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Abstract 

The primary goal of active pharmacovigilance is to detect the association between 

certain drugs and particular adverse drug reactions to these drugs through cohort data. 

Several statistical methods, specifically the logistic regression model, the logistic 

regression model with James-Stein shrinkage, the Cox model, and the random effects 

Cox model have been proposed to investigate drug-event association. In this thesis, 

for each method, we describe the underlying model, the estimation techniques, as well 

as their properties. We also apply these four models to a diabetes data set, which is 

extracted from a cohort database, in order to analyze the association between 

particular drugs of interest (Actos, Avandia, Metformin, Insulin, and Sulfonylurea) 

and certain adverse drug reactions (heart failure and acute myocardial infarction). We 

also consider the effects of age, gender, time since first exposure to a drug, and 

cumulative dose. 
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Chapter 1 
Introduction 

Since drug safety is one of the greatest concerns within the pharmaceutical 

community, pre-marketing safety testing is applied before prescription drugs are 

approved into the marketplace. However some adverse drug reactions (ADRs) that 

were not identified in pre-marketing safety testing may become apparent once the 

drug is introduced into the marketplace. Then post-marketing safety testing becomes 

an important component of the overall drug safety evaluation process. The World 

Health Organization (WHO) defines pharmacovigilance as the science and activities 

relating to the detection, assessment, understanding and prevention of adverse effects 

or any other drug-related problem. 

Pharmacovigilance aims at achieving the best treatment outcome with medication. No 

one wants to harm patients, but sometimes a medication can do this for many different 

factors. Once a medicine has been introduced into the marketplace, we want to 

determine what risks and adverse reactions were not discovered in pre-marketing 

testing. This will help each patient to receive optimum therapy at a lower cost. As a 

result, good pharmacovigilance will identify these risks in the shortest possible time 

after the medicine has been marketed and will help to establish risk factors. 
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Pharmacovigilance can be classified into two categories by the form of surveillance: 

passive pharmacovigilance and active pharmarcovigilance. Passive surveillance 

means that no active measures are taken to look for adverse effects other than the 

encouragement of health professionals and others to report safety concerns. Reporting 

is entirely dependent on the initiative and motivation of the potential reporters. It is 

referred to as spontaneous reporting. This is the most common form of 

pharmacovigilance, and this form of reporting is mandatory in some countries. Active 

surveillance means that active measures are taken to detect adverse events. This is 

managed by active follow-up after treatment by which events may be detected by 

asking patients directly or screening patient records. The most comprehensive method 

is cohort event monitoring (CEM). 

A spontaneous reporting system (SRS) is a voluntary, passive pharmacovigilance 

surveillance system that collects reports of suspected ADRs from both health care 

professional and consumers. The most popular data mining methods to analyze the 

SRS datasets are the so called disproportionality-based methods, which include the 

frequentist approach and the Bayesian approach. The frequentist methods include the 

Proportional Reporting Ratio (PRR), the Reporting Odds Ratio (ROR) and Relative 

Reporting Ratios (RRR). Two common Bayesian approaches are the Bayesian 

Confidence Propogation Neural Network (BCPNN) and the empirical Bayes 

Screening (EBS). A detailed reviewed of these disproportionality-based methods has 

been conducted by Gravel (2009). 
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The disproportionality-based methods listed above for passive pharmacovigilance 

suffer from two clear limitations. First of all, they are unable to correct for 

confounding when multiple medications are taken by the same patient. This means, 

for example, if one drug A truly causes some ADR and another drug B is frequently 

used together with drug A, then these passive methods will signal that both drugs are 

the likely cause of the ADR. In this situation it can be said that there is "signal leakage" 

from drug A to drug B, and that drug B is referred to as an "innocent bystander". The 

second problem is "masking", which is related to the background reporting rate. 

When studying a particular drug-ADR combination, the disproportionality-based 

methods assume that all reports except for the drug of interest constitute the general 

background reporting of the ADR. However, if there are one or more drugs which 

occur frequently in these reports, the background reporting becomes substantial, 

which increases the expected number of reports of the drug-ADR combination of 

interest. Thus, when the observed number of reports is compared to the expected 

number, the false conclusion could be drawn that this drug-ADR combination should 

not be highlighted as a signal. In addition to these two limitations, another concern 

regarding passive pharmacovigilance is that since the data arise from an SRS, there 

will be limited information on such characteristics as medication dosage, exposure 

time, etc. 

By contrast, in active pharmacovigilance, once a drug has been introduced into the 

market, active measures are taken to detect adverse reactions. In this thesis, we will 
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describe and discuss the statistical methods for active pharmacovigilance. Four 

different statistical methods will be discussed here; namely logistic regression 

modeling, logistic regression models with James-Stein shrinkage estimation, Cox 

models and Cox models with random effects. We will apply these methods to a 

diabetes dataset in order to investigate the effects of various drugs on heart failure and 

acute myocardial infarction. 

In all the above statistical methods for active pharmacovigilance, the value of some 

binary dependent variable is described by a set of predictor variables, and the 

respective degrees of contribution of each of the variables is estimated. Specifically, 

an indicator variable indicating the presence or absence of a particular ADR on a 

given patient is treated as the dependent variable. The set of predictor variables 

includes indicator variables for the usage/non-usage of the group of drugs of interest. 

This avoids the problem encountered in passive pharmacovigilance of confounding 

due to a patient taking multiple medications. Furthermore, because all the models 

considered here include an intercept term which is a function of the background 

reporting rate, these approaches could in theory be expected to avoid the problems 

associated with masking. Finally, unlike an SRS dataset, additional variables such as 

medication dose, exposure time etc. can be simultaneously included in the analysis in 

active pharmacovigilance. 

This thesis is organized as follows. In Chapter 2, we describe and discuss the 
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statistical methods for active pharmacovigilance. In Chapter 3, we illustrate these 

methods on a diabetes dataset from Cerner's HealthFacts™ Datawarehouse in order to 

study the effects of different drugs on the prevalence of heart failure and acute 

myocardial infarction. Finally, we provide conclusions and discussion in Chapter 4. 
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Chapter 2 
Methods for active pharmacovigilance 

The primary task of mining adverse drug reaction databases in active 

pharmacovigilance is to detect "signals", i.e. to identify drug-event associations worthy 

of further investigation. Logistic regression methods have become an integral 

component of the analysis. These approaches are concerned with describing the 

relationship between a response variable (presence or absence of an ADR in our case) 

and one or more continuous or discrete explanatory variables. The outcome variable in 

such a model is discrete, taking on two possible values. The logistic regression model 

has become, in many fields, one of the standard methods of analysis in this situation. If 

many similar adverse drug reactions need to be modeled simultaneously, James-Stein 

type shrinkage estimation can be incorporated with the logistic regression model. 

Such shrinkage estimation is effective in detecting signals, as it combines information 

and borrows strength across medically-related adverse drug reactions. Signal 

detection can also be treated as a survival problem if survival times are available, 

which is the case with the data we are to consider here. In this situation, it is possible 

to use the Cox model to explore the relationship between the survival experience of a 

patient and explanatory variables. Moreover, if patients are grouped by hospital (also 

the case for the data to be studied), say, it may be useful to study Cox models with 
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In this chapter, we discuss these four methods in turn, showing how signal detection 

can be formulated into a test of hypothesis for each approach. 

In what follows, we assume that the available data contains a record of adverse drug 

reactions for each of n patients, where each record indicates which drugs the patient 

has taken, whether or not the patient experienced particular adverse reactions with 

each of drugs, along with supplementary information such as the age of patient, 

gender etc. For notational purposes, we shall specify that there are d different drugs 

and k distinct adverse drug reactions over the entire data set. Finally, although it is 

already possible for patients to be prescribed more than one drug, we shall restrict our 

attention here to those who only received a single drug from the group under study. 

2.1 Logistic Regression Models 

Logistic regression can be used to model each of the k adverse drug reactions 

separately. Let Yt = 1 denote that the adverse drug reaction of interest is present in 

the record of the i-th patient and Yt = 0 denote that the adverse drug reaction of 

interest is not present. In addition, define n, = 7r(x,) = P (7, = 1), where for the i-th 

record, x* is a vector of values for the explanatory variables augmented by the constant 

one, so that 

Xj = ( l ,Xj 1 ,Xj2 , •••, Xip) ( 1 ) 



Provided that we introduce a parameter vector 

PT = 0?o.Pi.- , /?p) 

the ordinary logistic regression model is of the form 

, , x >> exp (3TXj) 
(2) 

or 

Zi = l0g l^pk^l) = Iogit[7r(Xi)] = PTxi (3) 
To derive maximum likelihood estimates for multiple logistic regression models, we 

begin by considering the distribution of the data, given by 

i t . 

i = l 

Since F; is a Bernoulli random variable, and all Yt are assumed to be independent, 

the log-likelihood of the data is 

n n 

KP) = ^ y l̂Og (TTj) + £ ( 1 - y i)l0g (1 - TTj) (4) 
i = l i = l 

The maximum likelihood estimator (MLE) is the p that maximizes this 

log-likelihood. We use the Newton-Raphson algorithm to find the MLE of p. 

The Newton-Raphson method, named after Isaac Newton and Joseph Raphson, is 

perhaps the best known method for finding successively better approximations to the 

zeroes of a real-valued function. This method can often converge remarkably quickly, 

especially if the iteration begins 'sufficiently near' the desired root. It can also be used 

to find the minimum or maximum of a function. 



For the log-likelihood given in (4) above, the maximum likelihood equations are 

dZ(P)/a/?o = Er=iy£-Z?=i*ri = o 

and 

dim/dPj = ZUxijVi - YUxijKi = 0 j = l,...,p 

These equations can be solved to obtain an estimate for p by using Newton-Raphson 

algorithm. We let 

q' = (azo)/a pQ, a/(p)/a px az(p)/a /?„) 

= (/ Vi-/ ni>/ Xiiyt-/ Xiiiti,-,} xipyi-y XipTti) 
\£—'i=l *—'£=1 ^—«i=l ^—'(=1 ^—'1=1 ^—'i=l ' 

and 

H = 

a2z(p)/a/?0
2 a2/(p)/ap0a^ ... a2 z(p)/a p0a/?p 

d2z(p)/ap0a& a2z(p)/a/?2 

a2z(p)/ap0a/?p a2z(p)/ap1a^p 

a2/(p)/5p1a^p 

a2z(p)/d/?2 

so that 

H = 

IL / I 

i = l i = l 
n n 

/ I 

n 

^ac£ 1Xjp7r t( l-7ri) 
i = l 

n 

[ = 1 

•^XipTTiCl-TTi) - ^Xj iX ipTr^ l -T r i ) . . . - ^x fpTT^ l -TTj ) 
i = l i = l i = l 

To estimate P, we start with an initial guess, say p^0^ and perform an iterative 

procedure. At the ra-th step of this iterative process we obtain p(m+1) using 

p(m+l) _ p(m) _ (H(m))-lq(m) (5) 

where q (m) and H ^ are equivalent to q and H evaluated at P^m \ the w-th guess 

for p. The algorithm continues until successive estimates of p converge. 
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If the algorithm converges at iteration M, then P = p^M) is the maximum likelihood 

estimate for p, and we can use it to determine estimates for ni = n(xi) according to 

exp (xff l 

1 + exp (x?"p) 
fii = 7r(Xi) = — l-r- j^ (6) 

In addition — H 1 when evaluated at p serves as an estimated asymptotic 

covariance matrix. 

The main advantages of the logistic regression model are that it enjoys a body of 

supporting theory and algorithms, features prominently in commercial statistical 

software, and its predictive accuracy is often competitive. However, there are some 

limitations as well. First of all, for the 'short' and 'fat' data set, which means that the 

number of predictor variables is large and usually exceeds the number of observations 

and the sparse data set, computing the maximum likelihood fit of a logistic regression 

model is often impossible since standard software relies on matrix inversion. Even 

when this barrier is overcome, numerical ill-conditioning can result in a lack of 

convergence, large estimated coefficient variances, poor predictive accuracy, and/or 

reduced power for testing hypotheses concerning model assessment (Pike, Hill, and 

Smith 1980). 

2.2 James-Stein Shrinkage in Logistic Regression Models 

In many applications, there may be uncertain prior information available about the 

parameters in the statistical model used to describe the available data. Since the 
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validity of the prior assumption is not tested, neither the pooled nor unrestricted 

estimators make use of the available information in an optimal way. The James-Stein 

type shrinkage estimator incorporates this uncertain prior information, and combines 

the restricted and unrestricted estimators in a superior manner. 

Shrinkage estimation was first proposed by Stein (1956) and James & Stein (1961). 

Since then, Ahmed & Saleh (1999), Casella & Hwang (1986), An et al. (2006) have 

conducted considerable research on shrinkage estimation of location parameters, 

while Ahmed and Krzanowski (2004) considered the estimation of the intercept vector 

in regression models; An et al. (2010) consider shrinkage estimation in logistic 

regression models, while An et al. (2009) discuss the more general case of generalized 

linear models. 

In the context of our example, for a given set of drugs, James-Stein shrinkage 

estimation allows for different ADRs to be studied simultaneously. In order to 

describe the approach, we assume that the available data contain a total of n adverse 

drug reactions records, where each report involves one drug and at least one adverse 

drug reaction. In addition, we assume that there are d different drugs and k distinct 

adverse drug reactions across the entire data set. Following An et al. (2010), we then 

consider k logistic regression models, one for each drug, of the form given in equation 

(3). The /-th model (I = I,--- ,k) will be based on a data set of size ri;. The & models 

can be combined into one single model, with the general form 
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z = Xp + E (7) 

where z = (z1,z2,-~ ,zn)
T is a vector of length n with z; = logit(7T;) = logf -^-J , 

n — Y,f=i nu (J = 1.2, •••, fe); X is an nx qk design matrix where q» = p + 1, and 

p represents the total number of difference variables, including indicator variables 

and other explanatory variables such as age and gender in the model; 

P = (fioi,Po2,- >Pok,Pu.Pi2.- ,Pikr~,PPi,PP2>-,PPk) is a vector of length 

q x k; and e = (£1; £2, •••, £n)T is the error term. We assume that £ has mean 0 and 

variance a21 where I is the identity matrix. 

The design matrix X is based on k smaller matrices, one for each adverse drug 

reaction of interest. The /-th of the matrices, X( say, is given by 

X, = 

1 *i,i,i 

1 X2,l,( 

1 X nhl,l 

xl,p,l 
x2,p,l 

xnip,l 

Appropriately combining these X; matrices with zero entries allows us to specify the 

design matrix X as: 

X = 

1 0 

1 0 

0 1 

0 1 

• 0 xxxl 0 

• 0 xniX1 0 
0 0 x1X2 

0 0 Xn2X2 

0 X1F2,I 0 ... o *i,p,i 0 

0 XTH.2,1 0 

0 0 x1X2 

\ ; o 
0 xn i ,Pi l 0 
0 0 xliPi2 

0 0 x n2,2,2 0 

0 0 ••• 1 0 ••• 0 *i,i,fc o 0 x l,2,fc 

0 0 1 0 ••• 0 *„2il,2 0 - 0 xnki2ik 

0 xn2,p,2 

0 0 • 

0 o. • 

0 
0 
0 
0 
0 
0 

xl,p,k 

lTlfc,p,fe-

(8) 



13 

The MLE of P in equation (7) can be obtained by the Newton-Raphson algorithm 

described above. 

If it is suspected that some of the parameters may be restricted to a particular subspace 

for p, we can test the hypothesis 

tf0:Cp = d vs HA: Cp gfc d (9) 

For example, one hypothesis of particular interest is whether certain drugs may 

increase the risk of several or all of the adverse drug reactions according to a similar 

biological mechanism. For this hypothesis, the C matrix would have 

r = (k — 1) x p rows and q x k columns, and d would be a vector of length r, 

where d = (0,0, ••• ,0) r . For the case where p = 2, the C matrix is, 

C = 

0 
0 

0 
0 
0 

-0 

0 •• 
0 •• 

0 •• 
0 •• 
0 •• 

0 •• 

0 
0 

1 
1 

- 1 
0 

0 -
- 1 •• 

0 
• 0 

0 
0 

0 
0 

0 •• 

0 • 
• 0 

•• 0 

0 1 0 0 ••• - 1 0 0 0 
0 0 0 0 ••• 0 1 - 1 0 
0 0 0 0 — 0 1 0 - 1 

0 0 0 0 0 1 0 0 

In what follows, we describe the approach for conducting the hypothesis test in (9). 

First, denote the unrestricted maximum likelihood estimate of p in equation (7) by 

P u n , and the maximum likelihood estimate obtained for p under H0 in equation (9) 

by p r e . If H0 is true, we can combine information that borrows strength across all 

these related adverse drug reactions. Then, the restricted estimator p r e is computed 

by 

fire = pun _ (XTx)-1CT[C(XTX)-1CT]-1(Cp"n - d) (10) 



14 

If the null hypothesis is true, the restricted estimator p r e is expected to be better than 

P u n since it pools information and borrows strengths across the k data sets. 

However, if the null hypothesis is not true, the restricted estimator may lead to higher 

quadratic risk due to the bias. Alternatively, we can use the James-Stein type 

shrinkage method to combine the restricted and unrestricted estimators in an optimal 

way to achieve an improved estimator of the model parameters. Note that An, Fung, et 

al. (2009) showed that the James-Stein type shrinkage estimator is uniformly better 

than the maximum likelihood estimator in terms of mean squared error in generalized 

linear models. Before introducing the James-Stein estimator, we need first to consider 

a test statistic for the hypothesis in equation (9). 

In order to test the null hypothesis in (9), the F test statistic is given by 

tir,m) = ^ 2 t 1 1 ) 

where m = n — qk and s | is the mean square error under the full model. Under H0, 

F( rm) has a central F-distribution with (r.rri) degrees of freedom, while under HA, 

F( rm) has a noncentral F-distribution with (r,m) degrees of freedom and 

noncentrality parameter A2/2 (Saleh, 2004), where 

[Cp - d j ' t C C X ' X ) - ^ ' ] " 1 ^ - d] 
A'=^ J , —^ l (12) 

We can compute s | by using the Pearson's chi-square statistic (see McCullagh, 1983) 

as follows, 
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n 

S2e = ̂ ZTkYu (y< ~ ^ ) 2 / [ ^ ( 1 " *<)] ( 1 3 ) 

1=1 

Then the James-Stein estimator is given by 

QJS = pre + ^ _ ^ / ( F > c)(pzm _ pre) ( 1 4 ) 

where c = —,—^, and I(F > c) is an indicator function. Hence the James-Stein 

estimator is a weighted average of the unrestricted and restricted estimates. The 

weight constant c — — minimizes the mean squared error of the estimator (Saleh, 

2006). 

