factors, X1 to X4, are believed to be 
associated with the onset of the disease. 
Suppose that the joint association of X1, X2 
and X3 with the outcome Y has been well 
established. New research findings suggest 
that X4 is also associated with Y. Synthesis 
analysis combines the association of X4 
with Y into the established association of Y 
with X1 to X3. 

Step one of the process is to summarize the 
association of Y with X4 through meta-
analysis. In this example, the consensus 
association of Y with X4 is derived from the 
combination of the three independent 
studies. 

Step two is to integrate the association of 
X4 with Y into the established association of 
Y with X1 to X3 through synthesis analysis. 
During the integration process the 
correlations among all the Xs derived from a 
cross-sectional study of a representative 
population are statistically accounted for. 

Underlying assumptions  

The synthesis analysis methodology is 
predicated on three general assumptions: 
(a) the validity of each relative risk 
generated in epidemiological studies; (b) 
the validity of the mathematical principles 
used in the synthesis analysis process to 
construct an algorithm; (c) the inferential 
validity of the population sampling 
assumptions.    

Since synthesis analysis derived predictive 
equations are constructed from disparate 
research, the validity of the respective 
correlation coefficients for each 
independent variable is critical.  In general, 

Figure 1. 
Synthesis analysis model developmentSynthesis analysis model developmentSynthesis analysis model developmentSynthesis analysis model development    
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only results from large prospective cohorts 
are used during the meta-analysis of each 
independent variable.  For example, 
approximately 40 well-recognized cohorts 
were used during synthesis analysis to 
construct an equation for CHD onset.  These 
cohorts included the Framingham Heart 
Study, the Atherosclerosis Risk in 
Communities (ARIC) study, the Multiple Risk 
Factor Intervention Trial (MRFIT), and the 
NHANES I Epidemiologic Follow-up Study 
(NHEFS).  The first assumption does not 
assert that the synthesized equation is 
somehow more valid than the underlying 
literature; only that it is not less valid.  

Validation of the mathematical model is 
demonstrated by proving the algebraic 
identity of the algorithm (19).  As in all 
multivariate regression analysis, in 
synthesis analysis variables are added one 
at a time into the predictive equation. The 
basis of the proof is that for any given 
variable to be added to the equation, its 
correlation with the previously calculated 
probability is tantamount to all colinearity 
with the previously entered variables. 

Given the validity of the correlation 
coefficients and certain mathematical 
principles used in the synthesis 
methodology, the cohorts themselves must 
be representative of both the populations 
used by the synthesis analysis technique for 
cross-sectional correlations and the target 
populations for which the predictive 
equations are intended.  The first 
assumption is that the individual 
associations of the Xs with Y and the 
correlations among the Xs used in the 
analysis are all representative of the same 
underlying population. Since each 
longitudinal study intends to reflect certain 
biological associations that should be 
applicable to the general population, this 
assumption is not difficult to meet. The 
second more practical assumption is that 
such representative correlations can be 

reasonably determined for a specific 
population. For this purpose we assume 
that the Third National Health and 
Nutritional Examination Survey (NHANESIII) 
is an adequate dataset in which to 
determine the correlations among the Xs in 
the American public and in Western 
societies in general.  The NHANES surveys 
are nationally representative surveys that 
are conduced for the express purpose of 
determining the state of health of all 
Americans.  Considerable effort is made in 
the design and implementation of the 
survey to assure that they are broadly 
representative of the American public. 

Current medical understanding of disease 
risk factors comes from studies that, for the 
sake of inference, claim to be 
representative of a larger, more general 
population. The biomedical community 
generally agrees with these assertions, 
otherwise these studies would have been 
long ago discredited. It is not a difficult next 
step to assume that an analysis that spans 
all of these studies, that already claim wide 
inferential power, is itself in possession of 
wide inferential power. The statistical 
assumption that the NHANESIII survey is an 
adequate database for determining the 
needed correlations is also not difficult to 
grasp. The painstaking design of the 
NHANES series is intended so that health 
information may be inferred about the 
entire American public. If one agrees that 
the Centers for Disease Control and 
Prevention have done a reasonable job of 
meeting this goal then this assumption is 
valid.  

