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Background: Summary measures such as number of vaccine antigens, number of vaccines, and vaccine
aluminum exposure by the 2nd birth day are directly related to parents’ concerns that children receive
too many vaccines over a brief period. High correlation among summary measures could cause problems
in regression models that examine their associations with outcomes.

Objectives: To evaluate the performance of multiple regression models using summary measures as risk
factors to simulated binary outcomes.

Methods: We calculated summary measures for a cohort of 232,627 children born between 1/1/2003 and
9/31/2013. Correlation and variance inflation factors (VIFs) were calculated. We conducted simulations
(1) to examine the extent to which an association can be detected using a summary measure other than
the true risk factor; (2) to evaluate the performance of multiple regression models including true and
redundant risk factors; (3) to evaluate the performance of multiple regression models when all three
were risk factors; (4) to examine the performance of multiple regression models with incorrect relation-
ship between risk factors and outcome.

Results: These summary measures were highly correlated. VIFs were 7.14, 6.25 and 2.17 for number of
vaccine antigens, number of vaccines, and vaccine aluminum exposure, respectively. In simulations, an
association would be detected if a summary measure other than the true risk factor was used. The power
to detect the association between the true risk factor and outcome significantly decreased if redundant
risk factors were included. When all three were risk factors, multiple regression model was appropriate
to detect the stronger risk factor. Correctly specifying the relationship between risk factors and the out-
come was crucial.

Conclusions: Multiple regression models can be used to examine the association between summary mea-
sures and outcome despite of high correlation among summary measures. It is important to correctly
specify the relationship between risk factors and outcome.
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1. Introduction that children receive too many vaccines over a brief period. In

response to these concerns, the Institute of Medicine (IOM)

The current immunization schedule recommended by the U.S.
Advisory Committee for Immunization Practices (ACIP) [1] has
children receiving vaccines to protect against a total of 14 diseases
before the 2nd birthday. Although the public health benefit of
childhood immunization is evident, some parents have concerns
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recently issued a report on the safety of the current immunization
schedule and concluded that available scientific evidence sup-
ported the safety of the recommended schedule. However, the
IOM report also recommended further observational studies and
stated that research networks such as the Vaccine Safety Datalink
(VSD) were the best available resources for such research [2].
The VSD is a collaborative project between the Immunization
Safety Office of the Centers for Disease Control and Prevention
(CDC) and nine health maintenance organizations (HMOs) to
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conduct post-marketing surveillance of vaccine safety using elec-
tronic health record (EHR) data [3,4]. Vaccination data collected
through VSD allow researchers to characterize patterns of early
childhood vaccination in numerous ways [5-7]. Among them, sum-
mary measures such as cumulative exposure to vaccine doses, vac-
cine antigens, and aluminum in vaccines are directly related to
parents’ concerns that children receive too many vaccines over a
brief period of time. Safety studies that examine the association
between these measures and various outcome of interest to par-
ents can address parental concerns of vaccination schedule safety
[7]. For example, studies can examine whether the cumulative
number of vaccine antigens that a child received at certain age is
associated with experiencing an outcome of interest. However,
the high correlation among these summary measures could poten-
tially cause problems in regression models that include these sum-
mary measures, namely collinearity [8]. Consequently, if a
summary measure appears to be associated with the outcome of
interest, it may not be possible to detect which risk factors are true
or redundant in the multiple regression model and the resulting
coefficient estimates may not be valid [9,10]. In a multiple regres-
sion model, an independent variable (e.g., summary measure) that
is truly associated with an outcome of interest is called the true
risk factor while the other highly correlated independent variables
(other summary measures) are called redundant risk factors.

Thus, our objectives of this paper were, through simulation, (1)
to examine the extent to which an association can be detected
using a summary measure other than the true risk factor if the
association between the outcome and the true risk factor exists;
(2) to compare the performance of multiple logistic regression
models including true and redundant risk factors to regression
models with only the true risk factor using estimation bias and
empirical power; (3) to evaluate the performance of multiple logis-
tic regression models with all three measures when one is a strong
risk factor and the other two are weak risk factors; (4) to examine
the performance of multiple logistic regression models with all
three measures when the relationship of the true risk factor with
the outcome is not correctly specified.