The James-Stein estimator can test and incorporate uncertainty about any subset of the 

parameter space. The advantage of the James-Stein estimator is that it combines 

information and borrows strength across several data sets. In addition, it has lower 

quadratic risk than the maximum likelihood estimator. It also provides shorter 

confidence intervals than the maximum likelihood estimator, while maintaining a 

desired coverage probability. However, there are some disadvantages for James-Stein 

estimators. First, the formula to compute s | in equation (13) is more stable for 

grouped data. Secondly, when compared with logistic regression models, the 

asymptotic covariance matrix of the estimators of the model parameters cannot be 

obtained directly. 

2.3 Cox Models 

Survival analysis is concerned with longitudinal data from a time origin until the 
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occurrence of some particular event. The time origin will often correspond to the 

recruitment of an individual into an experimental study, and the end point is the death 

of the person or an analogous type of outcome such as the occurrence of an adverse 

event. Survival analysis focuses on the distribution of survival time. Through a 

modeling approach to the analysis of survival data, we can examine the relationship 

between the survival experience of patients and one or more explanatory variables. 

The basic model for survival data is the proportional hazards model. This model was 

proposed by Cox (1972) and has also come to be known as the Cox regression model. 

In what follows, we describe this model in the context of an application to active 

pharmacovigilance. 

Suppose that medical records are available on n patients that have been prescribed a 

drug for diabetes. We define the time origin as the first time the patient takes the drug, 

and the end point as the occurrence of a particular adverse drug reaction of interest. 

The hazard of an adverse drug reaction occurrence at a particular time is assumed to 

depend on the values xx,x2, ••• ,xp of p explanatory variables, X1,X2,-">Xp- The 

values of these variables will be assumed to have been recorded at the time origin of 

the study. The set of values of the explanatory variables in the proportional hazards 

model will be represented by the vector xs 

Xi = {xil,xi2,---,xip)
T i = l,...,n (15) 

In the model, we also include /?i,/?2>"">/?p a s the unknown regression coefficients 

associated with the explanatory variables. 
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A nearly universal feature of survival data is censoring, the most common form of 

which is right-censoring: the period of observation expires, or an individual is 

removed from or leaves the study, before the event occurs. For example, in our dataset, 

some individuals may not have experienced the particular adverse event of interest at 

the end of our study, or alternatively, they may drop out of the study for various 

reasons prior to its termination. On the other hand, an observation is left-censored 

when the time at which it was initially exposed to risk is unknown. 

Let T represent survival time, which is the time for initial exposure to risk to the onset 

of an adverse reaction. We regard T as a random variable with probability density 

function / ( t ) and cumulative distribution function 

F(t) = P(T < t) = f f(u) du 
•'o 

which represents the probability that the survival time is less than some value t. The 

survivor function S(t) is the complement of the cumulative distribution function, 

which is defined to be the probability that the survival time is greater than or equal to /, 

and so 

5(t) = P(7" > 0 = 1 - F(t) 

The hazard function is used to express the risk or hazard of death at some time t, 

which assesses the instantaneous risk of demise at time t, conditional on the fact that 

the individual has survived to time t: 
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P(t<T < t + At\T>t) 
h(t) = lim — • -

At-*0 At 

S(0 

The hazard function for the j-th individual can be written as 

hi(i) = exp(a + ^xtl + $zxiz + ••• + $vxip) (16) 

The constant a in the model represents a kind of log-baseline hazard, since 

hi(t) — ea when all of the explanatory variables that make up the vector Xi are zero. 

We denote the baseline hazard function as h0(t). Thus, the hazard function for the 

z'-th individual is equivalent to 

ht(t) = exp(p1x£1 + p2xi2 + ••• + ppx i p) ho(t) (17) 

and this model can be re-expressed as 

l o g [h~(t)\= P lXi l + P2*'2 + "" + PpX'p ( 1 8 ) 

The baseline hazard can take any form in this model. Consider, for example, two 

observations i and j that differ in their explanatory variable values, with the 

corresponding predictors 

Yi = Pl*il + P2*i2 + - + P p * i p 

and 

Yj = Pi*/i + P2*;2 + ••• + Pp*/p 

The hazard ratio for these two observations 

hiit) 

hj(t) 
/ i o ( 0 ^ ' 
h0(t)erj 

= 7^ 
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is independent of time t. Consequently, the Cox model is a proportional-hazards 

model. Remarkably, even though the baseline hazard is unspecified, the Cox model 

can still be estimated by the method of partial likelihood, developed by Cox (1972). 

Let £(j) < t(2) < ••• < t(fe) < ••• < t(K) denote the K distinct, ordered failure times, 

with dk indicating the multiplicity of failures occurring at time t(fc). That is, dk is 

the size of the set Dk of individuals that fail at t(fc). Let x,(fe) be the vector of 

explanatory variables for they'-th individual who fails at the k-th ordered failure time, 

t(fe), which has the same form of equation (15). Let Rk denote the risk set just before 

the k-th ordered failure time. This suggests that Rk is the group of individuals who are 

alive and uncensored at a time just prior to £(fc). Then the approximate partial 

likelihood function proposed by Breslow (1974) is of the form 

JL eP'Z;6DfcXy(fc) 

£(P) = T (1 9) 

U[wp'x<<fc 

Let Yt be an event indicator, which is zero if the z'-th survival time tt, i = 1,2, •••, n, 

is right-censored, and one otherwise. Then the partial likelihood function in equation 

(19) can be expressed in the form 

The corresponding log-likelihood function is given by 

/(P) = logL(P) = ^ y J p 7 ' ^ x 0 - ) -d i l og^e p 7 ' x ro | (21) 
1 = 1 y JEDi lERt J 

We can apply the Newton-Raphson procedure to maximize the partial log-likelihood 
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function (21) to obtain the maximum likelihood estimates (MLE) of p. 

To do so, we initially determine the vector u(P), which is the set of first derivatives 

of the log-likelihood function in equation (21) with respect to the P-parameters. This 

quantity is known as the vector of efficient scores. 

u(P) = (3Z(P)/3ft,c>Z(P)/d/?2 dl{$)/dpv) 

We also determine the matrix H(p) as the p x p matrix of second partial derivatives 

of the log-likelihood function, Z(P). The (J,k)th element of H(P) is then 

d2KP) 

for j = 1, 2, •••, p; k — 1,2, •••,p, and H(P) is called Hessian matrix. As we know, the 

variance-covariance matrix of the p maximum likelihood estimates can be 

approximated by — H ( P) ~~ x. 

According to the Newton-Raphson procedure, an estimate of the vector of the p 

parameters at the m-Xh. cycle of the iterative procedure, p(m), is 

p(m+l) = p(m) _ (fl(p(m)^ * a(p("0) (22) 

The process can be started by an initial guess, say p^0^ and an iterative procedure 

based on equation (22) as performed. The process is terminated when the change in 

the log-likelihood function is sufficiently small, or when the largest of the relative 

changes in the values of the parameter estimates is sufficiently small. 
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For the Cox model, although the resulting estimates are not as efficient as maximum 

likelihood estimates for a correctly specified parametric hazard regression model, not 

having to make arbitrary, and possibly incorrect assumptions about the form of the 

baseline hazard is a compensating virtue of Cox's specification. However, there are 

additional limitations associated with the Cox model. When compared with the 

logistic regression model, we are faced with the challenge of specifying survival time. 

This can be difficult for some patients when the time that they were first exposed to 

risk is not known. Moreover, conditional on the values of any covariates and an 

individual's survival to a particular time, right-censoring must be independent of the 

future value of the hazard for the individual. If this condition is not met, then the 

estimates of the survival distribution can be seriously biased. 

2.4 Random Effects Cox Models 

It is sometimes the case in a survival experiment that individuals within a certain 

subset of the population share a common, unobservable, random frailty. For example, 

such a frailty could be an unobservable genetic or environmental effect. If the frailty 

is known, the Cox proportional hazards model for the observable covariates is valid; 

however, we include a random effect for the frailty as a multiplicative factor on the 

hazard rate. 

Survival models with a single level of random effects have been proposed by Sastry 
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(1997), Sargent (1998) and Yau (2001). Nested frailty survival models were also 

considered by Sastry (1997) and Yau (2001); these studies specified gamma and 

log-normal distributions, respectively, for the random effects. Sargent (1998) 

discussed the Bayesian approaches to nested random effects Cox models. Ma (2003) 

proposed a Poisson modeling approach for nested random effects Cox proportional 

hazards models which can be used to fit flexible frailty models. 

In this thesis, we consider the random effects Cox models by using the Poisson 

modeling approach. This method characterizes the random effects Cox model as an 

auxiliary random effects Poisson regression model. The orthodox best linear unbiased 

predictors approach is used to obtain the best linear unbiased predictors. We describe 

the methodology in what follows. 

Consider a Cox model with a single level of random effects. Suppose that the cohort 

of interest consisting of n individuals is grouped in m independent clusters, and that 

these clusters serve as the random effects in the model. We assume that the 

cluster-level random effects Ult U2,--- Um are independent and identically distributed 

with 

E(Uj) = 1, var(Uj) = a2 (23) 

Assumption (23) covers a wide range of common distributions used to describe 

random effects, including the gamma, inverse Gaussian and log-normal distributions. 
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Suppose that there are rij individuals within the y'-th cluster. Let individual (i,j) 

denote the i-th individual in the j-th cluster, where i = 1,2,••-,n/-. In addition, 

suppose that the cohort is stratified on the basis of one or more relevant covariates and 

that these strata are indexed by s = 1,2, •••,a. Let the hazard function for the i-th 

individual in they'-th cluster from stratum s at time t be denoted by htj (t)- Again, 

suppose that the hazard of an adverse drug reaction occurrence at a particular time 

depends on the values x1,x2,--- ,xp ofp explanatory variables, Xl,X2l —,Xp. Then 

the vector of explanatory variables for the i-th individual in the j-th cluster from 

T 

stratum s is denoted as xfj = \x\^,x\j2, •••,x\S: J with associated parameter vector 

PT = (/?i, -",/Jp). Given the random effects, the hazard functions for different 

individuals are conditionally independent, with 

rf\t) = hf(t)ut exp(p1xg + p 2 x$ + - + %x\fp) 

= ^ s ) ( £ ) u i e x p ( p T 4 ) ) (24) 

It is assumed that the distribution of random effects does not depend on the regression 

parameter vector p. 

Let TS1 < TS2 • • • < rSqs denote the distinct failure times in the s-th stratum, where qs 

is the number of failures observed in stratum s. In addition, let dsh represent the 

multiplicity of failures occurring at time rsh, where s = l , - , a and h = 1,••• ,qs. 

The risk set at time rsh is R{rsh) = j(i,y'): ti;
s > Tsh\, where t[- is the observed 

survival time for individual (£,y) from the s-th stratum. In addition, let yM = 1 if 

an adverse event occurs for individual (i,j) from the 5-th stratum at time Tsh, and 0 
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Suppose that we let Y and U be vectors containing the responses Y>.̂  and the 

random effects Uj. Given the random effects U = u, the conditional partial 

likelihood function proposed by Cox and Oakes (1984) is 

s=i h=i (Zaj)ea(Tih) uj exp (&Tx\s/)\ 

We use the Poisson modeling approach for this random effect Cox model. Specifically, 

we assume that, given that the random effects U — u, Y are conditionally and 

independently distributed with 

Yg)
h~Poisson{uyexp(ash + pTx[j ))} (i,j) G R(zsh) (26) 

We know that for a Poisson random variable X with parameter A, the probability 

density function for X is f(x, X) = ——. Thus, the conditional distribution for Y^h 

given u is 

y) 

fWM -
liijexpl ash + p x\j J 1 e ' ^ sn v l> > 

,00 

u / ' M {exp(ash + p T x g } ) f M 

I V J J) g?^ 
exp\ujexp (ash + PTx[f j j 

where (i,j) G R(zsh). 

Finally, the conditional likelihood for the random effects Poisson model is 
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i=i L f e x P (S(ij)6R(TS/l) ujexp [ash + P % - J j 

so that the log-likelihood is 

z(«,p;Y|M)=yyy fr$ioguy+y$(a5ft+r*,y) 
z ^ J '^ - , ^- ' (U)e«(T S h) L v J 

- ujexp(ash + PT*-f )} 

We obtain the maximum likelihood conditional Poisson estimates (a, p) for (a, P) 

by satisfying the equation 

dl 

dash ^-i(ij)6ii(TSfc) 

that is 

= Z^rJySl-"><*p(°*+P>V)h0 

T y?h = y ujexp(ash+ $**$) (29) 

We know that E(ij)eR(T5,j>uh c a n ^ e explained as the multiplicity of failures 

occurring at time zsh; thus, according to our notation above 

T y-ph=dsh (30) 

so that equation (29) can be written as 

dsh = ) u ;exp(p T x[f) exp (a s h) 

That is, the maximum likelihood conditional Poisson estimates for ash satisfy the 

equation 

dsh 
exp(ash) = (31) 

Z(U)e«(TS*)u;e*P(PT*y J 

The estimate of the cumulative baseline hazard function, \ 0 (t), for the s-th stratum 

proposed by Whitehead (1980) is given by 
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This hazard function A0 (t) provides a useful interpretation of the auxiliary Poisson 

model. 

Substituting equation (31) into the conditional likelihood for the random effects 

Poisson model given in equation (28), and using some simple algebra, we obtain 

L(a,p;Y|u) 

-uu dshl { l a , ) ^ ) "< exp (Fx<ff)}dsh 

dsh
dshexp(-dsh) , ,~ 

dSh} 
•Lp(P;Y|u) (33) 

where the term — — j ^ — — does not depend on the parameters of interest. This 

indicates that the maximum likelihood estimator for P from the Poisson likelihood in 

equation (28) is the same as the maximum likelihood estimate for p from the Cox 

likelihood in equation (25). We can therefore make inference about the random effects 

Cox model by fitting the auxiliary random effects Poisson model. 

Since the random effects are unknown, they must be estimated. Algorithms for fitting 

random effects models usually iterate between updating the random effects and 

updating the regression parameters until convergence is achieved. From equation (33), 

we can conclude that, given the predicted random effects, the estimate of P for the 

auxiliary random effects Poisson regression model is also the estimate for the 

corresponding random effects Cox models. Therefore, in our example, we use the 

random effects predictors for the auxiliary random effects Poisson regression model to 
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approximate the random effects in the Cox model. Details surrounding the estimation 

of the random effects and regression parameters in the Cox model can be found in 

Krewski et al. (2009); see, in particular, Appendix B (Algorithmic description of the 

Cox Poisson program) and Appendix C (Computer program for random effects Cox 

model using the Cox-Poisson program). 

The random effects Cox model is an improvement on the Cox model, since we 

consider unobservable genetic or environmental effects in real-life situations, treat 

them as random variables and incorporate random effects into the standard Cox model. 

An important feature of using the Poisson modeling approach to estimate random 

effects Cox proportional hazards models is that the principal results depend only on 

the first and second moments of the unobserved random effects. The orthodox best 

linear unbiased predictor approach is applied to the random effects Poisson model to 

obtain estimates of the prediction random effects, which enable us to determine 

optimal and consistent parameter estimates. Brockwell and Davis (1991) proved that 

the orthodox best linear unbiased predictors are truly the best linear unbiased 

predictors in the literal sense. In addition, Ma (2003) justified the asymptotic 

properties for cases where the number of clusters increases with the sample size. The 

disadvantage of the random effects Cox model is that the computational procedure is 

quite complicated. In addition to estimating the regression parameters and random 

effects, the dispersion parameter a2 in equation (23) is typically unknown and must 

also be estimated. Thus, the algorithm for fitting the model needs to iterate between 
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updating the regression parameter estimates via the Newton scoring algorithm, 

updating the random effect estimates via the orthodox best linear unbiased predictor, 

and updating the estimate for the dispersion parameter via the adjusted Pearson 

estimates. 
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Chapter 3 

Examples 

To illustrate the methods for active pharmacovigilance that were discussed in the 

previous chapter, we make use of the HealthFacts™ data. This database is a cohort 

event monitoring study consisting of all records for all patients having one or more 

encounters with a diagnosis of diabetes and a corresponding discharge date between 

January 1, 2000 and June 30, 2009. In total, the database contains 614,401 patients, 

some of which have more than one record. Specifically, for all patients above, the 

database includes information on all encounters occurring between January 1, 2000 

and June 30, 2009. 

Cardiovascular disease is an important cause of morbidity among persons with 

diabetes. Records involving drugs frequently used to treat diabetes, namely 

Metformin (MET), Actos (AC), Avandia (AV), Insulin (INS), Chlorpropamide, 

Gliclazide, Glimepiride, Glipizide, Glyburide, and Tolbutamide were extracted from 

the above diabetes database. We decided to combine Chlorpropamide, Gliclazide, 

Glimepiride, Glipizide, Glyburide, and Tolbutamide, since all of these drugs contain 

similar active ingredients. We shall henceforth refer to this set of drugs as a 
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Sulfonylurea group (SUL). Although AC, AV, INS and SUL have good clinical 

outcomes in treating diabetes, use of these drugs was suspected to bear adverse 

cardiac effects. Some clinical outcomes suggest that these four drugs increase the risk 

of heart failure (HF) and acute myocardial infarction (AMI). In what follows, we 

compare the risks of HF and AMI between persons treated with AC, AV, INS and SUL 

to patients treated with MET, after adjusting for age and gender. In our analysis, we 

restrict our investigation to patients who have taken only one of the above types of 

drugs through the entire study period. 

Thus, the selected population consisted of all patients with diabetes in the database 

who were treated with one and only one of the five drugs between January 1, 2000 

and June 30, 2009. The cohort entry date was defined as the date of the first 

prescription of the drug. Each patient was followed until they either experienced an 

event (HF or AMI), or until June 30, 2009 if they did not experience an event. The 

date of admission for each outcome was taken as the index date. Based on the above, 

the data set under consideration consisted of 137,047 patient records. Table 1 presents 

the percentages of males and females taking each of the different drugs. The 

percentages of females prescribed each drug are similar, and slightly higher than the 

corresponding percentages for males. The distributions of patient ages for each of the 

five drugs considered given in Table 2 are also very similar. 
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Table 1: Distribution of patients by gender 

Drug 

MET 

AC 

AV 

INS 

SUL 

Total 

No. of 

Patients 

15284 

3397 

2075 

97424 

18867 

137047 

Percentage 

Female 

53.44% 

50.69% 

51.47% 

52.48% 

50.04% 

52.20% 

Percentage 

Male 

46.56% 

49.31% 

48.53% 

47.52% 

49.96% 

47.80% 

Table 2: Distribution of patients by age 

Drug 

MET 

AC 

AV 

INS 

SUL 

Total 

No. of 

Patients 

15284 

3397 

2075 

97424 

18867 

137047 

Min 

9.00 

11.00 

16.00 

0.00 

10.00 

0.00 

First 

quartile 

54.00 

56.00 

55.00 

54.00 

59.00 

55.00 

Median 

65.00 

66.00 

65.00 

66.00 

69.00 

66.00 

Mean 

63.47 

65.03 

64.28 

63.80 

67.57 

64.32 

Third 

quartile 

74.00 

75.00 

75.00 

76.00 

77.00 

76.00 

Max 

90.00 

90.00 

90.00 

90.00 

90.00 

90.00 

The number of patients with HF, AMI and both HF and AMI are shown in Table 3. 