SYNTHESIS ANALYSIS VALIDATION 
Given the validity of these underlying 
assumptions, the following exercises were 
designed to validate synthesis analysis-
derived equations for predicting CHD onset. 
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Predicting CHD onset with a synthesis 
analysis-derived equation  

Using data from the Framingham Heart 
Study (n=5209), individual probabilities of 
CHD onset were estimated and compared 
using, 1) an empirically derived multivariate 
logistic regression equation and, 2) a 
synthesis analysis-derived predictive 
equation.  Both equations were constructed 
using the variables age, sex, smoking 
status, total cholesterol (chol) and systolic 
blood pressure (sbp).   The empirical 
logistical regression equation for CHD onset 
was: 

logit(p1)=-4.6225+ 0.0142*age+ 
0.8595*sex-  0.0623*smoke+ 
0.00674*cholesterol+ 0.0107*sbp 
P1 represents the probability of developing 
CHD within 5 years. 

The synthesis analysis technique was used 
to build a similar logistic regression 
equation utilizing the univariate regression 
coefficients derived from the Framingham 
Study, together with a correlation matrix 
among the five variables derived from 
NHANESIII data  

logit(p2)=-0.9765+ 0.7876*sex+ 
0.0316*(age-44)+ 0.005863* (cholesterol-
224)+ 0.002*(sbp-137)- 0.002*(smoke-
0.577) 
 
The two equations formulated from the 
same variables but by different statistical 
methods were applied to middle-aged 
NHANESIII subjects (n=8939) and disease 
onset probabilities were analyzed.  The 
correlation coefficient for the probabilities 
from the two prediction equations was 
found to be 0.95.  A t-test of the means 
showed P1 and P2 were not statistically 
different.  

Two conclusions can be drawn from this 
exercise: (a) the disease onset probabilities 
calculated by the synthesis analysis derived 
equation are a reliable representation of the 

corresponding disease onset probabilities 
calculated from the empirically derived 
equation, and (b) the assumption that the 
correlations among variables are 
statistically stable between representative 
populations is valid. 

In a second exercise the number of 
individuals predicted to develop CHD within 
5 years was estimated with a logistic 
regression equation from the Framingham 
study (4) and a multivariate logistic 
equation derived by synthesis analysis.  
Both equations should predict the same 
number of CHD events for the target 
population  

The synthesis analysis derived equation was 
constructed by adding family history of CHD, 
physical exercise level, serum albumin, 
plasma fibrinogen, C-reactive protein, 
homocysteine, aspirin use, hormone 
replacement therapy, and lipoprotein(a) 
variables to the Framingham model which 
included age, gender, smoking status, 
diabetes, systolic blood pressure, the ratio 
of total and HDL cholesterol, and left 
ventricular hypertrophy.  

The Framingham and synthesis models 
were applied to the NHANESIII data. The 
study subjects were grouped according to 
different risk factors and the total numbers 
of subjects predicted to be CHD cases in 5 
years (the sum of the probabilities for all the 
subjects) were compared for the two 
prediction equations. Table 1 shows that 
both equations predicted the same number 
of CHD cases for the target population.  
More specifically, when the target 
population was stratified by gender, age, 
smoking status, or cholesterol ratios, both 
equations predicted the same number of 
CHD cases for each subpopulation.  Thus, 
again the synthesis analysis-derived 
equation provides a reliable representation 
of disease onset probabilities when 
compared to the probabilities estimated 
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from the empirically derived Framingham 
equation.  

Table 1 

Number of people predicted to have CHD in five Number of people predicted to have CHD in five Number of people predicted to have CHD in five Number of people predicted to have CHD in five 
years among years among years among years among NHANESIIINHANESIIINHANESIIINHANESIII populat populat populat population by Framingham ion by Framingham ion by Framingham ion by Framingham 
CHD model and Synthesis Analysis CHD model.  CHD model and Synthesis Analysis CHD model.  CHD model and Synthesis Analysis CHD model.  CHD model and Synthesis Analysis CHD model.      
 