2. Methods
2.1. Study population and covariates

A cohort of 232,627 children born between 1/1/2003 and
9/31/2013 with at least two years of continuous enrollment in
two HMO sites (Kaiser Permanente Colorado and Kaiser Perma-
nente Northern California) within the VSD project was assembled.
Using EHR data from both sites, we created an analytic dataset con-
taining covariates such as gender, premature status at birth,
chronic condition count index (CCCI), and well-care visit (WCV).
Premature status was defined as gestational age less than
37 weeks, supplemented with International Classification of Dis-
eases, 9th edition (ICD9) diagnosis code “765.xx” (excluding
765.29) and birth weights less than 2500 g. The Pediatric Medical
Complexity Algorithm (PMCA) [11] was used to identify the body
systems in which the child had a diagnosed chronic condition from
birth through the 2nd birthday, and this number was summed to
create CCCL. WCV was defined as the sum of well-care visits in
the first two years of life for each cohort member.

2.2. Three summary measures of pediatric vaccination for studying
immunization schedule safety

Records of vaccination between birth and the 2nd birthday for
each cohort member were obtained from EHR data including
vaccine type, and dates of administration. We considered the

following vaccines in this study: hepatitis B (HepB), diphtheria-
tetanus-acellular pertussis (DTaP), haemophilus influenzae type b
(Hib), pneumococcal, polio, rotavirus, measles-mumps-rubella
(MMR), varicella, seasonal influenza, 2009-2010 pandemic H1N1
influenza, hepatitis A, and any combination of the above vaccines.
Records of other immunizations were excluded from the calcula-
tion of summary measures. We used these vaccination records to
create the following three summary measures of early childhood
immunization schedule exposure by the 2nd birthday.

(1) Number of vaccines received by the 2nd birthday. This mea-
sure was quantified as the cumulative number of individual
vaccine doses that a child received by the 2nd birthday.
Combination vaccines (for example, DTaP-IPV-HepB) are
considered as one vaccine dose in this measure. Both oral
(for example, rotavirus) and injected vaccines were counted.

(2) Number of vaccine antigens received by the 2nd birthday.
Vaccine antigen exposure was quantified as the number of
immunogenic proteins and polysaccharides in each vaccine
as described in Glanz et al. [12]. We calculated number of
vaccine antigens contained in each vaccine dose that a child
received and summed these antigens across all vaccines
received by the 2nd birthday.

(3) Vaccine aluminum exposure (milligrams). Some vaccines
include aluminum as an adjuvant, whereas others do not.
This information is available on package inserts. The infor-
mation of aluminum content in early childhood vaccines
can be found in Table 2 in Glanz et al. [13]. We used the
maximum amount of aluminum per dose in milligrams
(mg) to calculate vaccine aluminum exposure before chil-
dren’s 2nd birthdays.

For those children with no vaccination records before the 2nd
birthday, we set the above three summary measures equal to zero.

2.3. Rescaling three summary measures, correlations and variance
inflation factors

These three original summary measures had different scales
with means (standard deviation) for number of vaccines, number
of vaccine antigens, and vaccine aluminum exposure of 18.63
(3.66), 245.01 (49.26), and 3.95 (0.66) for this study population,
respectively. Coefficients estimated from statistical models with
different summary measures as risk factors would not be directly
comparable, making it hard to achieve the objectives described
earlier. To create comparable estimated coefficients, we employed
the range value (i.e., the maximum minus the minimum) to rescale
the three summary measures using formulas (1):

original measure
range of original measure

Range — rescaled measure = (1)

We generated descriptive statistics and evaluated the correla-
tions among the three summary measures and rescaled summary
measures. We used range-rescaled measures for subsequent
analyses.

Inclusion of all three measures in a multiple regression model
may result in collinearity due to their high correlation. To measure
the impact of collinearity on parameter estimation, we regressed
each measure (response variable) against the other two in a linear
regression model to obtain R-squared (R?) - the percentage of the
response variable variation that is explained by a linear model. We
then calculated variance inflation factor (VIF) as follows [14]:

1

VIFw =12 (2)
X
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where VIFy, is the VIF for the X summary measure, R} is the R®
where the X summary measure is regressed on the other two mea-
sures. Note that these VIFs are specific to this study population
because these summary measures were not simulated; they were
derived from the study population described above.