Although most patients who experienced adverse events experienced either HF or AMI, 

a small number (just over 2%) experienced both HF and AMI. Because the joint 

occurrence of HF and AMI in the same patient occurs rarely, we analyzed the data for 

HF and AMI separately. 

The last four drugs listed in Table 3 will be referred to as the test drugs, whereas 
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Metformin is treated as the reference drug in all analysis conducted in this thesis. The 

choice of the reference group warrants some discussion. From a public health 

perspective, it could be argued that the rate of adverse events (HF and AMI) within the 

general population should be used to evaluate the adverse event rate observed among 

diabetics taking one of the five drugs considered here. However, because diabetics 

represent a subpopulation whose health status is somewhat different from that of the 

general population, comparisons of adverse event rates in pharmacovigilance are 

generally made with respect to one of the drugs used to treat individuals in such 

subpopulations. In this case, we have chosen Metformin as the reference drug, since it 

is associated with the lowest adverse event rate among the diabetic drugs considered 

here. 

Table 3: Data summary and rate ratios for use of test drugs vs Metformin 

Drug 

MET 

AC 

AV 

INS 

SUL 

Total 

No. of 

Patients 

15284 

3397 

2075 

97424 

18867 

137047 

HF outcomes 

No. 

870 

315 

242 

16510 

2786 

20723 

Percentage 

5.69% 

9.27% 

11.66% 

16.95% 

14.77% 

15.12% 

AMI outcomes 

No. 

150 

62 

54 

3676 

601 

4543 

percentage 

0.98% 

1.83% 

2.60% 

3.77% 

3.19% 

3.31% 

HF and AMI outcomes 

No. 

49 

35 

30 

2339 

327 

2780 

Percentage 

0.32% 

1.03% 

1.45% 

2.40% 

1.73% 

2.03% 

From Table 3, we can see that for heart failure (HF) cases, compared with the patients 

who consumed Metformin, the rate of experiencing HF for patients who consumed 

Actos is 63% higher (9.27% to 5.69%); the rate of experiencing HF for patients who 
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consumed Avandia is 105% higher; the rate of experiencing HF for patients who 

consumed Insulin is 198% higher; and the rate of experiencing HF for patients who 

consumed Sulfonylurea is 160% higher. 

We find a similar result in Table 3 for the acute myocardial infarction (AMI) cases. 

Compared with the patients who consumed Metformin, the rate of experiencing AMI 

for patients who consumed Actos is 87%o higher (1.83% to 0.98%); the rate of 

experiencing AMI for patients who consumed Avandia is 165% higher; the rate of 

experiencing AMI for patients who consumed Insulin is 285% higher; and the rate of 

experiencing AMI for patients who consumed Sulfonylurea is 226% higher. 

As an illustration of the statistical methods for active pharmacovigilance described in 

Chapter 2, in what follows, we shall compare the odds of HF and AMI associated with 

the use of test drugs to that of the reference drug. Specifically, we shall fit the 

standard logistic regression model, a logistic regression model using James-Stein 

shrinkage, a Cox model, and a Cox model with random effects to the data that are 

summarized in Table 3. Each model will be used to analyze this diabetes dataset 

independently. Note that SAS is used to fit the standard logistic and Cox models, 

while logistic regression with James-Stein estimation and the random effects Cox 

model are fitted using the R software package. Examples of the code and output for 

each of the four models are presented in Appendix A. 
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3.1 Application in Logistic Regression Models 

As stated above, the data set contains records of 137,047 diabetes patients. Each 

patient record indicates the type of drug the patient had been taking and whether the 

patient suffered HF or AMI. The record also contains supplementary information such 

as age, gender etc. The logistic regression model is used to study HF and AMI 

separately. For each adverse reaction, we let Yt be one if it is present and zero 

otherwise. Taking heart failure as the example, if the i-th individual experienced heart 

failure during the study period (between January 1, 2000 and June 30, 2009), we set 

Yi = 1. If heart failure was not experienced during the study period, we set V̂  = 0. 

Since we have five different drugs in the entire data set, we define four indicator 

variables, X1,X2,X3,X4 for the model. Table 4 presents the definition of these 

indicator variables. 

Table 4 

Level of drugs 
MET 

AC 

AV 

INS 

SUL 

Xt 

0 

1 

0 

0 

0 

Xz 
0 

0 

1 

0 

0 

x3 
0 

0 

0 

1 

0 

x 4 
0 

0 

0 

0 

1 

For example, if the i-th individual consumed Metformin, then {x^.x^.x^^^) = 

(0,0,0,0), and if the k-th individual consumed Actos, then (xkl,xk2,xk3lxki) = 

(1,0,0,0), etc. Note that the model can also be extended to include additional 
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explanatory variables. Here we will initially include the patient's age and gender 

along with the four indicator variables above. Then for the z'-th individual, if x; is a 

vector of values for the explanatory variables augmented by the constant one to allow 

for a intercept term in the model, we have 

where xi5 and xi6 represent the age and gender for the z'-th individual respectively. 

Introducing a parameter vector pT = 0?o>/?i> •" >fis), the logistic regression model is 

of the form 

ePo + Pl*Ll + P2*i2 + P3Xi3 + P4*i4 + Ps*iS + P6*i6 

The maximum likelihood estimate, P, for the multiple logistic regression model for 

heart failure cases is presented in Table 5, and the results for acute myocardial 

infarction cases is presented in Table 6. 

Table 5: Maximum Likelihood Estimates for HF cases with age and gender 

Parameter DF Estimate Standard Wald Pr>ChiSq 
error Chi-Square 

Intercept 
AC 1 
AV ] 
INS 1 
SUL ] 
Age 1 

Gender 

1 -2.8585 
I 0.5237 
[ 0.7805 
[ 1.2167 
[ 1.0490 
[ 0.0009 
1 -0.0136 

0.0470 
0.0687 
0.0768 
0.0359 
0.0405 
0.0005 
0.0152 

3694.9305 
58.1462 
103.3343 
1147.0770 
669.8200 

3.7020 
0.7963 

<.0001 
<.0001 
<.0001 
<.0001 
<.0001 
0.0543 
0.3722 
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Table 6: Maximum Likelihood Estimates for AMI cases with age and gender 

Parameter DF Estimate Standard Wald Pr>ChiSq 
error Chi-Square 

Intercept 
AC 
AV ] 
INS 1 
SUL ] 
Age ] 

Gender 

[ -4.6418 
[ 0.6191 
[ 0.9831 
[ 1.3688 
[ 1.1870 
[ 0.0010 
[ -0.0586 

0.1031 
0.1521 
0.1603 
0.0835 
0.0918 
0.0010 
0.0303 

2028.5399 
16.5782 
37.5985 

268.7527 
167.2653 
1.1268 
3.7557 

<.0001 
<.0001 
<.0001 
<.0001 
<.0001 
0.2885 
0.0526 

Consider the heart failure cases first. According to the results presented in Table 5, we 

get the maximum likelihood estimates for p. Thus, nt can be estimated using 

e-2.8585+0.5237x;1+0.7805x: i2+1.2167Xi3 + 1.0490x i4+0.0009x i s-0.0136Xi6 

ni ~ 1 + e -2 .8585+0.5237x i l+0.7805Xi 2 + 1.2167Xi3 + 1.0490Xi4+0.0009Xi5-0.0136Xi6 

To assess the overall fit of the model, we would test the hypothesis 

Ho: Pi = Pz = '"' = Pb = 0 v s Ha: At least one/? in H0 is not zero (34) 

It is possible to conduct this test using a likelihood ratio chi-square statistic. For a 

likelihood ratio test here, we maximize the likelihood without all the variables in the 

model and also with all the variables included. We then let A denote the ratio of 

these maximized likelihoods and consider G2 = — 21ogA as the test statistic. Since 

the statistic follows a chi-square distribution with degrees of freedom p, we can 

calculate a P-value, and use it to conclude whether our model fits the data or not. 

According to the SAS output attached in Appendix A, for heart failure cases we get 

the likelihood ratio chi-square statistic G2 = 1710.1735. Since this statistic follows a 

chi-square distribution with 6 degrees of freedom, the associated P-value is less than 
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0.0001. Alternatively, the chi-square statistic for performing a Wald test is 1299.9874 

with 6 degrees of freedom, and the P-value is also less than 0.0001. The small P-value 

implies that there is strong evidence that the model fits the data of heart failure cases. 

Similarly, the likelihood ratio chi-square statistic for acute myocardial infarction cases 

is G2 = 453.654, which also follows a chi-square distribution with 6 degrees of 

freedom. The P-value for testing model fit is again less than 0.0001, which indicates 

that the model appropriately describes the acute myocardial infarction cases. 

To assess the significance of each of the variables in the model, we would test the 

hypothesis 

H0:/?; = 0 vs H a : ^ - ^ 0 where y = 1,2, •••,6 (35) 

It is possible to conduct this test using a Wald statistic test (1943). Under this test, the 

maximum likelihood estimate /?y is normally distributed with mean 0 and standard 

error se(/?,). Then for each of the /?,s, the test statistic is ' , which follows a 

standard normal distribution. Alternatively, for each of the /?,-, the square of this test 

P 2 

statistic, -—' , is distributed as chi-square with one degree of freedom. In what 
(se(py)) 

p-2 

follows, we use the Wald test statistic W = -—-f—- to test the significance of x,- in 
(se(/?;))

2 ° > 

the model. We set the significance level as a = 0.05 in the analysis. 

For both heart failure cases and acute myocardial infarction cases, we find that the 

P-values for the indicator variables of AC, AV, INS and SUL are less than 0.0001, 

which implies strong evidence of a difference in the occurrence of the corresponding 
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ADRs of each drug relative to Metformin. Note also that, for heart failure cases, the 

P-value for age is 0.0543 and the P-value for gender is 0.3722; thus both are greater 

than a = 0.05. Similarly, for acute myocardial infarction cases, the P-value for age is 

0.2885 and P-value for gender is 0.0526, both of which are also larger than a = 0.05. 

Thus, it would appear that the variables of age and gender are not strongly significant 

in both models. However, it is best to test for the effect of age and gender 

simultaneously. To do so, we test 

H 0 : /? s =/? 6 = 0 vs Ha: at least one of (3S and /?6 =£0 (36) 

In order to conduct this test, we need to compare the model with the indicator 

variables for the drugs, age and gender to a model that only contains the indicator 

variables for the drugs (a model without age and gender). For HF cases, the likelihood 

ratio chi-square statistic for the model containing age and gender is 

GF
2 = 1710.1735, which follows a chi-square distribution with 6 degrees of freedom. 

Similarly, the likelihood ratio chi-square statistic for the model without age and 

gender is GR
2 = 1705.8382 which follows a chi-square distribution with 4 degrees 

of freedom. Note that the estimates for this model are given in Table 7. Then 

AG2 = GF
2 - GR

2 = 1710.1735 - 1705.8382 = 4.3353 follows a chi-square 

distribution with degrees of freedom Adf = 6 — 4 = 2. Thus we can calculate the 

P-value as P(x| > 4.3353) = 0.1144. The P-value is close to 0.10, suggesting that 

the effect of age and gender simultaneously are not very strong. We will examine this 

further in what follows. 
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Table 7: Maximum Likelihood Estimates for HF cases without age and gender 

Parameter DF Estimate Standard Wald Pr>ChiSq 
error Chi-Square 

Intercept 
AC 
AV ] 
INS ] 
SUL 1 

I -2.8063 
[ 0.5256 
[ 0.7815 
1 1.2171 
I 1.0533 

0.0349 
0.0687 
0.0768 
0.0359 
0.0405 

6468.5890 
58.5607 
103.6097 
1147.9631 
667.9631 

<.0001 
<.0001 
<.0001 
<.0001 
<.0001 

From Table 5 and Table 7, we find that the maximum likelihood estimates of the 

coefficients associated with the indicator variables for AC, AV, INS and SUL from the 

logistic model without age and gender are very close to estimates from the model 

including age and gender, which indicates that the effect of age and gender 

simultaneously for HF cases does not appear to be strong. We therefore conclude that 

the predictor variables of age and gender can be excluded from the model. 

To test the effect of age and gender simultaneously on AMI cases, the likelihood ratio 

chi-square statistic for the model with age and gender is GF
2 = 453.6541 with 

degrees of freedom df — 6. Similarly, the likelihood ratio chi-square statistic for the 

model without age and gender is GR
2 = 448.9788 with degrees of freedom df = 4. 

To test the null hypothesis of (36), the test statistic is 

AG2 = GF
2 - GR

2 = 453.6541 - 448.9788 = 4.6753, which follows a chi-square 

distribution with degrees of freedom Adf = 6 — 4 = 2. The P-value is calculated as 

P(x| > 4.6753) = 0.0966. The P-value is also close to 0.10, which suggests that the 

effect of age and gender simultaneously on AMI cases is also not very strong. The 

results for fitting the model without age and gender are listed in Table 8. 
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Table 8: Maximum Likelihood Estimates for AMI cases without age and gender 

Parameter DF Estimate Standard Wald Pr>ChiSq 
error Chi-Square 

Intercept 
Actos 

Avandia 
Insulin 

Sulfonylurea 

[ -4.6074 
[ 0.6223 
[ 0.9850 
[ 1.3697 
I 1.1932 

0.0818 
0.1520 
0.1603 
0.0835 
0.0917 

3173.8337 
16.7524 
37.7524 

269.1201 
169.3482 

<.0001 
<.0001 
<.0001 
<.0001 
<.0001 

For AMI cases, comparing the results in Table 6 and Table 8, we also find that the 

maximum likelihood estimates for the coefficients associated with the indicator 

variables for the drug in the model with age and gender are very close to counterparts 

in the model without age and gender, which suggests that the simultaneous effect of 

age and gender on AMI cases is not very strong. As with the HF cases, we conclude 

that both of the predictor variables can be excluded from the model. 

Since there are no multiple drugs consumed by the individuals in our data set and we 

have concluded that the effects of age and gender are not very strong, we can consider 

for HF the estimates in Table 7. Thus, the explanatory variables for users of Actos 

should be the form of (x1,x2,x3,x4)ac = (1,0,0,0), and the explanatory variables 

for Metformin users have the form of (x1,x2,x3,xi)met — (0,0,0,0). Thus, from the 

logistic regression model without age and gender, we can show that the odds that a 

patient who consumed Actos will experience HF is 

e / ? o + /?l(l)+02(O) + /?3(O) + /J4(O) 

n(xac) _ i + e/?o+/?1(i)+/?2(o)+/?3(o)+/?4(o) _ Po+Pi 

1 - n(xac) 1 
1 + e/?0+/?l(l)+/?2(0) + /S3(0)+/?4(0) 

while the odds that a patient who consumed Metformin will experience HF is 
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e/?o+/?i(0)+/32(0)+/J3(0)+/G4(0) 

n(Xmet) _ 1 + eft^W+ftW+fetoltfeW _ Po 

1 - n(xmet) 
I + e^o+/?i(o)+^2(o)+ft(o)+/?4(o) 

Therefore, the ratio of the odds that a patient who takes Actos will experience HF to 

the odds that a patient who takes Metformin will experience HF is 

l - r c (*«c) _ e / ? 0 + / ? 1 _ c f l . 

Thus e^1 represents the ratio of the odds of the occurrence of HF with Actos to the 

odds of the occurrence of HF with Metformin. Similarly, e^2, e^3, e^4 represent the 

ratio of the odds of the occurrence of HF with Avandia, Insulin and Sulfonylurea 

respectively to the odds of the occurrence of HF with Metformin. Therefore, in this 

case, each /?y, specifically ft, ft, ft> ft> could be interpreted as a log odds ratio. 

We get the estimate for ft from Table 7 as ft = 0.5256; thus e^1 = e ° - 5 2 5 6 = 

1.691. Therefore, the odds of experiencing heart failure for patients who consumed 

Actos is 1.691 times the odds of experiencing heart failure for patients who consumed 

Metformin. In addition, from Table 7, a 95% confidence interval for ft is 0.5256 + 

1.96(0.0687) or (0.3909,0.6603). Thus, a 95% confidence interval for the odds 

ratio e^ is (e
0-3909 ,e

a6603) or (1.478,1.935). Therefore, we estimate with 95% 

confidence that the odds of experiencing heart failure for patients who consumed 

Actos is anywhere from 1.478 to 1.935 times the odds of experiencing heart failure 

for patients who consumed Metformin. 
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As a result, compared with Metformin users, the users of Actos were at a significantly 

increased risk of heart failure (odds ratio, 1.691; 95% confidence interval 1.478-1.935; 

P<.0001). Similarly, the odds of experiencing heart failure for patients who consumed 

Avandia is 2.183 times the odds of experiencing heart failure for patients who 

consumed Metformin (odds ratio, 2.185; 95% confidence interval 1.880-2.540; 

P<.0001). The odds of experiencing heart failure for patients who consumed Insulin 

is 3.377 times the odds of experiencing heart failure for patients who consumed 

Metformin (odds ratio, 3.377; 95% confidence interval 3.148-3.624; P<.0001). 

Moreover, the odds of experiencing heart failure for patients who consumed 

Sulfonylurea is 2.867 times the odds of experiencing heart failure for patients who 

consumed Metformin (odds ratio, 2.867; 95% confidence interval 2.648-3.104; 

P-C0001). Of note is the fact that patients who took Metformin are at significantly 

lower risk for experiencing heart failure than patients who were prescribed the other 

drugs. Patients who took Insulin seemed to be at the greatest risk, followed by those 

who consumed Sulfonylurea. Patients who took Avandia and Actos were at lower risk, 

but still at significantly higher risk than those taking Metformin. The odds ratio 

point and interval estimates summarized above for HF cases are given in Table 9. 

Table 9: Odds ratio estimates for HF cases without age and gender 

Point 95% 
Effect Estimate Wald Confidence limits 

AC i~691 1.478 1.935 

AV 2.185 1.880 2.540 

INS 3.377 3.148 3.624 

SUL 2.867 2.648 3.104 
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Similarly, we can determine analogous estimates for acute myocardial infarction cases. 

The results are presented in Table 10. 

Table 10: Odds ratio estimates for AMI cases without age and gender 

Point 95% 
Effect Estimate Wald Confidence limits 

AC 1.863 1.383 2.510 

AV 2.678 1.956 3.667 

INS 3.934 3.340 4.434 

SUL 3.298 2.755 3.947 

From Table 10, the users of Actos were at 86.3% increased risk of AMI versus users 

of Metformin (odds ratio, 1.863; 95% confidence interval, 1.383-2.510; P<.0001), 

while the users of Avandia were at 167.8% increased risk of AMI versus users of 

Metformin (odds ratio, 2.678; 95% confidence interval, 1.956-3.667; P<.0001). 