  Framingham 
Equation 

Synthesis 
Equation 

Gender    

 Male 180 183 

 Female 372 372 

Age    

 35-44 23 23 

 45-54 73 72 

 55-64 139 138 

 65-74 182 183 

 75-84 135 138 

Smoking    

 Yes 387 389 

 No 166 166 

Total:HDL 
Cholesterol 

Quartile   

 1st 202 201 

 2nd 163 164 

 3rd 118 119 

 4th 69 70 

 

Improved discrimination for CHD onset with 
synthesis analysis-derived equations 

If the synthesis analysis methodology 
represents a valid approach for constructing 
predictive equations, and, if the technique 
is used to update a validated and accepted 
prediction equation from the Framingham 
study, then the updated equation would be 
expected to demonstrate increased CHD 
onset discriminatory power over the 
Framingham model.   

First, the discriminatory benefit of updating 
the Framingham equation with a single new 
risk variable was considered. The relative 
risk for lipoprotein(a) was added to the 
published Framingham regression equation 
using the synthesis analysis procedure (See 
Table 2). The average probability of CHD 
onset across quartiles of serum 
lipoprotein(a) was examined.  While the 
synthesis analysis-derived regression 
equation produced a gradient of CHD risk 
across quartiles, the Framingham equation 
did not detect the direction of either the risk 
gradient or its magnitude.  Thus, the 
synthesis analysis methodology for adding 
the variable lipoprotein(a) to the 
Framingham equation is validated and the 
discriminatory power of the Framingham 
equation is strengthened. 

Table 2. 

The average probabilThe average probabilThe average probabilThe average probability of CHD onset across ity of CHD onset across ity of CHD onset across ity of CHD onset across 
quartiles of quartiles of quartiles of quartiles of serumserumserumserum lipoprotein(a) using the  lipoprotein(a) using the  lipoprotein(a) using the  lipoprotein(a) using the 
Framingham or Synthesis AnalysisFramingham or Synthesis AnalysisFramingham or Synthesis AnalysisFramingham or Synthesis Analysis----derived logistic derived logistic derived logistic derived logistic 
regression equation.  The population represents regression equation.  The population represents regression equation.  The population represents regression equation.  The population represents 
middlemiddlemiddlemiddle----aged subjects of NHANESIII.aged subjects of NHANESIII.aged subjects of NHANESIII.aged subjects of NHANESIII.    

Lipoprotein(a) 
Quartile 

Framingham 
Equation 

Synthesis 
Equation 

1st 7.48 5.04 

2nd 7.19 6.35 

3rd 7.12 8.28 

4th 6.71 10.32 

Next, we compared the comprehensive 
synthesis-analysis derived equation with the 
Framingham equation in terms of the 
degree of concordance in CHD risk 
classification. The synthesis equation 
includes 8 additional risk variables.  We 
arbitrarily chose a risk of CHD greater than 
10% in 5 years as high risk. Both equations 
were used to predict CHD risk with middle-
age NHANESIII subjects and those classified 
as high risk were identified from each 
model and then compared between models. 
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The results are shown in Table 3. While 
both models agreed on a low risk 
assignment of 84% of the subjects, there 
was considerable discordance in which 
subjects were at high risk when the 
synthesis model, with the 7 added risk 
factors, was compared with the 
Framingham model.  If the synthesis-
analysis equation truly is more 
discriminatory than the Framingham 
equation, then these observations are 
expected and the synthesis method used to 
construct the more discriminatory equation 
is valid. 

Table 3. 

Comparison of Framingham and Synthesis CHD Comparison of Framingham and Synthesis CHD Comparison of Framingham and Synthesis CHD Comparison of Framingham and Synthesis CHD 
models in identifying submodels in identifying submodels in identifying submodels in identifying subjects at high risk (>10% jects at high risk (>10% jects at high risk (>10% jects at high risk (>10% 
risk of CHD in 5 years) among middlerisk of CHD in 5 years) among middlerisk of CHD in 5 years) among middlerisk of CHD in 5 years) among middle----age age age age 
NHANESIIINHANESIIINHANESIIINHANESIII subjects. subjects. subjects. subjects. 