Let B, denote the estimated coefficient for the association
between risk factor X (a summary measure) and a clinical outcome

(y), and 87} denote the standard error of By from a regression
X

model with y as the dependent variable and only X as the indepen-
dent variable. If the redundant factors are completely redundant,
inclusion of the other two redundant risk factors will not change

the point estimate By, but will have impact on the estimated

8‘; . Let c?*; represent the estimated standard error of EX from a
X X

regression model with the true and redundant risk factors,
theoretically

PN

0~ =/VIFx~ or /VIFx=— 3)
Bx Bx

Bx

Thus, the z-value, the ratio of a point estimate and its standard
error, decreases by /VIFy fold.

2.4. Simulation schemes

We used these range-rescaled summary measures to simulate
the true association between an immunization schedule exposure
summary measure and an outcome. First, we simulated the effect
of a range-rescaled measure (X) on an outcome (y). The outcome
occurred after the 2nd birthday. Model (4) was used to simulate
the outcome.

exp (ﬁo + CCCl + ﬁCCCI + gender * ﬁgender + premature * ﬁprema[ure +WCV * ﬁWCV + X ﬁX)

with gy = 0.2 and By = 0.3 for the strong risk factor and a coeffi-
cient of 0.1 for the other two weak risk factors. We analyzed the
data using a multiple logistic regression model (1) with each of
the three risk factors only and (2) with both the strong and weak
risk factors.

To examine the performance of the multiple logistic regression
model with all three measures when the relationship of the true
risk factor is not correctly specified, we assumed that only those
with a measure value greater than its 95th percentile had an ele-
vated risk of an adverse outcome, thus the relationship between
the true risk factor and the logit of the probability of an outcome
is nonlinear. In this dataset, the 95th percentiles for rescaled num-
ber of vaccine antigens, number of vaccines and vaccine aluminum
exposure were 0.71, 0.72, and 0.84, respectively. We simulated out-
come data with gy = 0.1, By = 0.2 and gy = 0.3 for the true risk fac-
tor with the true nonlinear relationship. We then analyzed the data
with three models: (1) with only the true risk factor and its correct
nonlinear relationship with the outcome; (2) with only the true
risk factor but an incorrect linear relationship; (3) with the true
risk factor and two redundant risk factors but all having an incor-
rect linear relationship with the outcome.

From 2000 replica, we reported the mean (standard error) esti-
mates of coefficients for the risk factors. Empirical power for
detecting the association between the outcome and risk factors
was calculated as the proportion of 2000 replica where a statistical
test correctly rejected a false null hypothesis when simulations
were performed under the true alternative. We also calculated

the average ratios of standard errors of ﬁx from the model with
three measures and from the model with only the true risk factor
and compared them to the square root of VIFs when one measure
had a true linear relationship with the outcome.

prob(y =1) =

Model (4) also included other covariates such as gender, prema-
ture status at birth, CCCI and WCV; the distribution of gender, pre-
mature status at birth, comorbidity and well-care visits were from
the StUdy population; :Bgenderv ﬂprsmaturev ﬁCCCIv and ﬁWCV are their
coefficients.

We chose ﬁgender = 02, ﬁprsmature = 04v ﬂCCCI = 02v andﬁWCV =0.2.
We also set f, =—5.0. For the main effect, we chose gy =0.1,
Bx = 0.2 and By = 0.3. For each scenario 2000 datasets with a dif-
ferent random seed were simulated.

To examine the extent to which an association can be detected
using a summary measure other than the true risk factor if the
association between the outcome and the true risk factor exists,
we analyzed the simulated datasets with three range-rescaled
summary measures separately.

To compare the performance of a multiple logistic regression
model including the true and redundant risk factors to the one
with only the true risk factor, we analyzed the simulated data (1)
with only the true risk factor and other covariates, and (2) with
three measures and other covariates in the model. To assess the
impact of redundant risk factors, we also examined how much By
must be increased to yield approximately 90% of empirical power
from a regression model with all summary measures.

To evaluate the performance of the multiple logistic regression
model with all three measures when one is a strong risk factor and
the other two are weak risk factors, we simulated outcome data

~ 1+exp(Bo + CCCl * By + gender  Bygnger + Premature x B omanre + W * By + X * Bx)

3. Results

Table 1 shows the descriptive statistics of the original and
rescaled summary measures. Number of vaccine antigens had the
largest mean and standard deviation (245.01 and 49.26) while vac-
cine aluminum exposure had the smallest mean and standard devi-
ation (3.95 and 0.66). By design, the range-rescaled measures had
the same range (0-1).