Moreover, the users of Insulin were at a 293.4% increased risk of AMI compared with 

users of Metformin (odds ratio, 3.934; 95% confidence interval, 3.340-4.434; 

P<.0001), while the users of Sulfonylurea were at a 229.8% increased risk of AMI 

compared with users of Metformin (odds ratio, 3.298; 95% confidence interval, 

2.755-3.947; P<.0001). Comparing the results in Tables 9 and 10, we find that the 

relative sizes of the risks for different drug users experiencing AMI are the same as 

that for the in HF cases. 
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3.2 Application in James-Stein Shrinkage Estimation 

In the previous section, logistic regression was used to study the occurrence of HF and 

AMI for patients taking the various drugs of interest. The results indicated that for 

drugs where the odds of HF was relatively low, the odds of AMI was also relatively 

low, and vice versa. As we know, heart failure and myocardial infarction are both 

adverse cardiovascular events. It is reasonable therefore to suspect that a drug that 

increases the risk of one of these events will also increase the risk associated with the 

other. Thus, we apply a James-Stein type shrinkage estimation approach in a logistic 

regression context to simultaneously model the HF and AMI data, thereby 

consolidating information and borrowing strength across medically related adverse 

drug reactions. 

Specifically, we are interested in the simultaneous association between the two 

adverse events HF and AMI and the drugs Actos, Avandia, Insulin, Sulfonylurea and 

Metformin. To date, we have fit two independent logistic regression models based on 

the two data sets for HF and AMI respectively. We now combine these two models 

into a single one, using James-Stein estimation for fitting. The design matrix X will 

have the form of equation (8). 

From the results of the logistic regression models for both HF cases and AMI cases in 

Table 5 through Table 9, we discovered that age and gender do not have strong 

association with both HF and AMI when the effect of different drugs is taken into 
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account. Therefore, we shall exclude the predictor variables of age and gender in the 

design matrix X. Suppose the logistic regression parameters for HF cases are denoted 

a s
 PHFT = (/?oi</?ii>"'</?4i)> a n d the logistic regression parameters for AMI cases 

are denoted as p M I
T = (/?02>/?i2.•".^42); m e n ; m t n e full model, the unrestricted 

parameter vector corresponding to the X matrix assumes the form 

PWTl = 0 V / W l l , / W " . / ? 4 1 , / ? 4 2 ) r 

In order to test whether, relative to Metfomin, the four test drugs simultaneously 

increase the risk of HF and AMI, we can test the hypothesis H0: Cp = d. Here C is a 

matrix with 4 rows and 10 columns of the form 

0 0 1 - 1 0 0 0 0 0 0 
0 0 0 0 1 - 1 0 0 0 0 
0 0 0 0 0 0 1 - 1 0 0 
0 0 0 0 0 0 0 0 1 - 1 

and d = (0 ,0 ,0 ,0) T . The restricted estimator p r e , computed under the null 

hypothesis, is obtained using equation (10). 

In order to test the null hypothesis, the test statistic is calculated by equation (11). The 

quantity s | in equation (11) is the mean square error under the full model; it is 

calculated according to equation (13) by using the Pearson's chi-square statistic. 

Equation (11) yields the test statistic F( rm) = 40.43 with degrees of freedom 

(r,m) = (4,274100). It is obvious that the P-value is close to zero, which indicates 

that the null hypothesis should be rejected. 
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The James-Stein estimates are obtained using equation (14); these estimates, denoted 

as $}s, are presented in Table 11. 

Table 11: The result for James-Stein shrinkage estimation 

Covariate 

Intercept 

AC 

AV 

INS 

SUL 

Event 

HF 
AMI 
HF 

AMI 
HF 

AMI 
HF 

AMI 
HF 

AMI 

p u n 

-2.8063 
-4.6074 

0.5256 
0.6223 
0.7815 
0.9850 
1.2171 
1.3697 
1.0533 
1.1932 

exp(pu n) 

0.060 
0.010 
1.691 
1.863 
2.185 
2.678 
3.377 
3.934 
2.867 
3.398 

pre 

-2.8729 
-4.5408 
0.5739 
0.5739 
0.8833 
0.8833 
1.2934 
1.2934 
1.1232 
1.1232 

exp (p - ) 

0.057 
0.011 
1.775 
1.775 
2.419 
2.419 
3.645 
3.645 
3.075 
3.075 

ps 

-2.8071 
-4.6065 
0.5262 
0.6217 
0.7828 
0.9838 
1.2180 
1.3687 
1.0541 
1.1924 

exp(F) 

0.060 
0.010 
1.692 
1.862 
2.188 
2.675 
3.381 
3.930 
2.870 
3.295 

By using James-Stein shrinkage estimation, we pool the data on HF and AMI cases to 

'borrow strength' to obtain improved estimates of the logistic regression parameters. 

From the results in Table 11, we find that compared with patients consuming 

Metformin, the patients who consumed Actos have 69.2% increased risk of 

experiencing HF (since the odds ratio e^11 = e 0 5 2 6 2 = 1.692) and 86.2% increased 

risk of experiencing AMI; the patients who consumed Avandia have 118.8% increased 

risk of experiencing HF and 167.5% increased risk of experiencing AMI; the patients 

who consumed Insulin have 238.1% increased risk of experiencing HF and 293.0% 

increased risk of experiencing AMI; and the patients who consumed Sulfonylurea 

have 187.0% increased risk of experiencing HF and 229.5% increased risk of 

experiencing AMI. Comparing the odds ratio estimates associated with the 

James-Stein shrinkage estimators to those from the two logistic regression models, we 
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3.3 Application in Cox Models 

For the cohort study in the diabetes database, a patient's record contains information 

on the date that a drug was initially prescribed after January 1, 2000, and on the dates 

of diagnosis of an adverse event. In order to incorporate this information into the 

study of likelihood of particular drug-ADR combinations, we can make use of a Cox 

model. 

Using the above data set of 137,047 diabetes patients who have taken only one of the 

five drugs (Actos, Avandia, Insulin, Sulfonylurea and Metformin) during the study 

period, the date for first drug usage was recognized as the time origin. The date of the 

onset of an adverse drug reaction (HF and AMI) was treated as the endpoint. Some of 

these patients did not experience the ADRs by the time that the study was completed, 

so these individuals were treated as right-censored. The endpoint for these patients 

was recorded as the last day of the study period (June 30, 2009). The survival time is 

referred to as the time period between the time origin and the endpoint. The values of 

explanatory variables such as the age of the patients in years, their gender etc. were 

recorded at the time origin. 

To illustrate the fitting of a Cox model, we begin by considering HF as the ADR of 
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interest. If HF was experienced by the z-th patient over the course of the study period, 

the dependent variable Yt was coded as one, and zero if the individual had not 

experienced HF by the end of the study (Note that these data would be censored). 

Since we want to explore whether the consumption of the drugs of interest Actos, 

Avandia, Insulin and Sulfonylurea will increase the risk of HF versus the arbitrary 

chosen reference drug Metformin, we include four indicator variables, X1,X2,X3,X4, 

with the values presented in Table 4 in our model. In addition, we also include 

predictor variables X5 and X6 for age and gender, respectively. Thus, the vector of 

explanatory variables for the z'-th individual is the form of 

x i = (xii>xi2>xi3>xi4>xi5'xi6)T ^ while the parameter vector is pT = (J3V•••,p6). 

Then if t represents the time period that passes from when a patient was initially 

prescribed a drug to the day on which an ADR is experienced, or the end of the study, 

the hazard function for the z'-th individual is 

ht{t) = expCP^i + p2*;2 + ••• + (36xi6) /i0(t) 

where h0 (t) represents the baseline hazard function. 

The Cox model employed here involves the assumption of proportional hazards, with 

the effect of each covariate being to proportionally increase or decrease the hazard at 

each point in time. We used SAS to evaluate the proportional hazards assumption for 

each covariate included in the Cox model (Harrell, 1986). This was done by finding 

the correlation between the Schoenfeld residuals (Schoenfeld, 1982) for a particular 

covariate and the ordered individual failure times. If the proportional hazards 
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assumption is met, the correlation between the residuals and the ordered failure times 

for any given covariate should be near zero. The P-values for testing a correlation of 

zero for each covariate are given in Table 12 for both the HF and AMI cases. Since the 

P-values for the HF cases are all greater than 0.05, the proportional hazards 

assumption does not appear unreasonable. A similar conclusion can be drawn for the 

AMI cases. 

Table 12: P-values for the testing of the proportional hazard assumption 

AC AV INS SUL Age Gender 

HF 0.6465 0.4965 0.0582 0.0631 0.0742 0.5217 

AMI 0.7819 0.0528 0.0858 0.1035 0.8808 0.0615 

The maximum likelihood estimates for the Cox model fit to HF cases are presented in 

Table 13. 

Table 13: Analysis of MLE for HF cases using Cox model with age and gender 

Parameter DF Parameter Standard Chi- Pr>ChiSq Hazard 95% Hazard 

estimate Error Square Ratio Ratio CL 

AC 

AV 

INS 

SUL 

Age 

Gender 

I 0.48636 

I 0.61563 

I 1.14158 

I 0.92150 

I 0.00094 

-0.0100 

0.0657 

0.0727 

0.0348 

0.0389 

0.0004 

0.0139 

54.73 

71.77 

1079.33 

562.39 

4.53 

0.52 

<.0001 

<.0001 

<.0001 

<.0001 

0.0333 

0.4714 

1.626 

1.851 

3.132 

2.513 

1.001 

0.990 

1.430 

1.605 

2.926 

2.329 

1.000 

0.963 

1.850 

2.134 

3.352 

2.712 

1.002 

1.017 

Cases ariables 
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Table 14: Analysis of MLE for AMI cases using Cox model with age and gender 

Parameter DF Parameter Standard Chi- Pr>ChiSq Hazard 95% Hazard 

estimate Error Square Ratio Ratio CL 

AC 

AV ] 

INS ] 

SUL ] 

Age 1 

Gender 

1 0.58887 

I 0.81778 

I 1.33905 

1 1.07332 

I 0.00110 

I -0.05440 

0.1509 

0.1586 

0.0830 

0.0912 

0.0009 

0.0297 

15.24 

26.59 

260.07 

138.667 

1.34 

3.35 

<.0001 

<.0001 

<.0001 

<0001 

0.2466 

0.0671 

1.802 

2.265 

3.815 

2.925 

1.001 

0.947 

1.341 

1.660 

3.242 

2.447 

0.999 

0.893 

2.422 

3.091 

4.490 

3.497 

1.003 

1.004 

As before, the likelihood ratio test statistic can be used to assess the overall fit of the 

model. From the SAS output, we obtain G2 = 1731.3002, which follows a 

chi-square distribution with 6 degrees of freedom; thus the corresponding P-value is 

less than 0.0001, suggesting that the model fits the data well. 

A similar analysis was performed using AMI as the ADR of interest. The maximum 

likelihood estimates for the Cox model are given in Table 14. This model also appears 

to fit the data well. The likelihood ratio test statistic, which follows a chi-square 

distribution with 6 degrees of freedom, is G2 = 457.6473. The associated P-value is 

again less than 0.0001. 

Before we investigate the effect of the different drugs on HF and AMI using these two 

Cox models, it is worthwhile to test the simultaneous effects of age and gender in both 
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models independently. The null hypothesis for both HF and AMI cases is of the form 

(37). For HF, the likelihood ratio test statistic for the model with age and gender is 

GF
2 = 1731.3002, which follows a chi-square distribution with 6 degrees of freedom. 

Similarly, the likelihood ratio test statistic for the model without age and gender is 

GR
2 = 1726.3863, which follows a chi-square distribution with 4 degrees of freedom. 

Then AG2 = GF
2 - GR

2 = 1731.3002 - 1726.3863 = 4.9139 follows a chi-square 

distribution with degrees of freedom Adf = 6 — 4 = 2. Thus, the P-value for testing 

the simultaneous contribution of age and gender in the Cox model for HF is 

P-value = P(xi > 4.9139) = 0.0857. Similarly, for AMI cases, we obtain GF
2 = 

457.6473 and GR
2 = 453.1663, so that AG2 = GF

2 - GR
2 = 4.481, which follows 

a chi-square distribution with Adf = 6 — 4 = 2 degrees of freedom. Here, the 

P-value is P(x2 > 4.481) = 0.1064. Since the P-values for both HF and AMI cases 

are greater than 0.05, it is suggested that the effect of age and gender simultaneously 

in HF and AMI cases are not very strong. In addition, Table 15 and 16 present the 

maximum likelihood estimates for the coefficients associated with the indicator 

variables for drugs in the Cox models for HF and AMI that do not include age and 

gender. A comparison of the estimates in Tables 15 and 16 with counterparts in Tables 

13 and 14 suggest that inclusion of age and gender in the two Cox models has little 

effect on the drug/ADR relationship for both HF and AMI. 
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Table 15: Analysis of MLE for HF case using Cox model without age and gender 

Parameter DF Parameter Standard Chi- Pr>ChiSq Hazard 95% Hazard 

estimate Error Square Ratio Ratio CL 

AC 1 0.48802 0.0657 55.11 <.0001 1.629 1.432 1.853 

AV 1 0.61662 0.0727 72.00 <.0001 1.853 1.607 2.136 

INS 1 1.14205 0.0348 1080.27 <.0001 3.133 2.927 3.354 

SUL 1 0.92571 0.0388 568.89 <.0001 2.524 2.339 2.723 

Table 16: Analysis of MLE for AMI case using Cox model without age and 
gender 
Parameter DF Parameter Standard Chi- Pr>ChiSq Hazard 95% Hazard 

estimate Error Square Ratio Ratio CL 

AC 1 0.59178 0.1508 15.39 <.0001 1.807 1.345 2.429 

AV 1 0.81977 0.1586 26.72 <.0001 2.270 1.664 3.097 

INS 1 1.33983 0.0830 260.38 <.0001 3.818 3.245 4.493 

SUL 1 1.07962 0.0911 140.58 <.0001 2.944 2.462 3.519 

Thus, we can draw appropriate conclusions using estimates in Tables 15 and 16 

instead of Tables 13 and 14. Hence, compared with patients consuming Metformin, 

the patients who consumed Actos were at 62.9% greater risk of experiencing HF 

(hazard ratio, 1.629; 95% confidence interval 1.432-1.853; P-C0001) and 80.7% 

greater risk of experiencing AMI (hazard ratio, 1.807; 95% confidence interval, 

1.345-2.429; P<.0001); the patients who consumed Avandia were at 85.3% greater 

risk of HF (hazard ratio, 1.853; 95% confidence interval, 1.607-2.136; P<.0001) and 

127.0%) greater risk of AMI (hazard ratio, 2.270; 95% confidence interval, 
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1.664-3.097; P<.0001); the patients who consumed Insulin were at 213.3% (hazard 

ratio, 3.133; 95% confidence interval, 2.927-3.354; P<.0001) and 281.8% greater risk 

of HF and AMI respectively (hazard ratio, 3.818; 95% confidence interval, 

3.245-4.493; P<.0001); and the patients who consumed Sulfonylurea were at 152.4% 

(hazard ratio, 2.524; 95% confidence interval, 2.339-2.723; P<.0001) and 194.4% 

(hazard ratio, 2.944; 95% confidence interval, 2.462-3.519; P<.0001) greater risk of 

HF and AMI respectively. 

3.4 Application in Cox Models with Random Effects 

In practice, it may be the case that the time elapsing between initial drug prescription 

and the occurrence of an ADR for individuals in some subgroups of the population are 

associated since members in these subgroups share a common unobserved trait. Since 

the cohort of interest in our example is grouped by 84 different hospitals, we now 

wish to acknowledge the effect of hospital on a particular drug/ADR relationship. To 

do so, we consider two independent Cox models with the random effects, one for each 

of the ADRs of interest, HF and AMI. We also consider age and gender of patients 

through the stratification of the data set according to these two variables. We describe 

this stratification below. 

Consider first the random effects Cox model to study the drug/reaction relationship 

when the ADR is HF. Again, the data set contains 137,047 records, which are 
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clustered by hospitals. We incorporate these as random effects into the Cox 

proportional hazards model. Since there are 84 different hospitals, we define the 

hospital random effects as Ut, ••• ,UM and assume that they are independently and 

identically distributed positive random effects with E(f/;) = 1, var((/;-) = 

<J2,(J = 1, •••,84). Within each hospital/, there are riy individuals. The cohort was 

stratified by five-year age categories (ages are between 0 and 90 in the data set) for 

each gender, yielding 36 strata. We index these by s — 1,2,-",36. Let TS1 < 

Ts2 '"• < rsqs denote the distinct failure times in the 5-th age/gender stratum, where 

qs represents the total number of patients in stratum 5 that experienced an ADR over 

all 84 hospitals. We also let y>. h be an indicator variable for the z-th patient at the 

j-th hospital falling into stratum s, and set yi• h = 1 if the ADR of interest, HF, 

occurs for this individual by time Tsh, and y>- h = 0 otherwise. In the Cox random 

effects model for describing the occurrence of HF, we include 4 variables 

X1,X2, X3, X4, with the values presented in Table 4, which indicate which of the drugs 

of interest (Actos, Avandia, Insulin, Sulfonylurea and Metformin) was consumed by a 

given individual. Thus, the vector of explanatory variables for individual (i,;) in 

(s) ( (V) is) (s) {s)\ 
stratum s is denoted as *•• = (^£;X' X I72 ' Z I /3 ' X I /4 J > whil e the associated parameter 

vectors is pT = (/?1; •••,^4). Given the hospital random effects, the hazard functions 

for individuals are conditionally independent, with 

hff(t) = h^(t)Ui exp((31xg + p 2 x g + p3*{g + p 4 x $ ) 

where i = 1, •••,n/-;y = 1,•••,84; s = 1,•••,36. 
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By characterizing the random effects Cox model as an auxiliary random effects 

Poisson regression model as illustrated in Chapter 2, we obtain estimates of the model 

parameter by using the orthodox best linear unbiased predictor approach. The results 

are listed in Table 17. Similarly, repeating the analysis for AMI produces the results 

in Table 18. 

Table 17: Analysis of parameter estimates using Random effects Cox model for 
HF cases 

Parameter Coefficient Std. Error t exp(Coef) Lower 95% Upper 95% 

AC 0.4868 0.0660 7.379 1.627 1.430 1.852 

AV 0.6135 0.0730 8.406 1.847 1.601 2.131 

INS 1.1463 0.0350 32.762 3.147 2.938 3.370 

SUL 0.9237 0.0389 23.721 2.519 2.334 2.718 

The random effects dispersion parameter is 9 H F
2 = 0.0006. Estimates for hospital 

random effects are given in Appendix A. 