  Synthesis Equation 

  Normal High 
Risk 

Total 

Framing-
ham 
Equation 

Normal 7545 349 7894 

 High 
Risk 

284 765 1049 

 Total 7829 1114 8943 

     

 

PREDICTING STATIN DRUG EFFICACY 
WITH SYNTHESIS ANALYSIS BASED 
MULTIVARIATE STATISTICS 
Pravastatin is approved by the FDA for the 
primary prevention of myocardial infarction 
and cardiovascular mortality.  Clinical trial 
data used to support these indications 
included morbidity and mortality endpoint 
analysis of drug and placebo populations 
from the West of Scotland Prevention Study 
Group (WOSCOPS) (20).  We designed a 

simulation analysis to investigate the ability 
of a synthesis analysis-derived predictive 
equation to assess pravastatin efficacy.   

Population demographics of the WOSCOPS 
cohort were used to select a simulation 
population from the NHANESIII survey.  This 
population was first used to simulate a 
clinical trial placebo group by quantitating 
the population probability of coronary heart 
disease onset using the comprehensive 
synthesis analysis-derived predictive 
equation described in this paper.  Next, the 
same population was used to simulate a 
clinical trial pravastatin group by lowering 
the population�s cholesterol values to the 
same level observed in the WOSCOPS 
cohort and then reassessing the population 
risk of CHD onset.  Additionally, it has been 
reported that statins also decrease systolic 
blood pressure and plasma fibrinogen (21, 
22).  These parameters were also reduced 
to reported levels in the simulated 
pravastatin group.  

The predictive equation estimated 
pravastatin would reduce the risk of CHD by 
38% compared to an actual 36% risk 
reduction observed in the WOSCOPS 
morbidity and mortality endpoint study.   It 
is interesting to note that when the   
multivariate prediction was based only on a 
reduction in cholesterol compared with a 
reduction in cholesterol, fibrinogen, and 
systolic blood pressure, a 28% reduction in 
CHD risk was estimated.  These findings are 
consistent with the theory that surrogate 
endpoints based on more that one 
pharmacodynamic property will more 
closely capture or predict true clinical 
benefit.  These preliminary findings also 
validate the synthesis analysis methodology 
for constructing multivariate predictive 
equations. 
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Table 4. 

Comparison of methods used to assess Pravastatin Comparison of methods used to assess Pravastatin Comparison of methods used to assess Pravastatin Comparison of methods used to assess Pravastatin 
efficacy in reducing primary risk of coronary heart efficacy in reducing primary risk of coronary heart efficacy in reducing primary risk of coronary heart efficacy in reducing primary risk of coronary heart 
disease.disease.disease.disease.    

Population Method CHD Risk 
Reduction 

WOSCOPS Clinical endpoint 36 % 

NHANESIII Surrogate endpoint 
(Multivariate Equation) 38 % 

   

    
MULTIVARIATE PREDICTIVE STATISTICS 
IN DRUG DEVELOPMENT  
The pharmaceutical and biotech industries 
are constantly striving to shorten the drug 
development lifecycle and determine early 
on which drug candidates should move 
forward in the process.  In addition there is 
increasing demand to demonstrate 
economic benefit to third party payers.  
Predictive statistics can play a variety of 
important roles in shortening research 
timelines given a practical means for 
building and applying predictive tools.   

Synthesis analysis brings a level of 
practicality to applying predictive statistics 
to drug development.  With this technique a 
multivariate predictive equation can be 
constructed from an array of independent 
variables that has been defined a posteriori 
to conducting any longitudinal research.  
Prediction equations are synthesized from 
completed longitudinal research and can be 
constructed from disparate studies focused 
on a common clinical endpoint.  Thus, there 
is now a practical means for developing 
multivariate prediction equations at 
relatively low cost and in a timely manner.  
The need to conduct years of longitudinal 
research to correlate a specific array of 
variables with a given endpoint is no longer 
necessary.   