Number of vaccine antigens and number of vaccines had the high-
est correlation with a Pearson correlation coefficient equal to 0.92.
The correlations between vaccine aluminum exposure and the other
two measures were slightly lower, 0.73 and 0.69, respectively. All
Pearson correlation coefficients had a p-value less than 0.0001.
Note that the rescaling did not change the correlations among
the three measures due to a linear transformation of the variables.

The VIFs were 7.14, 6.25 and 2.17 when the range-scaled num-
ber of vaccine antigens, number of vaccines, and vaccine aluminum
exposure were each regressed against the other two measures,
respectively. If the value of VIF is greater than 5, then multi-
collinearity is considered high. The square roots of VIFs were
2.67, 2.50 and 1.47 and can be used to measure how much larger
the standard error of the coefficient for the true risk factor (6'\*;)()
was compared to the same measure in a model that did not include

highly correlated redundant risk factors [14]. These values were
later compared to ratios of standard errors from the model with
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Table 1
Descriptive statistics of original and rescaled summary measures.
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Original measures

Range-rescaled measures

Number of Number of Vaccine aluminum Number of Number of Vaccine aluminum
vaccine antigens vaccines exposure (mg) vaccine antigens vaccines exposure (mg)
Mean (std) 245.01 (49.26) 18.63 (3.66) 3.95 (0.66) 0.59 (0.12) 0.58 (0.11) 0.74 (0.12)
median 255.00 19.00 415 0.62 0.59 0.78
Min-max 0-414.00 0-32 0-5.35 0-1 0-1 0-1
Table 2

Impact of using summary measures other than the true risk factor on coefficient estimates and empirical power when the association between the outcome and the true risk

factor exists.

Truepy Evaluation Number of antigens as the true risk factor Number of vaccines as the true risk factor Vaccine aluminum exposure as the true risk
measures factor
Number of Number of Aluminum Number of Number of Aluminum Number of Number of Aluminum
antigens vaccines (mg) antigens vaccines (mg) antigens vaccines (mg)
0.100  Mean pBy(std) 0.103 0.099 0.069 0.090 0.105 0.063 0.074 0.074 0.102
(0.090) (0.093) (0.087) (0.090) (0.093) (0.087) (0.089) (0.092) (0.087)
Power (%) 22.0 17.9 13.0 17.0 18.9 11.0 12.8 11.5 223
0200  Mean fy(std) 0.202 0.192 0.135 0.176 0.203 0.122 0.143 0.141 0.201
(0.090) (0.092) (0.086) (0.089) (0.092) (0.086) (0.086) (0.089) (0.085)
Power (%) 64.8 56.9 36.8 53.7 60.9 30.0 39.4 35.8 67.1
0300  Mean fy(std) 0.302 0.286 0.201 0.262 0.303 0.181 0.212 0.208 0.301
(0.087) (0.089) (0.083) (0.087) (0.090) (0.083) (0.083) (0.086) (0.083)
Power (%) 94.4 91.0 69.1 87.6 93.1 60.0 73.6 69.3 96.2

three summary measures and the one with only the true risk factor
in the simulation study.

In the simulations, when number of vaccine antigens was truly
associated with the outcome (Table 2), as expected, the model with
number of vaccine antigens yielded unbiased estimates and can be
considered the gold standard. Using number of vaccines as the main
exposure slightly underestimated the association while using vac-
cine aluminum exposure significantly underestimated the associa-
tion. Consistently, the empirical power for detecting an
association between the measure and outcome only slightly
decreased if number of vaccines was used, while the empirical
power decreased at a greater rate if vaccine aluminum exposure
was used (Table 2). For example, when the coefficient for the asso-
ciation between number of vaccine antigens and the outcome was
0.20, the empirical power was 64.8% if number of vaccine antigens
was used in the model, 56.9% if number of vaccines was used in
the model, and 36.8% if vaccine aluminum exposure was used in
the model.

When number of vaccines was truly associated with the out-
come, we observed comparable results where the coefficient was
slightly underestimated and yielded slightly lower empirical
power when number of vaccine antigens was modeled. If vaccine
aluminum exposure was modeled, the coefficient was underesti-
mated, and the empirical power decreased significantly. When vac-
cine aluminum exposure was truly associated with the outcome,
either using number of vaccine antigens or using number of vaccines
underestimated the coefficient and yielded significantly low
empirical power.