Table 18: Analysis of parameter estimates using Random effects Cox model for 
AMI cases 

Parameter Coefficient Std. Error t exp(Coef) Lower 95% Upper 95% 

AC 0.5893 0.1509 3.906 1.803 1.341 2.423 

AV 0.8175 0.1586 5.154 2.265 1.660 3.091 

INS 1.3375 0.0831 16.091 3.810 3.237 4.484 

SUL 1.0711 0.0912 11.747 2.919 2.441 3.490 

The random effects dispersion parameter is aAMI
2 = 6.167e — 06. Estimates for 

hospital random effects are given in Appendix A. 
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From the R output in Appendix A, we find that the estimates of the hospital random 

effects are all very close to one for both the HF and AMI models. In addition, the 

estimates of the dispersion parameters are very small (aH F = 0.0006 and aAMI = 

6.167e — 06) for both HF cases and AMI cases. This suggests that there is not a 

significant difference in the occurrence of HF and AMI for patients at different 

hospitals. It also explains why the parameter estimates in the standard Cox model (See 

Tables 15 and 16) are close to the parameter estimates in the Cox models with random 

effects in Tables 17 and 18; these latter estimates may be interpreted as follows. 

Compared with patients who consumed Metformin, the patients who consumed Actos 

were at 62.7% greater risk of experiencing HF (hazard ratio, 1.627; 95% confidence 

interval, 1.430-1.852) and 80.3% greater risk of AMI (hazard ratio, 1.803; 95% 

confidence interval, 1.341-2.423); the patients who consumed Avandia were at 84.7% 

greater risk of HF (hazard ratio, 1.847; 95% confidence interval, 1.601-2.131) and 

126.5%) greater risk of AMI (hazard ratio, 2.265; 95% confidence interval, 

1.660-3.091); the patients who consumed Insulin were at 214.7% (hazard ratio, 3.147; 

95% confidence interval, 2.938-3.370) and 281.0% (hazard ratio, 3.810; 95% 

confidence interval, 3.237-4.484) greater risk of HF and AMI respectively; and the 

patients who consumed Sulfonylurea were at 151.9%) (hazard ratio, 2.519; 95% 

confidence interval, 2.334-2.718) and 191.9% (hazard ratio, 2.919; 95% confidence 

interval, 2.441-3.490) greater risk in HF and AMI cases respectively. 
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3.5 Comparison of the Results in Section 3.1 to 3.4 

We have used four different models to fit the diabetes data set to explore the 

association of the five drugs (Actos, Avandia, Metformin, Insulin and Sulfonylurea) to 

the adverse drug reactions of HF and AMI in Section 3.1 through 3.4. In this section, 

we compare the results for HF and AMI separately. For HF, the odds ratio estimates 

obtained under the four models for the different drugs relative to Metformin are given 

in Table 19. Table 20 presents the analogous estimates for AMI. 

Table 19: Rate ratio estimate for HF cases using four different models 

Parameter LR JS Cox RE Cox 

AC 1.691 1.692 1.629 1.627 

AV 2.185 2.188 1.859 1.847 

INS 3.377 3.381 3.139 3.147 

SUL 2.867 2.870 2.514 2.519 

Table 20: Rate ratio estimate for AMI cases using four different models 

Parameter LR JS Cox RECox 

AC 1.863 1.862 1.807 1.803 

AV 2.678 2.675 2.270 2.265 

INS 3.934 3.930 3.818 3.810 

SUL 3.289 3.295 2.944 2.919 

Abbreviation: LR - logistic regression model; JS - James-Stein shrinkage estimation; 

Cox - Cox model; RE Cox - random effect Cox model. 

We find that, for both the HF and AMI cases, there is little difference for the odds 
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ratio estimates obtained using a simple logistic regression model, a logistic model 

with James-Stein shrinkage, a Cox model, and a random effects Cox model. Thus, for 

the particular application under consideration, standard logistic regression seems 

sufficient to investigate the drug/ADR relationship for both HF and AMI. 

3.6 Effect of Time Since Exposure using Logistic Model 

For the dataset consisting of patients with diabetes, we have investigated the 

relationship between particular drugs (AC, AV, MET, INS, SUL) and the ADRs of HF 

and AMI. Another question of interest is whether the time since first exposure (TSE) 

to a drug affects the occurrence of HF and AMI and if so, whether the relationship 

between a particular ADR and TSE is different for different drugs. We define TSE for 

a patient here as the difference between the first time to take a given drug and the 

occurrence of the ADR. If the ADR is not observed, TSE is defined as the difference 

between the time that the drug was initially prescribed and the last day of the study 

period (June 30, 2009). Since the results in Section 3.5 suggest that the more 

complicated models considered here do not add much over logistic regression, in so 

far as the relationship between particular drug/ADR combinations of interest are 

concerned, we shall restrict our analysis in this section to the logistic regression model 

only. 

As stated earlier, the dataset of diabetes patients of interest consisted of 137,047 
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individuals who were prescribed one and only one of the five drugs under study over 

the period from January 1, 2000 to June 30, 2009. However, for patients that were 

prescribed a drug shortly after the start date of the study, there was some concern as to 

whether or not this represented the individual's initial exposure to the medication. We 

therefore decided to eliminate from the dataset those patients who were prescribed 

one of the five drugs of interest during the first three months of the study. That is, we 

only considered those patients who were initially prescribed medication from April 1, 

2000 onwards. This results in the elimination of 921 patients records, reducing the 

overall dataset to 136,134 individuals. 

Thus, the time period under consideration is from April 1, 2000 to June 30, 2009, and 

encompasses 3378 days in total. Tables 21 and Table 22 summarize the mean time 

since exposure to Actos, Avandia, Insulin, Metformin and Sulfonylurea for HF and 

AMI cases respectively. 

Table 21: Summary of time since exposure for HF cases for different drugs 

Drug level N obs Mean(days) 
MET 15272 1050 
AC 3397 1064 
AV 2075 1437 
INS 96564 1009 
SUL 18826 1305 
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Table 22: Summary of time since exposure for AMI cases for different drugs 

Drug level 
MET 
AC 
AV 
INS 
SUL 

N obs 
15272 
3397 
2075 

96564 
18826 

Mean(days) 
1095 
1054 
1556 
1123 
1442 

Histograms of TSE for each of the five drugs are presented for HF cases in Figure 1, 

while Figure 2 shows the analogous histograms for AMI cases. The largest number of 

the 136,134 patients under investigation was prescribed Insulin, while individuals 

taking Avandia were the least common. The tables also suggest that despite the drastic 

difference in the number of patients taking the various drugs, the mean TSE was 

roughly the same for each drug for both the HF and AMI cases. 

Figure 1: Histograms of time since exposure in HF cases 

Histogram for TSE in HF cases for Metformin Histogram for TSE in HF oases for Actos 

Histogram for TSE in HF cases for Avandia Histogram for TSE in HF cases f a Insulin 
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Histogram for TSE in HF cases for Sulfonylurea 

Figure 2: Histograms of time since exposure in AMI cases 

Histogram for TSE in AMI cases for Metformin Histogram (or TSE in AMI cases fi or Acto s 

Histogram for TSE in AMI cases for Avancfia Histogram for TSE in AMI cases f a Insulin 

Histogram for TSE in AMI cases for Sulfonylurea 

In addition, by comparing the five histograms of TSE in Figure 1 for HF cases, we 

can see that the shapes of TSE distributions for Metformin, Actos and Insulin are 
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similar. For example, they are all right skewed. The histograms of TSE in Figure 2 for 

AMI cases are similar to those in Figure 1. 

Before assessing the effect of TSE and a drug/TSE interaction on the occurrence of 

HF or AMI, we first decided to check if there was any impact on the relationship of 

the occurrence of these ADRs and the five drugs when patients that were prescribed 

medication in the first three months of the study were removed from the data set. For 

HF, again Yt is a dependent variable that equals one if the ADR was observed on 

patient /' during the study period and zero otherwise, while X1,X2,X3,Xi, defined by 

Table 4, are used as indicator variables to identify the drug prescribed. We use the 

logistic regression model in equation (2) to find the maximum likelihood estimate of 

—~ A A A A A T 

P = (/?0, /?1( j32, P3, fit) , which is presented in Table 23. 

Table 23: MLE for HF cases only with indicator variables after removing the 
first 3 months of data 
Parameter 

Intercept 
AC 
AV 
INS 
SUL 

DF Estimate 

-2.8066 
0.5259 
0.7819 
1.2139 
1.0549 

Standard 
error 

0.0349 
0.0687 
0.0768 
0.0360 
0.0405 

Wald 
Chi-Square 
6462.7334 

58.6140 
103.6692 
1140.0854 
678.3130 

Pr>ChiSq 

<.0001 
<.0001 
<.0001 
<.0001 
<.0001 

Table 24: Odds ratio estimates for HF cases only with indicator variables 
after removing the first 3 months of data 

Effect 
AC 

AV 
INS 
SUL 

Point 
Estimate 

1.692 

2.186 

3.367 
2.872 

95% 
Wald Confidence limits 
1.479 1.936 

1.880 2.541 

3.138 3.613 
2.652 3.109 
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Comparing the results in Table 24 with the results in Table 9, we can see that the 

results obtained after eliminating the 921 patients whose first drug records are in the 

first three months are very close to the results obtained using the original data. Using 

these parameter estimates, we determined estimates and 95% confidence intervals for 

the ratios of the odds of HF under each drug relative to Metformin. Those results, 

given in Table 24, are also similar to those obtained when the complete data set from 

January 1, 2000 to June 30, 2009 was used. Similar conclusions are arrived at when 

AMI is considered as the ADR. Tables 25 and 26 summarize the analogous parameter 

and odds ratio estimates respectively when patients initially prescribed a drug during 

the first three months of the study were removed from the analysis. These results are 

very similar to those in Tables 8 and 10 respectively. 

Table 25: MLE for AMI cases with only indicator variables after removing the 
first 3 months of data 
Parameter 

Intercept 
AC 
AV 
INS 
SUL 

DF 

1 
1 
1 
1 
1 

Estimate 

-4.6133 
0.6282 
0.9910 
1.3646 
1.1980 

Standard 
error 
0.0821 
0.1522 
0.1605 
0.0838 
0.0920 

Wald 
Chi-Square 
3161.1020 

17.0399 
38.1418 

265.2554 
169.7001 

Pr>ChiSq 

<.0001 
<.0001 
<.0001 
<.0001 
<.0001 

Table 26: Odds ratio estimates for AMI cases only with indicator variables 
after removing the first 3 months of data 

Effect 
AC 

AV 

INS 

SUL 

Point 
Estimate 

1.874 

2.694 

3.914 

3.313 

95% 
Wald Confidence limits 
1.391 

1.967 

3.321 

2.767 

2.526 

3.689 

4.613 

3.968 
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Thus, regardless of the ADR under consideration, the removal of the first three 

months of data has a negligible effect on the ADR/drug relationship. 

Thus, we now consider the logistic regression model to explore the relationship 

between the occurrence of the two ADRs of interest (HF and AMI) and TSE after 

eliminating patients with an initial prescription date within the first three months of 

the study. Again Yt is the dependent variable, taking one when the z'-th individual 

experiences the ADR and zero otherwise. In exploring the relationship between the 

occurrence of ADR and TSE using logistic regression, we include the indicator 

variables Xlt X2,X3,X4 defined in Table 4 to identify which drug was prescribed for a 

particular patient. We also include a variable Xs to represent TSE. In order to 

acknowledge the possibility that the relationship between the occurrence of a 

particular ADR and TSE is different for different drugs, we include interaction terms 

in the model as well. Specifically, we define X6,X7,X8,X9 as the interactions of 

indicator variables reflecting the five drugs of interest of XllX2,X3,X4. with Xs. For 

example, X6 is the interaction of Xx and Xs, given by X6 — Xtx X5. Note that X6 

is equivalent to the TSE for a patient who took Actos, and zero when the patient took 

another drug. The other interaction terms, X7 = X2 x Xs , X8 = X3 x X5 and 

X9 = X4 x X5 can be interpreted similarly. Finally, we also decided to include 

variables in the model for age and gender, reflected by X10 and Xlt respectively. As 

a result, the vector of explanatory variables augmented by the constant one for the z'-th 

patient in our model is X; = (l,Xix,xi2, •••»^iii)T- We introduce a parameter vector 



P T = (/?o</?i<'" >Pi\)- By using the logistic regression model of equation (2), we can 

get the maximum likelihood estimates of p for HF and AMI cases independently. 

Tables 27 and 28 summarize the results. 

Table 27: MLE for HF cases with TSE in different drugs with age and gender 

Parameter DF Estimate Standard Wald 
Error Chi-Square Pr>ChiSq 

Intercept 1 
AC 1 
AV ] 
INS 1 
SUL ] 
TSE 
AC TSE ] 
AV TSE 1 
INS TSE 
SUL TSE ] 
AGE 1 
GENDER ] 

I -1.6463 
I 0.5497 
i 1.8771 
[ 1.0593 
1 1.3711 
1 -0.00183 
[ 0.000062 
1 -0.00080 
I 0.000331 

-0.00006 
I 0.000569 
L 0.0229 

0.0630 
0.1050 
0.1335 
0.0544 
0.0619 
0.000091 
0.000170 
0.000193 
0.000093 
0.000102 
0.000517 
0.0161 

683.8380 
27.3823 
197.7828 
378.6847 
489.9997 
406.6089 
0.1315 
17.0512 
12.7737 
0.3714 
1.2103 
2.0143 

O.001 
<0.001 
O.001 
<0.001 
O.001 
O.001 
0.7169 
<0.001 
0.0004 
0.5422 
0.2713 
0.1558 

Table 28: MLE for AMI cases with TSE in different drugs with age and gender 

Parameter DF Estimate Standard Wald 
Error Chi-Square Pr>ChiSq 

Intercept 
AC 
AV 
INS 
SUL 
TSE 
AC TSE 
AV TSE 
INS TSE 
SUL TSE ] 
AGE 1 
GENDER ] 

[ -3.2023 
I 0.6095 
I 2.1102 
I 1.2281 
I 1.3966 
I -0.00254 
[ 0.000284 
I -0.00081 
I 0.000428 
I 0.000361 
L 0.000868 
I 0.0696 

0.1408 
0.2305 
0.2452 
0.1267 
0.1388 
0.000270 
0.000459 
0.000488 
0.000274 
0.000290 
0.00100 
0.0311 

517.2949 
6.9879 
74.0775 
93.8847 
101.2516 
88.5948 
0.3842 
2.7368 
2.4445 
1.5533 
0.7492 
4.9912 

<0.001 
0.0082 
<0.001 
O.001 
O.001 
O.001 
0.5354 
0.0981 
0.1179 
0.2126 
0.3867 
0.0255 

Abbreviation: ACTSE is the interaction of Actos and TSE; AVTSE is the interaction 

of Avandia and TSE; INS_TSE is the interaction of Insulin and TSE; SULTSE is the 
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interaction of Sulfonylurea and TSE. 

Consider the model fit to the HF cases first. To assess its fit, we can use the likelihood 

ratio test statistic, G2 = 17032.3074, which follows a chi-square distribution with 11 

degrees of freedom. The corresponding P-value is less than 0.0001 which indicates 

that the model fits the data well. Similarly the likelihood ratio test statistic for the 

model fit to the AMI cases is G2 = 5620.8795; the P-value is also less than 0.0001, 

suggesting that this model also fit very well. 

Now we want to test the effect of age and gender simultaneously in both of these 

models. We will therefore consider analogous logistic regression models without age 

and gender. For HF cases, the likelihood ratio test statistic for the model with age and 

gender is GF
2 = 17032.3074, which follows a chi-square distribution with 11 

degrees of freedom. Fitting a model without age and gender (See the output in Table 

29) yields a likelihood ratio test statistic GR
2 = 17029.2431 which follows a 

chi-square distribution with 9 degrees of freedom. Then AG = GF — GR = 

17032.3074-17029.2431 = 3.0643 follows a chi-square distribution with 

degrees of freedom Adf = 11 — 9 = 2 . Thus, the associated P-value = P(x2 ^ 

3.0643) = 0.2160. The large P-value suggests that the simultaneous effects of age 

and gender are not significant in the model. In the same manner, we can calculate the 

P-value associated with testing the significance of age and gender for AMI cases. 

Output is given in Table 30. Here we obtain P-value = P(x| ^ 5.543) = 0.0625. 



Since the P-value is also larger than 0.05, we conclude that the simultaneous effects of 

age and gender in AMI cases are not very strong. We will examine this further in what 

follows. 

Table 29: MLE in HF case with TSE in different drugs without age and gender 

Parameter DF Estimate Standard Wald 
Error Chi-Square Pr>ChiSq 

Intercept 
AC 
AV 1 
INS 
SUL 1 
TSE 
AC TSE 
AV TSE 
INS TSE 
SUL TSE 

L -1.5995 
I 0.5518 
I 1.8779 
I 1.0598 
[ 1.3741 
i -0.00183 
1 0.000061 
I -0.00080 
1 0.000331 
1 -0.00006 

0.0528 
0.1050 
0.1335 
0.0544 
0.0619 
0.000091 
0.000170 
0.000193 
0.000093 
0.000102 

917.2819 
27.5948 
197.9605 
379.0628 
492.8050 
406.5806 
0.1294 
17.0314 
12.7693 
0.3710 

<0.001 
<0.001 
<0.001 
<0.001 
<0.001 
<0.001 
0.7169 
<0.001 
0.0004 
0.5424 

Table 30: MLE for AMI cases with TSE in different drugs without age and 
gender 
Parameter DF Estimate Standard Wald 

Error Chi-Square Pr>ChiSq 
Intercept 
AC 
AV 
INS 
SUL 
TSE 
AC TSE 
AV TSE 
INS TSE 1 
SUL TSE 1 

I -3.1147 
1 0.6141 
[ 2.1081 
I 1.22961 
[ 1.4021 
[ -0.00254 
I 0.000284 
[ -0.00080 
L 0.000429 
I 0.000362 

0.1241 
0.2306 
0.2451 
0.1268 
0.1387 
0.000270 
0.000459 
0.000487 
0.000274 
0.000290 

630.0491 
7.0940 
73.9741 
94.0940 
102.1207 
88.5721 
0.3821 
2.6971 
2.4445 
1.5594 

<0.001 
0.0077 
<0.001 
<0.001 
<0.001 
<0.001 
0.5365 
0.1005 
0.1179 
0.2117 

Specifically, comparing the results in Table 29 with those in Table 27, and those in 

Table 30 with counterparts in Table 28, we find that the results in the two sets of 

tables are very close to each other, further confirming that the simultaneous effects of 
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age and gender for both HF and AMI cases are not very strong. We therefore decided 

to exclude the predictor variables of age and gender in the further analysis of the 

ADR/TSE relationship below. 