This new technology will allow drug 
development scientists to build the most 

discriminatory multivariate equations for 
predicting specific clinical endpoints from 
all of the available longitudinal research 
and clinical trial studies.  Equations can be 
updated quickly to include new biochemical, 
clinical, pharmacodynamic, and 
pharmacogenomic findings, continuously 
increasing the ability to predict true clinical 
endpoints. 

Multivariate statistics in clinical 
development: Surrogate endpoints and 
endpoint modeling  

The role of predictive statistics in drug 
development will be, in part, driven by how 
accurately statistics can predict true clinical 
endpoints and the regulatory impact of 
predictive surrogates in clinical 
development.  Historically, the FDA has 
relied on morbidity and mortality endpoints 
for measuring drug safety and efficacy.  
However, surrogate endpoints have been 
accepted as an alternative providing 
sufficient validation studies have been 
conducted regarding the surrogate�s ability 
to reasonably likely predict clinical benefit 
(16).   

Most surrogate endpoints in use today 
focus on assessing the efficacy of a drug 
intervention on a single intermediate in the 
causal pathway of the true or intended 
clinical endpoint. For example, statins 
represent a class of therapeutic agents that 
are thought to reduce CHD morbidity and 
mortality by reducing atherosclerotic plaque 
via a reduction in the causal intermediate 
serum cholesterol.  In this surrogate 
strategy statins are approved in anticipation 
of providing the intended clinical benefit of 
reducing CHD morbidity and mortality, 
based on the drugs direct effect on the 
surrogate endpoint cholesterol.    

A valid concern regarding surrogate 
endpoints in clinical development is that the 
surrogate may not always mimic the drug�s 
efficacy for the intended true clinical 
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endpoint and surrogates may not address 
questions of drug safety.   Multivariate 
predictive statistics may represent the next 
stage in the evolution of surrogate 
endpoints.  In this paper we present 
preliminary evidence from a drug efficacy 
modeling simulation that multivariate 
prediction can accurately assess drug effect 
on reducing CHD onset.  This was based on 
the analysis of an array of intermediate 
factors (surrogate array) and other variables 
causally linked to the onset of CHD.  Using 
the NHANESIII cohort to simulate an 
experimental population of subjects 
enrolled in a pravastatin intervention trial, 
we estimated a 25% reduction in risk of 
CHD compared to a 36% reduction actual 
observed in the clinical trial.  This 
estimation only takes into account the drug 
effect on reducing serum cholesterol, 
however it has been reported that statins 
also reduce systolic blood pressure and 
serum fibrinogen.  A 38% reduction in risk 
of CHD was observed using a multivariate 
prediction equation when these 
intermediates are considered.   

This preliminary evidence suggests that 
surrogate endpoints derived from the 
multivariate analysis of a surrogate array 
can very closely predict true clinical benefit.  
In addition when multiple 
pharmacodynamic properties of a drug are 
considered in designing the surrogate array, 
the accuracy of the surrogate endpoint 
increases.  Synthesis analysis statistics is 
ideally suited to update and improve the 
accuracy of statistically-based surrogate 
endpoints as drug pharmacodynamic and 
pharmacogenomic properties are 
elucidated.  

Given sufficient validation, our results 
support the notion that surrogate endpoints 
based on an array of casual intermediates 
will more closely capture the effect of 
treatment on the true clinical endpoint 
compared to endpoints based on a single 

assessment.  Sopko and Friedman present 
a conceptually similar strategy with the 
�surrogate equation� (23)   

In addition to its role as a surrogate 
endpoint, and perhaps of more immediate 
application, synthesis analysis-based 
multivariate prediction  can provide a 
variety of support roles in clinical 
development: 

(1) Clinical development strategy: Clinical development strategy: Clinical development strategy: Clinical development strategy: 
mmmmodeling drug efficacy.odeling drug efficacy.odeling drug efficacy.odeling drug efficacy. Modeling the 
potential drug efficacy for secondary 
and/or new indications from the 
analysis of ongoing or retrospective 
clinical trial data.  Supporting go/no 
go clinical development strategic 
decisions.   