The multiple logistic regression model with the true risk factor
and two redundant risk factors yielded a comparable point esti-
mate for the true risk factor but significantly larger standard error
(Table 3). For example, when the coefficient for the true association
between number of vaccine antigens and the outcome was 0.20, the
model with number of vaccine antigens only gave a point estimate
of 0.202 with a standard error of 0.090, while the multiple logistic
regression model with three measures yielded a comparable point
estimate (0.199) but a more than doubled standard error (0.218).

The same phenomena were observed across different true risk fac-
tors and different levels of association except that the impact was
less if the true risk factor was vaccine aluminum exposure due to its
relatively lower correlation with the other two summary mea-
sures. The average ratios of standard errors from the model with
all summary measures and the one with only the risk factors were
2.43, 2.30, and 1.35 for number of vaccine antigens, number of vacci-
nes, and vaccine aluminum exposure, respectively. They were only
slightly lower than the corresponding square roots of VIFs (i.e.,
2.67, 2.50 and 1.47).

Coefficient estimates for redundant risk factors in the multiple
logistic regression model with three measures were also provided
in Table 3. As expected, the point estimates for redundant risk fac-
tors were close to zero for all scenarios with very large standard
errors regardless of increasing association between the true risk
factor and the outcome. The results suggested that high correlation
among the three measures would not falsely detect the association
between redundant risk factors and the outcome in multiple logis-
tic regression models with three measures as covariates even when
the association between the true risk factor and the outcome was
strong.

Table 4 showed that empirical power for detecting the associa-
tion between the true risk factor and the outcome decreased signif-
icantly when redundant risk factors were included in the multiple
logistic regression model due to the overestimation of standard
deviation. For example, when the true coefficient was 0.2 for the
association between the number of vaccine antigens and the out-
come, the model with the true risk factor only had an empirical
power of 64.8%, but the empirical power dropped to 15.3% if the
other two redundant risk factors were also included in the multiple
logistic regression model. The coefficient for the true association
had to more than double to achieve about 90% empirical power if
the multiple logistic regression model included redundant risk fac-
tors when the true risk factor was either number of vaccines
(Bx = 0.63) or number of vaccine antigens (By = 0.65). Again, the
impact was less if the true risk factor was vaccine aluminum exposure
due to its relatively low correlation with the other two measures.
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Impact of including redundant risk factors on coefficient estimates (standard error) in simulations where only one of three summary measures (true risk factor) is associated with

the outcome.

True risk factor True coefficient for Estimated coefficients Ratio of
the true risk factor Model only with the Model with the true risk factor and two redundant risk factors Zﬁgs;rd
true risk factor
Number of Number of Number of Vaccine aluminum
vaccine antigens vaccine antigens vaccines exposure (mg)
Number of 0.1 0.103 (0.090) 0.095 (0.221) 0.010 (0.216) 0.000 (0.120) 245
vaccine antigens
0.2 0.202 (0.090) 0.199 (0.218) 0.004 (0.212) 0.000 (0.116) 242
03 0.302 (0.087) 0.298 (0.211) 0.005 (0.206) 0.000 (0.112) 243
0.65 0.650 (0.080) 0.644 (0.194) 0.008 (0.192) 0.003 (0.106) 243
Number of Number of Number of Vaccine aluminum
vaccines vaccines vaccine antigens exposure (mg)
Number of vaccines 0.1 0.105 (0.093) 0.108 (0.216) —0.004 (0.223) 0.001 (0.119) 2.32
0.2 0.203 (0.092) 0.203 (0.212) —0.001 (0.216) 0.001 (0.116) 2.30
0.3 0.303 (0.090) 0.305 (0.206) —0.003 (0.210) 0.001 (0.112) 2.29
0.63 0.631 (0.083) 0.637 (0.191) —0.008 (0.193) 0.002 (0.104) 2.30
Vaccine aluminum Vaccine aluminum Number of Number of
exposure (mg) exposure (mg) vaccine antigens vaccines
Vaccine aluminum 0.1 0.102 (0.087) 0.100 (0.119) —0.004 (0.221) 0.007 (0.216) 1.37
exposure (mg)
0.2 0.201 (0.085) 0.200 (0.115) —0.002 (0.213) 0.005 (0.210) 135
0.3 0.301 (0.083) 0.300 (0.111) —0.002 (0.206) 0.004 (0.203) 1.34
0.35 0.351 (0.082) 0.352 (0.109) —0.004 (0.201) 0.005 (0.200) 1.33

¥

" Ratio of standard errors: the ratio of the estimated standard error of ﬁx from a regression model with the true and the redundant risk factors (o s ) and the estimated
X

standard error of Bx from a regression model with only the true risk factors (&; ).
X

Table 4
Impact of including redundant risk factors on empirical power in simulations where
only one of three summary measures (true risk factor) is associated with the outcome.