By checking the P-values for the drug/TSE interaction terms in Table 29 for HF cases, 

we find that those for the parameters AC_TSE (p6) and SUL_TSE (p9) are 0.7169 

and 0.5424 respectively, which are both much larger than 0.05. However, we are more 

interested in assessing the significance of the drug/TSE interaction simultaneously 

across all drugs. That is, we want to test the hypothesis 

H0: p6 = p7 = p8 = p9 = 0 vs Ha: At least one of the terms not equal to zero (37) 

In order to conduct the test, we consider the model fit for the HF cases with the 

indicator variables for the five different drugs, the variable TSE, and the drug/TSE 

interaction terms, and compare it with the model containing only the indicator 

variables and TSE (the interaction terms are excluded). The likelihood ratio test 

statistic for the model with the interaction terms is GF
2 = 17029.2431, and it has 9 

degrees of freedom. For the model without the interaction terms, the likelihood ratio 

test statistic is GR
2 = 16904.9645, and it has 5 degrees of freedom. Thus, 

AG2 = GF
2 - GR

2 = 17029.2431 - 16904.9645 = 124.2786 follows a chi-square 

distribution with 4 degrees of freedom (Adf = 9 — 5 = 4). The associated P-value is 

P(X2 ^ 124.2786), which is almost equal to zero. It suggests that the simultaneous 

effects of the drug/TSE interaction terms are very strong for HF cases. Similarly, we 
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can test the significance of the simultaneous effects of the interaction terms for AMI 

cases. The associated P-value is calculated as P(xi S> 5615.3365 — 5601.3534) = 

P(X4 > 13.9831) = 0.0073, which indicates that the set of drug/TSE interaction 

terms in the model for AMI cases are also very significant. 

Thus, the drug/TSE interactions are significant in each of the models for HF and AMI. 

Therefore, under these models, the ratio of the odds of the occurrence of a particular 

ADR for a given drug relative to Metformin is actually a function of TSE. We will 

illustrate this with the following example. Suppose we wish to estimate the odds of 

HF for a patient taking Actos over 500 days to the odds of HF for a patient taking 

Metformin for 500 days. The odds of HF for a patient taking Actos for 500 days is 

ep0+p1xil+P2Xl2+p3Xi3+p4xu+psxi5+p6xlf,+p7xt7+p8xi8+p9xig 

= e /?o+^i(D+/?2(0)+/?3(0)+^4(0)+^ 5 (500)+^ 6 (500)+/? 7 (0)+/? 8 (0)+^(0) 

= e/?o+/?l+500/?5 + 500/?6 

Similarly, the odds of HF for a patient taking Metformin for 500 days is 

ePo+PlXjl+P2Xj2+P3Xj3+P4Xj4+PsXjS+P6Xj6+P7Xj7+PBXjB+P9XJg 

- ePo+Pi(o)+p2W+p3W+p4(o)+p5(.5oo-)+p6(o-)+p7W+p8(Q)+p9(o) 

_ e 0 o + 5OO/?s 

Thus the ratio of these two odds is equal to 

e / ? 0 + 500/?s C 

Note that the result includes the value 500, which reflects the TSE. Thus, if we wish 
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to conduct a similar comparison for patients with a different TSE, the odds ratio 

would change. Returning to the example, we can compute a point estimate for the 

odds ratio e^1"1"500^6 using the output in Table 29 to calculate e^ l + 5 0 0^6 = 

e0.5518+500(0.000061) = 1J9Q T h u S ; w h e n m g T § E j s 5 0 Q d a y S ; m e o d d s o f 

experiencing HF for patients who took Actos is estimated to be 1.790 times the odds 

of experiencing HF for patients who took Metformin. If we wish to determine a 

confidence interval (say 95%) for this odds ratio, we would require a measure of the 

variability in e^1+500^6. While this is not available from the logistic regression model 

fit, we do have an asymptotic estimated covariance matrix for p. Thus, we can find 

val{/?i + 500/?6} = var(/?i) + (500)2var(/?6) + 2(500)cov(/?1;/?6) to determine a 

confidence interval for B1 + 500/?6, and transform it to an interval for e^1+500^6. For 

our example, to compute a 95% confidence interval for the odds ratio represented by 

g/Ji+soo/?^ w e therefore proceed as follows: 

& + 500/?6 = 0.5518 + 500(0.000061) = 0.5823 

val-{/?! + 500/?6) = 0.011033 + (500)2(2.894e-8) + 2(500)(-0.00001) 

= 0.008268 

95% C.I. for ft + SOOfo: 0.5823 ± 1.96(0.008268) or (0.5661,0.5985). 

95% C.I. for e ^ + 5 0 0 ^ : (eo.s66i)eo.5985) o r (1.7914,1.8194) 

Thus, the 95% confidence interval for the odds of experiencing heart failure for 

patients who consumed Actos is anywhere from 1.7614 to 1.8194 times the odds of 

experiencing heart failure for patients who consumed Metformin. 
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Note that we can perform the above estimation of odds ratios for comparison of 

Metformin to other drugs, as well as for different values of TSE. For the occurrence of 

HF, Table 31(a) through Table 31(d) present odds ratio estimates and 95% confidence 

intervals for each drug relative to Metformin. For each table, we chose values for TSE 

ranging from one to nine years (we assume one year is simply equal to 365 days, and 

nine years equals 3285 days, for example) to coincide with the time period of the data 

set. Table 32(a) to 32(d) present similar results for AMI cases. 

Table 31 (a): Actos-Metformin comparison on TSE in HF cases 

Years 

1 
2 
3 
4 
5 
6 
7 
8 
9 

TSE(days) 

365 
730 
1095 

1460 

1825 

2190 

2555 

2920 

3285 

OddsEst 

1.775469686 

1.81544388 

1.856318082 

1.898112554 

1.940848018 

1.984545657 

2.029227137 

2.074914608 

2.121630719 

9 5 % Lower CI 

1.496793468 

1.466564742 

1.371647737 

1.26108008 

1.151604746 

1.048293407 

0.952614941 

0.864785002 

0.784538656 

9 5 % Upper CI 

2.106030441 

2.247317414 

2.512246204 

2.856940909 

3.270992968 

3.756983914 

4.322588905 

4.978428883 

5.737533613 

Table 31 (b): Avandia-Metformin comparison on TSE in HF cases 

Years 

1 
2 
3 
4 
5 
6 
7 
8 
9 

TSE(days) 

365 
730 
1095 

1460 

1825 

2190 

2555 

2920 

3285 

OddsEst 

4.883684717 

3.646982087 

2.723451474 

2.03378787 

1.51876879 

1.134168746 

0.846961534 

0.632484225 

0.472319318 

9 5 % Lower CI 

4.090191365 

3.044220207 

2.082409848 

1.381422818 

0.907335399 

0.59353548 

0.387487096 

0.252685869 

0.164666646 

9 5 % Upper CI 

5.831115048 

4.369092061 

3.561829068 

2.99422671 

2.54223371 

2.167248274 

1.851271555 

1.583136785 

1.354770646 
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Table 31 (c): Insulin-Metformin comparison on TSE in HF cases 

Years 

1 
2 
3 
4 
5 
6 
7 
8 
9 

TSE(days) 

365 
730 
1095 

1460 

1825 

2190 

2555 

2920 

3285 

OddsEst 

3.256376259 

3.674547515 

4.146418709 

4.678885778 

5.279730211 

5.957732764 

6.722801785 

7.586118014 

8.560297977 

9 5 % Lower CI 

3.026172226 

3.35713577 

3.602902883 

3.829643173 

4.05787163 

4.293957025 

4.540686149 

4.799715021 

5.07227968 

9 5 % Upper CI 

3.504092149 

4.021970026 

4.771926601 

5.716452195 

6.869500477 

8.266170221 

9.953575817 

11.99012572 

14.44689688 

Table 31 (d): Sulfonylurea-Metformin comparison on TSE in HF cases 

Years 

1 
2 
3 
4 
5 
6 
7 
8 
9 

TSE(days) 

365 
730 
1095 

1460 

1825 

2190 

2555 

2920 

3285 

OddsEst 

3.865921209 

3.782177871 

3.700248576 

3.620094028 

3.541675782 

3.464956228 

3.389898568 

3.316466802 

3.24462571 

9 5 % Lower CI 

3.552708995 

3.419002852 

3.170445318 

2.906503804 

2.654418175 

2.420267879 

2.204951125 

2.007837923 

1.827804259 

9 5 % Upper CI 

4.206746687 

4.183930247 

4.318585608 

4.508881341 

4.725505374 

4.960575549 

5.211640371 

5.478007923 

5.759695519 

Relative to Metformin, it would appear that the odds of experiencing HF for a patient 

taking Actos increase slightly the longer that the individual has been taken the drug. 

For a patient taking Actos for 365 days, the odds of experiencing HF is estimated to 

be 1.775 times the odds for a patient taking Metformin for the same length of time. 

These odds increase slightly to 2.122 times if a patient has been taking medication for 

nine years. 
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By contrast, relative to Metformin, the odds of HF decrease slightly for a patient 

taking Sulfonylurea as TSE increases. For a patient taking this drug for one year, the 

odds of HF is approximately 3.866 times the odds for an individual taking Metfomin. 

This drops slightly to 3.245 for a TSE of nine years. Of note, however, is that despite 

the drug, patient taking Sulfonylurea would appear to be at far greater risk still after 

nine years of taking the drug. 

The same pattern observed when comparing Actos to Metformin can be seen when 

contrasting the odds of HF when taking Insulin to the odds when taking Metformin. 

However, the odds under Insulin relative to Metformin are significantly higher than 

counterpart odds when Actos was compared to Metformin. In addition, the increase in 

odds for the Insulin/Metformin comparison is also substantially more noticeable as 

TSE increases, jumping from 3.256 from one year since first exposure to 8.5603 after 

nine years. 

The odds that a patient taking Avandia for one year will experience HF is estimated to 

be 4.884 times the odds that a patient taking Metformin for the same length of time 

will experience HF. Interestingly, these odds decrease the longer the patients are 

taking the drugs to the point where, after 7 years, the point estimate for the odds ratio 

is less than one. 
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Table 32 (a): Actos-Metformin comparison on TSE in AMI cases 

Years 

1 
2 
3 
4 
5 
6 
7 
8 
9 

TSE(days) 

365 
730 
1095 

1460 

1825 

2190 

2555 

2920 

3285 

OddsEst 

2.049836431 

2.273726238 

2.522070018 

2.797538714 

3.103094998 

3.442025134 

3.817974323 

4.234985906 

4.697544851 

9 5 % Lower CI 

1.524846671 

1.476791713 

1.24329454 

1.014086956 

0.818970402 

0.658611196 

0.528507641 

0.423575269 

0.339209838 

9 5 % Upper CI 

2.755575018 

3.500717778 

5.116114459 

7.717506684 

11.75768812 

17.9886663 

27.58130025 

42.34219258 

65.05391407 

Table 32 (b): Avandia-Metformin comparison on TSE in AMI cases 

Years 

1 
2 
3 
4 
5 
6 
7 
8 
9 

TSE(days) 

365 
730 
1095 

1460 

1825 

2190 

2555 

2920 

3285 

OddsEst 

6.147835078 

4.591009801 

3.428421667 

2.560237429 

1.911904757 

1.427750316 

1.066199013 

0.796203876 

0.594580003 

9 5 % Lower CI 

4.481494444 

2.89631284 

1.614013999 

0.869588218 

0.463566991 

0.24600775 

0.130250263 

0.068869372 

0.036383727 

9 5 % Upper CI 

8.433766151 

7.277311587 

7.282511266 

7.537838666 

7.885332371 

8.286206297 

8.72766248 

9.204971614 

9.716579538 

Table 32 (c): Insulin-Metformin comparison on TSE in AMI cases 

TSE(days) 

365 
730 
1095 

1460 

1825 

2190 

2555 

2920 

3285 

OddsEst 

3.999562579 

4.677529098 

5.470417834 

6.397709272 

7.482186035 

8.750492636 

10.2337901 

11.96852156 

13.99730764 

9 5 % Lower CI 

3.523757939 

3.763691893 

3.688467091 

3.569950384 

3.443513568 

3.316985713 

3.192906812 

3.072261765 

2.955450893 

9 5 % Upper CI 

4.539613987 

5.813249087 

8.113254244 

11.46533692 

16.25755402 

23.08454965 

32.80097602 

46.62542431 

66.29263297 
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Table 32 (d): Sulfonylurea-Metformin comparison on TSE in AMI cases 

Years 

1 
2 
3 
4 
5 
6 
7 
8 
9 

TSE(days) 

365 
730 
1095 

1460 

1825 

2190 

2555 

2920 

3285 

OddsEst 

3.999562579 

4.677529098 

5.470417834 

6.397709272 

7.482186035 

8.750492636 

10.2337901 

11.96852156 

13.99730764 

9 5 % Lower CI 

3.523757939 

3.763691893 

3.688467091 

3.569950384 

3.443513568 

3.316985713 

3.192906812 

3.072261765 

2.955450893 

9 5 % Upper CI 

4.539613987 

5.813249087 

8.113254244 

11.46533692 

16.25755402 

23.08454965 

32.80097602 

46.62542431 

66.29263297 

For AMI cases, the Avandia-Metformin comparison is very similar to HF cases. In 

addition, the comparisons of Actos-Metformin and Insulin-Metformin are quite 

similar to HF cases, except that the odds of experiencing AMI increase faster as TSE 

increases. The biggest difference is in Sulfonylurea-Metformin comparison. In HF 

cases, the odds of experiencing HF decrease slightly for a patient, taking Sulfonylurea 

as TSE increases. However, in AMI cases, the odds of experiencing AMI increase 

significantly for a patient taking Sulfonylurea as the TSE increases, jumping from 

4.00 for one year since first exposure to 14.00 after nine years. 

3.7 Effect of Cumulative Dosage using Logistic Model 

In Section 3.6, we investigated whether the time since first exposure (TSE) to a drug 

affects the occurrence of HF and AMI. We concluded that this was in fact the case, 

and that for the five drugs under consideration in our study, the relationship between a 

particular ADR and TSE was different for different drugs. In this section, we conduct 
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a similar investigation using standard logistic regression, focusing on cumulative 

dosage of a drug on each patient over the entire study rather than TSE. Note that we 

were not able to consider the effect of intensity of exposure since the time interval 

covered by a given dose is unknown. 

As before when we studied the effect of TSE to investigate the effect of cumulative 

dose, we again remove patients who were initially prescribed a drug in the first three 

months of the study, leaving 136,134 individuals out of the original 137,047. In 

addition, there were 24,902 patient records where no information on dosage was 

available, further reducing the applicable data set to a total of 111,232 individuals. 

The cumulative dosage for each patient is determined by adding all doses of the 

particular drug prescribed for the patient over the period from April 1, 2000 to June 30, 

2009. 

For HF and AMI cases respectively, Tables 33 and 34 summarize the mean cumulative 

doses for patients taking one of the five drugs under study for the period from April 1, 

2000 to June 30, 2009. As can be seen from the tables, unlike the mean TSE values in 

Tables 21 and 22, the mean cumulative doses are extremely different for the various 

drugs. 
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Table 33: Summary of cumulative dosage for HF cases for different drugs 

Drug level 
MET 
AC 
AV 
INS 
SUL 

N obs 
15236 
3392' 
2069 

71987 
18548 

Mean(mg) 
3354.21 
144.71 
27.32 

73107.14 
41.61 

Table 34: Summary of cumulative dosage for AMI cases for different drugs 

Drug level 
MET 
AC 
AV 
INS 
SUL 

N obs 
15236 
3392 
2069 
71987 
18548 

Mean(mg) 
3354.21 
147.11 
28.92 

73159.37 
42.68 

Similar to the case where the effect of TSE was investigated, before considering the 

effect of cumulative doses, we first check the impact of removing the first three 

months of data and the patients for which there is no dosage information. Fitting 

logistic regression models on the remaining data in which only the four indicator 

variables for the drugs of interest are included, we obtained the maximum likelihood 

estimates in Table 35 and 36 when the response was the occurrence of HF and AMI, 

respectively. 

Table 35: MLE for HF cases with indicator variables only after removing useless 
data 

Parameter DF Estimate Standard Wald Pr>ChiSq 
error Chi-Square 

Intercept 
AC ] 
AV ] 
INS ] 
SUL ] 

I -2.8078 
L 0.5181 
I 0.7863 
L 1.2936 
I 1.0612 

0.0350 
0.0689 
0.0768 
0.0363 
0.0406 

6446.2001 
56.4794 
104.7444 
1270.7074 
682.7695 

<.0001 
<.0001 
<.0001 
<.0001 
<.0001 
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Table 36: MLE for AMI cases .with indicator variables only after removing 
useless data 
Parameter DF Estimate Standard Wald Pr>ChiSq 

error Chi-Square 
Intercept 

AC 1 
AV ] 
INS ] 
SUL ] 

L -4.6109 
0.6273 
0.9915 
1.4315 

L 1.1985 

0.0821 
0.1522 
0.1605 
0.0842 
0.0921 

3157.7678 
16.9915 
38.1846 

288.8923 
169.4444 

<.0001 
<C.0001 
<.0001 
<.0001 
<.0001 

Comparing the values in Table 35 with those in Table 7, it can be seen that for HF 

cases, the results obtained after removal of some of the patient records as described 

above does not dramatically affect the parameter estimates. A similar conclusion can 

be drawn by comparing the results for AMI cases in Table 36 with those in Table 8. 

The same is true of the estimates and 95% confidence intervals for the odds ratios of 

HF and AMI under each drug relative to Metformin. This is verified by comparing the 

results in Tables 37 and 38 below to those in Tables 9 and 10 respectively. 

Table 37: Odds ratio estimates for HF cases with only indicator variables 
after removing useless data 

Point 95% 
Effect Estimate Wald Confidence limits 

AC 1.679 1.467 1.922 

AV 2.195 1.888 2.552 

INS 3.646 3.396 3.915 

SUL 2.890 2.669 3.129 
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Table 38: Odds ratio estimates for AMI cases with only indicator variables 
after removing useless data 

Point 95% 
Effect Estimate Wald Confidence limits 

AC L873 1.390 2.523 

AV 2.695 1.968 3.692 

INS 4.185 3.548 4.936 

SUL 3.315 2.768 3.971 

Now we consider the standard logistic regression model to explore the relationship 

between the occurrence of the two ADRs of interest (HF and AMI) and cumulative 

dose. We use the data set consisting of 111,232 patients described earlier in this 

section. Again, Yt is the dependent variable, taking on one when the z-th individual 

experiences the ADR and zero otherwise. In exploring the relationship between the 

occurrence of the ADR and cumulative dose using the logistic regression, we include 

the indicator variables defined in Table 4 to identify which drug was prescribed for a 

particular patient. We also include a variable Xs to represent the cumulative dosage. 

Similar to the model we considered in Section 3.6, we also include drug/cumulative 

dose interaction terms to acknowledge the possibility that the relationship between the 

occurrence of a particular ADR and cumulative dose is different for different drugs. 