(2) LateLateLateLate----stage clinical development: stage clinical development: stage clinical development: stage clinical development: 
eeeefficacy trend analysfficacy trend analysfficacy trend analysfficacy trend analysisisisis:::: Interim 
analysis of phase III clinical trial data 
to evaluate efficacy trends.   

(3) EarlyEarlyEarlyEarly----stage clinical developmentstage clinical developmentstage clinical developmentstage clinical development: 
Supporting clinical development 
decisions to move from phase II to 
phase III based on multivariate 
surrogate endpoint analysis.     

Conceptually, multivariate prediction can be 
applied to any clinical endpoint or disease 
state where epidemiological factors, drug 
pharmacodynamics, and other independent 
variables in the causal disease process 
have been characterized.  Synthesis 
analysis provides a practical and heretofore 
unavailable methodology to define and 
construct multivariate prediction equations 
from completed longitudinal and clinical 
research.  This should greatly expand the 
role of predictive statistics in drug 
development 

Multivariate predictive statistics in 
pharmacoeconomic and clinical outcomes 
research 

Defining the clinical benefit of a given 
pharmacological intervention can provide 
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extremely valuable information for a variety 
of outcomes focused investigations 
including: 

(1) Assessing the cost-effectiveness or 
cost-utility of an intervention in 
Pharmacoeconomic research   

(2) As a basis for making formulary 
management decisions 

(3) Determining clinical benefit in Phase 
IV post marketing surveillance 
studies  

(4) Determining population risk 
reduction strategies in disease 
management initiatives. 

(5) Establishing drug use guidelines 

However, the time and cost requirements to 
conduct outcomes research on morbidity 
and mortality endpoints can be prohibitive.  
Although a surrogate endpoint may be less 
prohibitive the surrogate may not always 
capture the entire effect of the drug 
intervention on the intended true clinical 
outcome.  Multivariate predictive statistics 
may represent the next step in the evolution 
of using surrogate endpoints to conduct 
outcomes research.   

For example entire classes of 
cardiovascular agents, such as drugs 
indicated for hypertension or 
hypercholesterolemia, are actually 
approved based on surrogate endpoints 
and the anticipated effect on cardiovascular 
morbidity and mortality outcomes.  We 
suggest these validated surrogate 
endpoints can be incorporated with other 
causal variables into a surrogate array, 
which we demonstrate in this paper can 
effectively predict drug effect on morbidity 
outcomes.  Evaluating drug effects using a 
surrogate array and multivariate statistics 
can be accomplished with relatively small 
populations in a few months.  Thus, the 
pharmacoeconomic benefit for reducing 

morbidity and mortality outcomes can be 
investigated with minimal cost and time.    

Multivariate statistics will allow the design 
of numerous short-term studies to 
investigate the economics of combination 
therapy on reducing morbidity and mortality 
outcomes.  For example, determining the 
most cost effective combination of 
antihypertensive and cholesterol-lowering 
agent on reducing morbidity outcomes such 
as coronary heart disease and stroke would 
be impractical given the number of 
available therapies and the cost to conduct 
clinical endpoint studies.  In this paper we 
present a surrogate endpoint strategy, 
multivariate predictive statistics, that can 
capture the combined effect of a 
cholesterol-lowering agent and an 
antihypertensive on CHD morbidity on a 
small population in a short timeframe.  We 
have designed other multivariate equations 
that can predict drug benefit on stroke and 
type II diabetes outcomes. 

This cost effective surrogate tool could 
greatly assist disease management 
initiatives which frequent address the 
comorbidity associated with chronic disease 
onset.  Multivariate prediction can be an 
extremely cost effective means to 
investigate the pharmacoeconomic benefit 
of mono and combination therapy on 
multiple morbidity and mortality endpoints.   
Multivariate statistics in clinical trial 
population targeting and selection 