True risk factor True coefficient Empirical power (%) for detecting the

for the true risk association between the outcome

factor (Bx) and the true risk factor
Model with ~ Model with the true
the true risk  risk factor and two
factor only redundant risk factors
Number of 0.1 22.0 6.1
vaccine antigens
0.2 64.8 15.3
0.3 94.4 29.8
0.65 100.0 90.7
Number of vaccines 0.1 189 7.2
0.2 60.9 16.1
0.3 93.1 31.7
0.63 100.0 90.8
Vaccine aluminum 0.1 223 143
exposure (mg)
0.2 67.1 40.5
0.3 96.2 77.7
0.35 99.7 89.6

In a vaccine safety study, it is also possible that all three sum-
mary measures have association with the outcome, for example,
one has a strong association and the other two have a weak asso-
ciation with the outcome. Results in Table 5 show that the coeffi-
cients increased slightly, and the empirical power also increased,
if only one risk factor was included in the model compared to
the multiple logistic regression model with all three risk factors.
In the multiple logistic regression model, if number of vaccines
was a weak risk factor, this measure was less likely to be detected
(lower empirical power) than the other weak risk factor in the mul-
tiple logistic regression model that included both strong and weak
risk factors. For example, when number of vaccine antigens was the
strong risk factor with a true coefficient of 0.2 and the other two
summary measures had a true coefficient of 0.1, the model with

number of vaccine antigens only with yielded a coefficient of 0.21
and an empirical power of 97.7%; the model with all three mea-
sures yielded a coefficient of 0.20 and an empirical power of
96.2% for number of vaccine antigens, a coefficient of 0.11 and an
empirical power of 10.8% for number of vaccines, and a coefficient
of 0.10 and an empirical power of 57.1% for vaccine aluminum
exposure.

The impact of specifying an incorrect linear relationship
between a true risk factor and the outcome when the true relation-
ship is nonlinear is presented in Table 6. Since the form of the rela-
tionships are different across simulations, the coefficients from the
models with the correct and incorrect specifications for the form of
the relationships are not comparable between models. The empir-
ical power for detecting the association between the true risk fac-
tor and the outcome significantly decreased in models specifying
an incorrect relationship. In multiple logistic regression models
with all three summary measures and specifying an incorrect lin-
ear relationship, not only the empirical power for detecting the
true risk factors decreased significantly, it was also possible to
detect the redundant risk factors as significant risk factors. In par-
ticular, vaccine aluminum exposure could be detected as a protec-
tive factor. For example, when the true risk factor was number of
vaccine antigens with a true coefficient of 0.3, there was a 38.9%
chance that vaccine aluminum exposure could be detected as a sig-
nificant protective factor in the multiple logistic regression model
with all three summary measures and all having incorrect relation-
ships specified with the outcome. In addition, the empirical power
to detect the true risk factor (number of vaccine antigens) was only
14.2%.

4. Discussion

Many factors can influence children’s receipt of vaccines (thus
the three summary measures) and outcomes. These factors
included, but not limited to, health insurance, family income, par-
ental care-seeking preferences, etc [7]. Directed acyclic graphs
(DAG) has been used for causal analyses and was recommended
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Performance of multiple logistic regression models in simulations with both strong and the weak risk factors