The variable X6 is the interaction of Xx and X5, given by X6= Xx*. Xs. Note that 

X6 is equivalent to the cumulative dose for a patient who took Actos and zero when 

the patient took other drugs. The other interaction terms, X7 = X2 x X5, X8 = X3 x 

X5 and X9 = X4 x X5 can be interpreted similarly. Given the fact that the effects of 

age and gender in the models considered to date have not been very strong (including 



those models that only contain indicator variables for different drugs), we decided not 

to include these two variables in the model. As a result, the vector of explanatory 

variables for the z'-th patient is the form of Xj = (1 ,x i l ,x i 2 , ••• ,xi9)
T with associated 

parameter vector pT = (p1,••-,/?9). Fitting two separate models to the HF and AMI 

cases yield the results in Tables 39 and 40 respectively. 

Table 39: MLE for HF cases with cumulative dosage in different drugs 

Parameter DF Estimate Standard Wald 
Error Chi-Square Pr>ChiSq 

Intercept 
AC 
AV 
INS 
SUL 
CUMDOSE 
AC CUMDOSE 1 
AV CUMDOSE 
INS CUMDOSE ] 
SUL CUMDOSE ] 

1 -2.8189 
I 0.5180 
[ 0.7882 
1 1.3044 
1 1.0731 
I 2.938E-6 
1 0.000061 
1 0.000305 
i -2.93E-6 
[ -0.00002 

0.0357 
0.0698 
0.0782 
0.0370 
0.0413 
1.635E-6 
0.000040 
0.000392 
1.635E-6 
0.00061 

6248.3006 
55.0959 
101.5320 
1245.8398 
675.7324 
3.2301 
2.3526 
0.6048 
3.2207 
0.1282 

O.001 
<0.001 
O.001 
O.001 
<0.001 
0.0723 
0.1251 
0.4367 
0.0727 
0.7203 

Table 40: MLE for AMI cases with cumulative dosage in different drugs 

Parameter DF Estimate Standard Wald 
Error Chi-Square Pr>ChiSq 

Intercept 
AC 
AV ] 
INS 
SUL ] 
CUMDOSE 
AC CUMDOSE 1 
AV CUMDOSE 1 
INS CUMDOSE ] 
SUL CUMDOSE ] 

[ -4.6159 
I 0.7085 
1 1.0471 
I 1.4364 
I 1.2052 
L 1.368E-6 
I -0.00106 
I -0.00339 

-1.37E-6 
-0.00004 

0.0834 
0.1687 
0.1677 
0.0856 
0.0935 
3.851E-6 
0.00128 
0.00428 
3.87E-6 
0.00015 

3061.7089 
17.6454 
39.0007 
281.8788 
166.2482 
0.1262 
0.6837 
0.5929 
0.1261 
0.0814 

<0.001 
<0.001 
<0.001 
O.001 
O.001 
0.7224 
0.4083 
0.4413 
0.7225 
0.7754 

Abbreviation: CUMDOSE means cumulative dose; AC_CUMDOSE is the interaction 

between Actos and cumulative dose; AC_CUMDOSE is the interaction between 
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Avandia and cumulative dose; INS_CUMDOSE is the interaction between Insulin and 

cumulative dose; SUL_CUMDOSE is the interaction between Sulfonylurea and 

cumulative dose. 

Consider the model fit for HF cases first. To assess its fit, we can use G2 = 

1917.7164, which follows a chi-square distribution with 9 degrees of freedom. The 

corresponding P-value is less than 0.0001. Thus, we conclude that our model fits the 

data very well. Similarly, the likelihood ratio test statistic for the model fit to the AMI 

cases is G2 = 488.3315; the P-value is also less than 0.0001, suggesting that the 

model also fits very well. 

The P-value associated with the drug/cumulative dose interaction terms for both the 

HF and AMI model fits summarized in Table 39 and 40 are quite large. Of interest is 

to test whether these interaction terms are significant in these two models. Regarding 

HF cases, the likelihood ratio test statistic for the model with interaction terms is 

GF
2 = 1917.7164; it has 9 degrees of freedom. We compare it to a model fit with 

only the indicator variables for drugs and the variable cumulative dosage. The test 

statistic for this model without interaction terms is GR
2 = 1912.1178; it has 5 

degrees of freedom. Thus AG2 = GF
2 — GR

2 = 5.5986; it follows a chi-square 

distribution with 4 degrees of freedom (Adf = 9 — 5 = 4). As a result, the P-value is 

P(xl ^ 5.5986) — 0.2311, which is larger than 0.05. Thus the drug/cumulative dose 

interaction terms in the HF model are not significant. Performing an identical analysis 
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on the model for AMI cases leads to a P-value = P(xl > 488.3315 - 484.3506) = 

P(xl ^ 3.9809) = 0.4085 for testing the significance of the drug/cumulative dose 

interaction. Thus, similar to the situation above for HF cases, the drug/cumulative 

dose interaction is not significant in the model for AMI cases. 

Table41: MLE for HF cases with cumulative dosage excluding the interaction 
terms 
Parameter DF Estimate Standard Wald 

Error Chi-Square Pr>ChiSq 
Intercept 
AC ] 
AV ] 
INS 1 
SUL 1 
CUMDOSE ] 

-2.8078 
L 0.5181 
I 0.7863 
L 1.2933 
L 1.0612 

4.279E-9 

0.0350 
0.0698 
0.0768 
0.0363 
0.0406 
2.478E-9 

6446.2656 
56.4823 
104.7482 
1270.0709 
682.7877 
2.9821 

<0.001 
<0.001 
<0.001 
O.001 
<0.001 
0.0842 

Table 42: MLE for AMI cases with cumulative dosage excluding the interaction 
terms 
Parameter DF Estimate Standard Wald 

Error Chi-Square Pr>ChiSq 
Intercept 
AC ] 
AV 1 
INS 1 
SUL 1 
CUMDOSE 1 

L -4.6109 
L 0.6273 
I 0.9915 
I 1.4314 

1.1985 
I 8.63E-10 

0.0821 
0.1522 
0.1605 
0.0842 
0.0921 
1.329E-9 

3157.7718 
16.9916 
38.1848 
288.8533 
169.4452 
0.4216 

O.001 
<0.001 
O.001 
O.001 
<0.001 
0.5161 

Note that the models fit for the HF and AMI cases without the drug/cumulative dose 

interaction terms, and only the drug and cumulative dose main effects, are presented 

in Tables 41 and 42, respectively. Of further note from these tables is the fact that 

even the main effect for cumulative dose is not very strong in either model. Thus, the 

variable cumulative dose does not appear to significantly improve either the HF or 

AMI models provided that the drug main effects is accounted for. 
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Chapter 4 

Conclusion 

Data mining from a cohort study is the most comprehensive method in active 

pharmoco vigilance. In the regard, the objective is to use effective statistical methods 

to detect signals of adverse drug reactions that warrant our attention. 

In this thesis, we described four statistical models, specifically the logistic regression 

model, the logistic regression model with James-Stein shrinkage, the Cox model, and 

the Cox model with random effects, to explore the association between prescription 

drug usage and adverse health outcomes. The logistic regression model has been the 

standard method of analysis for this kind of investigation. Building on this model, the 

James-Stein shrinkage estimation method incorporates prior notions into logistic 

models; it is effective in detecting signals as it combines information and borrows 

strength across medically related adverse drug reactions. Cox models can be used to 

explore how the survival experience of adverse drug reaction patients depends on the 

values of one or more explanatory variables. In addition, random effects can be 

incorporated into the Cox models if the population shares a common, unobservable, 

random frailty. All four of these methods can avoid the confounding and masking 
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problems encountered in the disproportionality-based methods in passive 

pharmacovigilance. 

In applying these methods to a diabetes data set in order to explore the effect of a 

particular set of drugs (Actos, Avandia, Metformin, Insulin and Sulfonylurea) on the 

occurrence of heart failure (HF) and acute myocardial infarction (AMI), we 

discovered that all four produced similar results. In particular we found that ignoring 

the time since first exposure, the Actos, Avandia, Insulin and Sulfonylurea treatments 

were associated with a significant increase in the risk of HF and AMI among patients 

with diabetes compared with those treated with Metformin. Compared with 

Metformin users, the patients who consumed Insulin appeared to have the highest 

increased risk of HF and AMI, the Sulfonylurea consumers experienced the second 

highest increased risk, while the patients who consumed Actos and Avandia have 

similar increased risk of experiencing HF and AMI, but both were lower than the 

Sulfonylurea users. It was also discovered that age and gender had little effect on 

these associations. 

Since the four methodologies produced similar results when investigating the above 

drug/ADR relationships, we decided to extend the simplest of the four, the logistic 

regression model to explore the relationship between the ADRs (HF and AMI) and the 

time since first exposure (TSE) to different drugs. We also considered the relationship 

between ADRs and the cumulative dose of different drugs independently. We 
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discovered that TSE to different drugs had a significant effect for both HF and AMI 

cases, and that there is a significant drug/TSE interaction for both of these ADRs; 

however, there is not a significant relationship between the cumulative dose of 

different drugs and the ADRs of interest (HF and AMI). 

The applications presented in this thesis only include a small number of covariates. A 

number of additional important prognostic factors exist that were not taken into 

account, such as exposure to other diabetic drugs, cardiovascular history, diabetes 

duration, etc. Future research could involve the incorporation of these covariates into 

the statistical models considered here. 
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Appendix A: Computer Programs 

1) SAS Code and output for logistic regression models 

/******* Logistic model for HF case ***********/ 

data h f c o m b t i m e r e ; 

set diab.hf_comb_time_re; 

proc logistic descending; 

model HF = Actos Avand Ins Sul AGE gender / covb; 

title 'Logistic model for Heart Failure Patients'; 

run; 

/****** Logistic regression model for AMI case *******/ 

data m i c o m b t i m e r e ; 

set d iab .micombt imere; 

proc logistic descending; 

model MI = Actos Avand Ins Sul AGE gender / covb; 

title 'Logistic model for Acute Myocardial Infaction Patients'; 

run; 
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SAS output for heart failure case using logistic regression models 

Logistic model for Heart Failure Patients 

Model Information 

Data Set 

Response Variable 

Number of Response Levels 

Model 

Optimization Technique 

Number of Observations Read 

Number of Observations Used 

WORK.HFCOMBTIMERE 

HF 

2 

binary logit 

Fisher's scoring 

137047 

137047 

Response Profile 

Ordered Total 

Value HF Frequency 

1 1 20728 

2 0 116327 

Probability modeled is HF=1. 

Model Convergence Status 

Convergence criterion (GCONV=lE-8) satisfied. 

Model Fit Statistics 

Criterion 

AIC 

SC 

-2 Log L 

Intercept 

Only 

116458.04 

116467.87 

116456.04 

Intercept 

and 

Covariates 

114759.87 

114828.66 

114745.87 

Testing Global Null Hypothesis: BETA=0 

Test 

Likelihood Ratio 

Score 

Wald 

Chi-Square 

1710.1735 

1427.0121 

1299.9874 

DF 

6 

6 

6 

Pr > ChiSq 

<0001 

<.0001 

<0001 
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Parameter 

Intercept 

Actos 

Avand 

Ins 

Sul 

Age 

Gender 

Logistic model for Heart Failure Patients 

The LOGISTIC Procedure 

Analysis of Maximum Likelihood Estimates 

DF Estimate 

1 -2.8585 

1 0.5237 

1 0.7805 

1 1.2167 

1 1.0490 

1 0.000935 

1 -0.0136 

Standard 

Error 

0.0470 

0.0687 

0.0768 

0.0359 

0.0405 

0.000486 

0.0152 

Chi-Square 

3694.9305 

58.1462 

103.3343 

1147.0770 

669.8200 

3.7020 

0.7963 

Wald 

Pr > ChiSq 

<.0001 

<.0001 

<.0001 

<.0001 

<.0001 

0.0543 

0.3722 

Odds Ratio Estimates 

Effect 

Actos 

Avand 

Ins 

Sul 

Age 

Gender 

Point 

Estimate 

1.688 

2.183 

3.376 

2.855 

1.001 

0.987 

95% Wald 

Confidence Limits 

1.476 

1.878 

3.146 

2.637 

1.000 

0.958 

1.932 

2.537 

3.622 

3.091 

1.002 

1.016 

Association of Predicted Probabilities and Observed Responses 

Percent Concordant 

Percent Discordant 

Percent Tied 

Pairs 

48.5 

36.7 

14.8 

2411226056 

Somers' D 

Gamma 

Tau-a 

c 

0.119 

0.139 

0.030 

0.559 

Estimated Covariance Matrix 

Parameter Intercept Actos Avand Ins Sul AGE gender 

Intercept 

Actos 

Avand 

Ins 

Sul 

Age 

Gender 

0.002211 

-0.0012 

-0.00121 

-0.00121 

-0.00116 

-0.00001 

-0.0001 

-0.0012 

0.004717 

0.001218 

0.001218 

0.001219 

-3.72E-7 

6.928E-6 

-0.00121 

0.001218 

0.005896 

0.001218 

0.001218 

-1.94E-7 

4.813E-6 

-0.00121 

0.001218 

0.001218 

0.00129 

0.001218 

-8.41E-8 

2.174E-6 

-0.00116 

0.001219 

0.001218 

0.001218 

0.001643 

-9.71E-7 

9.327E-6 

-0.00001 

-3.72E-7 

-1.94E-7 

-8.41E-8 

-9.71E-7 

2.361E-7 

-4.01E-7 

-0.0001 

6.928E-6 

4.813E-6 

2.174E-6 

9.327E-6 

-4.01E-7 

0.000231 
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SAS output for acute myocardial infarction case using logistic regression model 

Logistic model for Acute Myocardial Infaction Patients 

The LOGISTIC Procedure 

Model Information 

Data Set 

Response Variable 

Number of Response Levels 

Model 

Optimization Technique 

dumber of Observations Read 

dumber of Observations Used 

WORK.MICOMBTIMERE 

MI 

2 

binary logit 

Fisher's scoring 

137047 

137047 

Response Profile 

Ordered Total 

Value MI Frequency 

1 1 4548 

2 0 132507 

Probability modeled is MI=1. 

Model Convergence Status 

Convergence criterion (GCONV=lE-8) satisfied. 

Criterion 

AIC 

SC 

-2 Log L 

Model Fit Statistics 

Intercept 

Only 

39923.582 

39933.410 

39921.582 

Intercept 

and 

Covariates 

39481.928 

39550.725 

39467.928 

Testing Global Null Hypothesis: BETA=0 

Test Chi-Square DF Pr>ChiSq 

Likelihood Ratio 453.6541 6 <0001 

Score 355.2896 6 <0001 

Wald 313.3010 6 <.0001 
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Logistic model for Acute Myocardial Infarction Patients 

The LOGISTIC Procedure 

Analysis of Maximum Likelihood Estimates 

Parameter 

Intercept 

Actos 

Avand 

Ins 

Sul 

Age 

Gender 

DF 

1 

1 

1 

1 

1 

1 

1 

Estimate 

-4.6418 

0.6191 

0.9831 

1.3688 

1.1870 

0.00103 

-0.0586 

Standard 

Error 

0.1031 

0.1521 

0.1603 

0.0835 

0.0918 

0.000968 

0.0303 

Chi-Square 

2028.5399 

16.5782 

37.5985 

268.7527 

167.2653 

1.1268 

3.7557 

Wald 

Pr > ChiSq 

<.0001 

<.0001 

<.0001 

<.0001 

<.0001 

0.2885 

0.0526 

Odds Ratio Estimates 

Effect 

Actos 

Avand 

Ins 

Sul 

Age 

Gender 

Point 

Estimate 

1.857 

2.673 

3.931 

3.277 

1.001 

0.943 

95% Wald 

Confidence Limits 

1.379 

1.952 

3.337 

2.738 

0.999 

0.889 

2.502 

3.659 

4.629 

3.923 

1.003 

1.001 

Association of Predicted Probabilities and Observed Responses 

Percent Concordant 

Percent Discordant 

Percent Tied 

Pairs 

42.8 

30.2 

27.0 

602641836 

Somers' D 

Gamma 

Tau-a 

c 

0.125 

0.172 

0.008 

0.563 

Estimated Covariance Matrix 

Parameter Intercept Actos 

Intercept 

Actos 

Avand 

Ins 

Sul 

Age 

Gender 

0.010621 

-0.00661 

-0.00665 

-0.00667 

-0.00646 

-0.00006 

-0.00037 

-0.00661 

0.023121 

0.00669 

0.006689 

0.006695 

-1.48E-6 

0.000027 

Avand 

-0.00665 

0.00669 

0.025703 

0.006689 

0.006692 

-7.82E-7 

0.000019 

Ins 

-0.00667 

0.006689 

0.006689 

0.006971 

0.00669 

-3.74E-7 

8.56E-6 

Sul 

-0.00646 

0.006695 

0.006692 

0.00669 

0.008424 

-3.85E-6 

0.000037 

AGE 

-0.00006 

-1.48E-6 

-7.82E-7 

-3.74E-7 

-3.85E-6 

9.361E-7 

-1.61E-6 

gender 

-0.00037 

0.000027 

0.000019 

8.56E-6 

0.000037 

-1.61E-6 

0.000915 
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2) R code and output for James-Stein shrinkage estimation approach 

#Read the data into R 

HF.data<-read.csv(file="I:/ JS data/HF-MET.csv") 

MI.data<-read.csv(file="I:/ JS data/MI-MET.csv") 

C<-read.csv(file="I:/ JS data/C-matrix.csv",header=FALSE) 

C<-as.matrix(C,4,10) 

Age<-HF.data$X6 

Gender<-HF.data$X5 

Actos<-HF.data$Xl 

Avand<-HF.data$X2 

Ins<-HF.data$X3 

SuK-HF.data$X4 

HF<-HF.data$HF 

MK-MI.data$MI 

k<-2 # number of adverse events 

nX<-4 # drugs without age and gender 

p<-(nX+l)*k # dimension of beta 

n<-length(Gender) 

nn<-n*k # numbers of rows for big X matrix 

m<-k*n-p 

X<-rep( 1 ,n) # a column of 1 's 

X0<-rep(0,n) # a column of O's 

Xplus<-array(0,dim=c(n,(nX+l)*k,k)) 

# Construct the designed matrix used in full model and reduced model 

for(i inl:k){ 

Xplus[„i]<-matrix(c(rep(XO,i-l),X,rep(XO,k-l),Actos, 

rep(XO,k-l),Avand,rep(XO,k-l),Ins, 

rep(X0,k-1 ),Sul,rep(XO,k-i)),n,(nX+1) *k) 

} 

XplusV<-matrix(0,p,n*k) 

for (i in 1 :p) { 

XplusV[i,]<-as.vector(Xplus[,i,]) 