Defining a homogenous subject population 
is of primary importance when attempting 
to minimize the effect of confounding 
variables on determining drug efficacy.  
Multivariate statistics could be used to 
enroll a homogenous population of subjects 
based on the absolute probability of disease 
onset.  For example, subjects with a 
uniformly high-risk of CHD may represent a 
more homogenous population of subjects 
compared to using serum cholesterol and 
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risk factor categories to enroll patients in a 
coronary heart disease prevention trial.  
Further, morbidity and mortality endpoint 
trials are dependent on observing a minimal 
number of clinical events.  Multivariate 
statistics can be used to maximize the 
enrollment of a population that will 
experience the intended primary clinical 
endpoint.  For example, our findings show 
that 10-20% of the American population 
between the ages of 35 and 70 with 
borderline high-to-high cholesterol (200-
240 mg/dl) are actually at relatively low risk 
for CHD. Multivariate statistics may 
represent a strong support tool to select 
patients truly at risk for disease.    This 
strategy not only could reduce the number 
of patients required to demonstrate an 
outcome, but may also shorten the trial 
duration. 

MULTIVARIATE PREDICTIVE STATISTICS 
IN HUMAN DIAGNOSTICS 
Determining an individual�s likelihood of 
developing specific chronic diseases so that 
individualized intervention plans can be 
designed to prevent disease onset or delay 
disease progression is pivotal to the  goal of 
disease prevention and preventive, 
personalized medicine.  The challenge for 
the medical professional is to analyze 
patient assessments within the context of 
any available clinical guidelines, estimate 
the patient�s cumulative level of danger for 
disease onset, and make a determination of 
to what degree this danger can be reduced 
after a successful intervention plan. 
Although individual patient assessments 
can be quantitative, estimating a patient�s 
cumulative danger for disease onset and to 
what degree this danger can be reduced 
after intervention is largely qualitative.   

The absolute likelihood of disease onset 
based on statistical correlations of 
individual epidemiological factors with a 
specific clinical outcome, is a standardized 
and scientifically accepted means for 

summarizing and predicting risk of disease 
onset.  In the paper we describe an 
innovative statistical approach to 
synthesizing multivariate predictive 
equations from completed longitudinal 
research.  Because the technique allows 
variables from disparate research to be 
combined, existing multivariate predictive 
equations can be quickly updated with new 
epidemiological evidence without the need 
for initiating a new lengthy longitudinal 
study.  Along these lines we have updated 
the Framingham Heart Study multivariate 
equations for predicting CHD and stoke 
onset with several new epidemiological 
findings including physical exercise level, 
serum albumin, plasma fibrinogen, C-
reactive protein, homocysteine, aspirin use, 
hormone replacement therapy, and 
lipoprotein(a).  Our findings suggest that 
about 7% of the adult American 
population�s CHD risk status is more 
accurately assessed by the addition of 
these new epidemiological variables to the 
Framingham equation.  Thus, not only is 
there a method for the standardized 
calculation of individual risk scores, this 
score can be updated to increase its 
discriminatory power with new medical 
findings.   

The American Heart Association�s Task 
Force on Risk Reduction reviewed the 
important role of risk scores, such as 
absolute risk or relative risk of disease 
onset, in developing clinical plans for risk 
factor management, patient education, and 
motivation (18).  The challenge is to 
translate all of the available evidence into a 
single risk score that can provide a realistic 
picture of the patient�s cumulative danger 
for disease onset.   

Synthesis analysis will play a significant role 
in human diagnostics by providing a 
practical means to constantly incorporate 
medical discoveries into simple predictive 
analytical tools for the daily practice of 
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medicine.  Synthesis analysis is a simple 
but elegant statistical method that can be 
used to create multivariate predictive 
equations when all of the available 
evidence regarding disease onset has not 
been correlated in a single longitudinal 
study.  As such, synthesis analysis is a 
practical means for applying the value of 
new disease onset and mortality discoveries 
to the daily practice of medicine.     

The intersection of human diagnostics and 
human genomics has lead to several down-
stream disciplines namely, diagnomics, 
pharmacogenomics, and proteomics, all of 
which need to translate discovery into 
pragmatic tools for predicting and 
diagnosing polygenic chronic diseases.  
Currently, synthesis analysis is the only 
practical approach to combine the 
predictive power of new discoveries from 
the fields of human diagnostics and 
genomics with previously validated disease 
variables, into continuously expanding and 
more accurate predictive systems.    
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