} 
XXplus<-t(XlplusV) # XXplus is the design matrix for the full model 

Y<-c(HF,MI) 

len<-length(Y) 

# using logistic regression model to get the estimate of beta (without age and gender) in full model 

beta.glm<-glm( Y~XXplus[, 1 ]+XXplus[,2]+XXplus[,3]+XXplus[,4] 

+XXplus[,5]+XXplus[,6]+XXplus[,7]+XXplus[,8] 
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+XXplus[,9]+XXplus[,10]-l,family=binomial) 

summary(beta.glm) 

Call: 

glm(formula = Y ~ XXplus[, 1] + XXplusf, 2] + XXplusf, 3] + 

XXplus[, 4] + XXplus[, 5] + XXplusf, 6] + XXplusf, 7] + 

XXplusf, 8] + XXplusf, 9] + XXplusf, 10] - 1, family = binomial) 

Deviance Residuals: 

Min 1Q 

-0.6095 -0.6095 

Median 

-0.2775 

3Q 

-0.2775 

Max 

3.0389 

# the estimate of beta in full model using logistic regression model 

Coefficients: 

Estimate Std. Error z value Pr(>|z|) 

XXlplusf, 1] -2.80631 0.03489 -80.428 <2e-16*** 

XXlplusf, 2] -4.60742 0.08178 -56.337 <2e-16*** 

XXlplusf, 3] 0.52555 0.06868 7.653 1.97e-14*** 

XXlplusf, 4] 0.62233 0.15204 4.093 4.26e~05 *** 

XXlplusf, 5] 0.78154 0.07678 10.179 <2e-16*** 

XXlplusf, 6] 0.98506 0.16032 6.144 8.03e-10 *** 

XXlplusf, 7] 1.21710 0.03592 33.882 <2e-16*** 

XXlplusf, 8] 1.36969 0.08349 16.405 <2e-16*** 

XXlplusf, 9] 1.05328 0.04048 26.020 <2e-16*** 

XXlplusf, 10] 1.19322 0.09169 13.014 <2e-16*** 

Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '. ' 0.1 " 1 

(Dispersion parameter for binomial family taken to be 1) 

Null deviance: 379997 on 274110 degrees of freedom 

Residual deviance: 154223 on 274100 degrees of freedom 

AIC:154243 

Number of Fisher Scoring iterations: 7 

bbUL<-c(beta.glm$coefficients) 

bbUL # bbUL is estimate of beta in full model 

r<-(k-l)*nX 

d<-rep(0,r) 

SS<-solve(t(XXplus)%*%XXplus) 

# the estimate of beta (without age and gender) in the reduced model 

(betaRe<-bbUL-SS%*%t(C)%*%solve(C%*%SS%*%t(C))%*%(C%*%bbUL-d)) 

BetaRe 

[1,] -2.8729230 



[2,] 

[3,] 

[4,] 

[5,] 

[6,] 

[7,] 

[8,] 

[9,] 

[10,] 

-4.5408096 

0.5739388 

0.5739388 

0.8832987 

0.8832987 

1.2933938 

1.2933938 

1.1232496 

1.1232496 

##################### Using Pearson's chi-squared statistic to estimate sigma-square 

rhatL<-XXplus%*%bbUL 

PhatL<-exp(rhatL)/( 1 +exp(rhatL)) 

chi<-sum(((Y-PhatL)A2)/(PhatL*( 1 -PhatL))) 

(se2Ll<-chi2/ml) # se2 is the residual mean squared under the full model 

[1] 1.000036 

##################### James-Stein shrinkage estimators 

Note: It is reasonable to suspect that certain drugs may increase the risk of all of 

cardiovascular events (HF and MI here) according to similar biological mechanisms. 

The null hypothesis is H0: C(3 = d 

Where C = 

• 0 0 1 - 1 0 
0 0 0 0 1 
0 0 0 0 0 
0 0 0 0 0 

And p = ((3h0, (3m0, p h l , p m l , ph 2 

d = (0,0,0,0)T 

######################## 

0 
- 1 
0 
0 

Pm2. 

0 0 0 0 
0 0 0 0 

1 - 1 0 0 
0 0 1 - 1 

- Ph3- Pm3> Ph4> Pm4< Ph5< Pms) 

(c<-(r-2)*m/(r*(m+2))) 

[1] 0.4999964 

LnL<-(t(C%*%bbUL-d))%*%solve(C%*%SS%*%t(C))%*%(C%*%bbUL-d)/(r*se2Ll) 

(LnL<-LnL[l,l]) 

[1] 40.42989 # This is the test statistic F-value 

ifelse(LnL>c, Ind<-1, Ind<-0) 

[1]1 

(bbJSL<-betaRe+(l -c/LnL)*Ind*(bbUL-betaRe)) # JS estimator 

#James-Stein shrinkage estimate (without age and gender) 

bbJSL 

[1,] -2.8071370 

[2,] -4.6065955 

[3,] 0.5261503 

[4,] 0.6217273 

[5,] 0.7828002 
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[6,] 0.9837972 

[7,] 1.2180414 

[8,] 1.3687462 

[9,] 1.0541470 

[10,] 1.1923523 

# Odds Ratio Estimates for JS estimate (without age and gender) 

Point estimate Odds ratio 

[1,] -2.8071370 0.060377605 

[2,] -4.6065955 0.009985757 

[3,] 0.5261503 1.692404473 

[4,] 0.6217273 1.862141810 

[5,] 0.7828002 2.187589308 

[6,] 0.9837972 2.674592979 

[7,] 1.2180414 3.380560008 

[8,] 1.3687462 3.930419563 

[9,] 1.0541470 2.869526336 

[10,] 1.1923523 3.294822392 

—Intercept-HF 

—Intercept-MI 

—Actos-HF 

—Actos-MI 

—Avandia-HF 

—Avandia-MI 

—Insulin-HF 

—Insulin-MI 

—Sulfonylurea-HF 

—Sulfonylurea-MI 

Note: There is no big difference between the estimate by using logistic regression model and the estimate 

by using James-Stein shrinkage estimation. 
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3) SAS code and output for Cox models 

/****** Cox model for HF case *******/ 

data h f c o m b t i m e r e ; 

set d iab.hfcombtimere; 

proc phreg nosummary; 

model failtime*hf(0) = Actos Avand Ins Sul age gender/ rl; 

title 'Cox model for Heart Failure Patients '; 

run; 

/****** Cox model for AMI case *******/ 

data m i c o m b t i m e r e ; 

set diab.mi_comb_time_re; 

proc phreg nosummary; 

model failtime*mi(0) = Actos Avand Ins Sul age gender/ rl; 

title 'Cox model for Acute Myocardial Infaction Patients'; 

run; 
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SAS output heart failure case using Cox model 

Cox model for Heart Failure Patient 

The PHREG Procedure 

Model Information 

Data Set 

Dependent Variable 

Censoring Variable 

Censoring Value(s) 

Ties Handling 

mber of Observations Read 

mber of Observations Used 

WORK.HFCOMBTIMERE 

failtime 

HF 

0 

BRESLOW 

137047 

137047 

Convergence Status 

Convergence criterion (GCONV=lE-8) satisfied. 

Model Fit Statistics 

Without 

Criterion Covariates Covariates 

-2 LOG L 479557.53 477826.23 

AIC 479557.53 477838.23 

SBC 479557.53 477885.87 

With 

Test 

Testing Global Null Hypothesis: BETA=0 

Chi-Square DF Pr > ChiSq 

Likelihood Ratio 

Score 

Wald 

1731.3002 

1411.5263 

1293.8913 

6 

6 

6 

<.0001 

<.0001 

<.0001 

Analysis of Maximum Likelihood Estimates 

Parameter 

Actos 

Avand 

Ins 

Sul 

Age 

Gender 1 

DF 

1 

1 

1 

1 

1 

Parameter 

Estimate 

0.48636 

0.61563 

1.14158 

0.92150 

0.0009454 

-0.01003 

Standard 

Error 

0.06574 

0.07267 

0.03475 

0.03886 

0.0004443 

0.01392 

Chi-Square 

54.7288 

71.7712 

1079.3339 

562.3908 

4.5280 

0.5186 

Pr > ChiSq 

<.0001 

<.0001 

<0001 

<0001 

0.0333 

0.4714 

Hazard 

Ratio 

1.626 

1.851 

3.132 

2.513 

1.001 

0.990 

95% Ha; jard Ratio 

Confidence Limits 

1.430 

1.605 

2.926 

2.329 

1.000 

0.963 

1.850 

2.134 

3.352 

2.712 

1.002 

1.017 
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SAS output for acute myocardial infarction case using Cox model 

Cox model for Acute Myocardial Infarction Patients 

The PHREG Procedure 

Model Information 

Data Set 

Dependent Variable 

Censoring Variable 

Censoring Value(s) 

Ties Handling 

mber of Observations Read 

mber of Observation; > Used 

WORK.MICOP 

failtime 

MI 

0 

BRESLOW 

137047 

137047 

v lBTIMERE 

Convergence Status 

Convergence criterion (GCONV=lE-8) satisfied. 

Model Fit Statistics 

Without With 

Criterion Covariates Covariates 

-2 LOG L 

AIC 

SBC 

105299.27 

105299.27 

105299.27 

104841.62 

104853.62 

104892.15 

Testing Global Null Hypothesis: BETA=0 

Test 

Likelihood Ratio 

Score 

Wald 

Chi-Square 

457.6473 

363.3716 

324.2439 

DF 

6 

6 

6 

Pr > ChiSq 

<.0001 

<.0001 

<.0001 

Analysis of Maximum Likelihood Estimates 

Parameter 

Actos 

Avand 

Ins 

Sul 

Age 

Gender 

DF 

1 

1 

1 

1 

1 

1 

Parameter 

Estimate 

0.58887 

0.81778 

1.33905 

1.07332 

0.00110 

-0.05440 

Standard 

Error 

0.15085 

0.15859 

0.08303 

0.09115 

0.0009484 

0.02971 

Chi-Square 

15.2397 

26.5909 

260.0652 

138.6672 

1.3424 

3.3520 

Pr > ChiSq 

<.0001 

<0001 

<0001 

<.0001 

0.2466 

0.0671 

Hazard 

Ratio 

1.802 

2.265 

3.815 

2.925 

1.001 

0.947 

95% Hazard Ratio 

Confidence Limits 

1.341 

1.660 

3.242 

2.447 

0.999 

0.893 

2.422 

3.091 

4.490 

3.497 

1.003 

1.004 



4) R code and output for random effects Cox model 

R output for heart failure case using random effects Cox model 

Cox-Poisson program version 10.04 

Primary records used 136970 

Random Effects Model at One-level — Hospitals; Heart Fail with 4 drugs followup 2000-2009 

CoxPoiss estimation with: One-Level, Clusters Independent 

Total event count: 20710 

Model: survProps(endtime = failtime, event = hi) ~ actos + avand + ins + sul 

Call: 

CoxPoiss(model = MyModel, primary = datSrc, RandomEffects = reffs, 

strata = strata5, logFile = LogFileName, outheading = OutHead, 

maxiterations = 500, tolerance = le-08) 

Sample Size: 110251670 

Final Log-Likelihood: -194458.288 

actos 

avand 

ins 

sul 

Coefficient 

0.486817 

0.613514 

1.146330 

0.923710 

Std. Error 

0.0659716 

0.0729884 

0.0349894 

0.0389404 

t 

7.37919 

8.40564 

32.76221 

23.72110 

exp(Coef) 

1.62713 

1.84691 

3.14662 

2.51862 

Lower 95% 

1.42977 

1.60073 

2.93807 

2.33354 

Upper 9i 

1.85173 

2.13095 

3.36998 

2.71837 

Wald statistic for HO: { all coeffs = 0 } = 1279.4393 on 4 d.o.f. 

Random effects 

SigmaSq 

0.000601144 

Random effects: 

Index hospitals 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

dispersion parameters: 

U 

0.997335 

1.011779 

0.996628 

0.997631 

1.009098 

1.000492 

0.977437 

1.000331 

1.000988 

1.015405 

Variance 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 
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12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

28 

29 

30 

31 

32 

33 

34 

35 

36 

37 

38 

39 

40 

41 

42 

43 

44 

45 

46 

47 

48 

49 

50 

51 

52 

53 

54 

22 

23 

24 

25 

26 

27 

28 

29 

30 

32 

33 

34 

35 

36 

40 

41 

42 

43 

44 

45 

46 

47 

48 

49 

50 

53 

54 

65 

66 

67 

68 

70 

71 

72 

74 

78 

79 

80 

81 

84 

85 

86 

87 

88 

1.003605 

0.993985 

0.998710 

1.003987 

0.999439 

0.989948 

1.002557 

0.996844 

1.002868 

1.003930 

1.000640 

1.012426 

0.980177 

0.989996 

1.011858 

0.989352 

0.988724 

1.001985 

0.995871 

0.998653 

0.999654 

1.019324 

0.984770 

1.015322 

0.992414 

0.978907 

1.000047 

0.980669 

1.005639 

0.997394 

0.998677 

1.001775 

0.996788 

1.005938 

1.006656 

1.000075 

0.999932 

0.999197 

1.000862 

0.997264 

1.000072 

1.001269 

1.000247 

0.997395 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 



55 

56 

57 

58 

59 

60 

61 

62 

63 

64 

65 

66 

67 

68 

69 

70 

71 

72 

73 

74 

75 

76 

77 

78 

79 

80 

81 

82 

83 

84 

90 

91 

92 

93 

94 

95 

96 

97 

98 

99 

107 

109 

110 

111 

113 

114 

116 

117 

118 

119 

122 

123 

125 

126 

127 

128 

129 

131 

132 

134 

0.999967 

0.999099 

1.020509 

1.013294 

0.997444 

0.998103 

1.001918 

1.001393 

0.999219 

1.000648 

0.996702 

0.999900 

1.000037 

1.000851 

1.000264 

0.999162 

0.999978 

0.999608 

1.001906 

1.002318 

1.000329 

0.999885 

1.002640 

0.999742 

0.999291 

0.999119 

0.999728 

0.998510 

1.016019 

0.999453 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 

0.000601144 



R output for acute myocardial infarction case using random effects Cox model 

Cox-Poisson program version 10.04 

Primary records used 136970 

Random Effects Model at One-level - Hospitals; MI with 4 drugs followup 2000-2009 

CoxPoiss estimation with: One-Level, Clusters Independent 

Total event count: 4547 

Model: survProps(endtime = failtime, event = mi) ~ actos + avand + ins + sul 

Call: 

CoxPoiss(model = MyModel, primary = datSrc, RandomEffects = reffs, 

strata = strata5, logFile = LogFileName, outheading = OutHead, 

maxiterations = 500, tolerance = le-08) 

Sample Size: 24591755 

Final Log-Likelihood: -42645.613 

actos 

avand 

ins 

sul 

Coefficient 

0.589292 

0.817513 

1.337521 

1.071103 

Std. Error t 

0.1508591 3.90624 

0.1586027 5.15447 

0.0831216 16.09113 

0.0911791 11.74725 

exp(Coef) Lower 95% 

1.80271 

2.26486 

3.80959 

2.91860 

1.34127 

1.65973 

3.23687 

2.44097 

Upper 9: 

2.42291 

3.09061 

4.48364 

3.48968 

Wald statistic for HO: { all coeffs = 0 } = 318.76132 on 4 d.o.f. 

Random effects dispersion parameters: 

SigmaSq 

6.16701e-06 

Ran< lorn effects: 

Index hospitals 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

U 

0.999976 

0.999972 

1.000011 

1.000007 

0.999956 

1.000028 

1.000038 

1.000000 

1.000011 

1.000075 

0.999988 

Variance 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 



12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

28 

29 

30 

31 

32 

33 

34 

35 

36 

37 

38 

39 

40 

41 

42 

43 

44 

45 

46 

47 

48 

49 

50 

51 

52 

53 

54 

55 

23 

24 

25 

26 

27 

28 

29 

30 

32 

33 

34 

35 

36 

40 

41 

42 

43 

44 

45 

46 

47 

48 

49 

50 

53 

54 

65 

66 

67 

68 

70 

71 

72 

74 

78 

79 

80 

81 

84 

85 

86 

87 

88 

90 

0.999956 

1.000010 

0.999985 

0.999979 

0.999979 

0.999973 

0.999998 

1.000047 

1.000033 

0.999982 

0.999881 

1.000046 

1.000129 

1.000007 

0.999985 

0.999924 

1.000043 

0.999952 

1.000014 

1.000026 

1.000066 

0.999937 

1.000037 

0.999976 

0.999947 

1.000021 

1.000014 

1.000036 

1.000011 

0.999996 

0.999949 

1.000000 

1.000011 

1.000062 

0.999999 

1.000000 

0.999998 

0.999998 

1.000125 

0.999997 

0.999981 

0.999987 

0.999995 

1.000017 

6.16701 e-06 

6.16701 e-06 

6.16701 e-06 

6.16701 e-06 

6.16701 e-06 

6.16701e-06 

6.16701 e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701 e-06 

6.16701e-06 

6.16701e-06 

6.16701 e-06 

6.16701e-06 

6.16701e-06 

6.16701 e-06 

6.16701 e-06 

6.16701 e-06 

6.16701e-06 

6.16701 e-06 

6.16701e-06 

6.16701 e-06 

6.16701 e-06 

6.16701 e-06 

6.16701 e-06 

6.16701 e-06 

6.16701e-06 

6.16701 e-06 

6.16701e-06 

6.16701e-06 

6.16701 e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701e-06 

6.16701 e-06 

6.16701e-06 



56 

57 

58 

59 

60 

61 

62 

63 

64 

65 

66 

67 

68 

69 

70 

71 

72 

73 

74 

75 

76 

77 

78 

79 

80 

81 

82 

83 

84 

91 

92 

93 

94 

95 

96 

97 

98 

99 

107 

109 

110 

111 

113 

114 

116 

117 

118 

119 

122 

123 

125 

126 

127 

128 

129 

131 

132 

134 

0.999996 

1.000043 

0.999928 

0.999991 

0.999976 

0.999990 

0.999997 

0.999998 

0.999995 

1.000002 

1.000002 

1.000001 

0.999999 

0.999999 

0.999998 

0.999999 

0.999999 

0.999998 

1.000005 

0.999999 

1.000000 

1.000001 

1.000000 

0.999999 

0.999997 

1.000019 

0.999995 

0.999893 

1.000004 

6.16701e 

6.16701e 

6.16701e 

6.16701e 

6.16701e 

6.16701e 

6.16701e 

6.16701e 

6.16701e 

6.16701e 

6.16701e 

6.16701e 

6.16701e-

6.16701e 

6.16701e 

6.16701e 

6.16701e 

6.16701e 

6.16701e 

6.16701& 

6.16701e 

6.16701e 

6.16701c 

6.16701e 

6.16701e 

6.16701& 

6.16701& 

6.16701& 

6.16701e 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 

-06 