Strong risk factor True Estimated coefficients (standard deviation), empirical power (%)
coefficient Model with only one risk factor Model with the strong risk factor and two weak risk factors
Number of vaccine Number of Vaccine aluminum Number of vaccine Number of Vaccine aluminum
antigens vaccines exposure (mg) antigens vaccines exposure (mg)
Number of vaccine 0.2 0.21 (0.05), 97.7 0.12 (0.12),12.9 0.11 (0.05), 67.5 0.20 (0.05), 96.2 0.11 (0.12), 10.8  0.10 (0.05), 57.1
antigens
03 0.31 (0.05), 100 0.13 (0.12), 13.8  0.12 (0.05), 74.1 0.30 (0.05), 100 0.11 (0.12), 10.8  0.10 (0.05), 57.6
Number of vaccines ~ Number of vaccine aluminum Number of vaccines ~ Number of vaccine aluminum
vaccine antigens  exposure (mg) vaccine antigens  exposure (mg)
Number of vaccines 0.2 0.21 (0.12), 39.9 0.11 (0.05), 56.8 0.11 (0.05), 67.0 0.21 (0.12), 36.7 0.10 (0.05), 48.0 0.10 (0.05), 59.8
03 0.32 (0.12), 74.6 0.11 (0.05), 60.1  0.11 (0.05), 71.0 031 (0.12), 72.4 0.10 (0.05), 51.9  0.10 (0.04), 63.3
vaccine aluminum Number of Number of vaccines  vaccine aluminum Number of Number of vaccines
exposure (mg) vaccine antigens exposure (mg) vaccine antigens
vaccine aluminum 0.2 0.21 (0.05), 99.6 0.12 (0.05), 61.3  0.12 (0.12), 12.9 0.20 (0.05), 99.4 0.10 (0.05), 46.3  0.11 (0.12), 10.8
exposure (mg)
03 0.31 (0.04), 100 0.13 (0.05), 68.6  0.13 (0.12), 14.5 0.30 (0.04), 100 0.10 (0.05), 46.3  0.11 (0.12), 10.8

" True coefficient for the weak risk factors was 0.1.

Table 6

Impact of specifying an incorrect linear form of a relationship between summary measures of immunization schedule exposure and outcome on coefficient estimates (standard
error) and empirical power when only one of three summary measures is a true risk factor.

True risk factor True coefficient for the

Estimated coefficients, empirical power (%)

true risk factor

Model including only the true risk factor with
correct and incorrect relationships

Model with the true risk factor and two redundant risk factors all
with incorrect relationship with the outcome

Correct relationship’

Number of vaccine
antigens

Incorrect
relationship”®
Number of vaccine
antigens

Number of vaccine
antigens

Number of
vaccines

Vaccine aluminum
exposure (mg)

0.07 (0.09), 12.2

0.14 (0.09), 34.5
0.22 (0.10), 67.8

Number of vaccines

0.06 (0.23), 5.6

0.13 (0.23), 8.1
0.20 (0.23), 14.2

Number of vaccines

0.06 (0.22), 6.1
0.13 (0.22), 9.2
0.19 (0.22), 13.6

Number of vaccine
antigens

—0.06 (0.12), 8.6
~0.13(0.12), 18.5
~0.20 (0.12), 38.9

vaccine aluminum
exposure (mg)

0.12 (0.10), 24.2
0.25 (0.10), 75.3
0.39 (0.10), 97.2

vaccine aluminum
exposure (mg)

0.22 (0.22), 17.3
0.44 (0.22), 50.1
0.68 (0.22), 87.1

vaccine aluminum
exposure (mg)

—0.06 (0.23), 6.1
~0.11(0.22), 8.1
~0.16(0.22), 12.6

Number of vaccine
antigens

-0.07 (0.12), 9.1
~0.14 (0.12), 19.8
~0.21(0.12), 43.0

Number of vaccines

Number of vaccine 0.1 0.1 (0.04), 67.4
antigens
0.2 0.2 (0.04), 100
03 0.30 (0.04), 100
Number of vaccines
Number of vaccines 0.1 0.1 (0.03), 85.1
0.2 0.2 (0.03), 100
03 0.30 (0.03), 100
vaccine aluminum
exposure (mg)
Vaccine aluminum 0.1 0.10 (0.04), 64.0
exposure (mg)
0.2 0.20 (0.04), 99.8
03 0.30 (0.04), 100

0.05 (0.09), 9.2

0.11 (0.09), 24.4
0.17 (0.09), 49.7

0.08 (0.12), 9.7

0.16 (0.12), 25.1
0.25 (0.13), 53.4

~0.02 (0.23), 5.8

~0.03 (0.23), 5.8
~0.04 (0.23), 5.9

~0.01 (0.22), 5.2

-0.04 (0.22), 5.3
~0.07 (0.22), 5.8

" The relationship between the true risk factor and the logit of the probability of the outcome was nonlinear;
* The relationship between the true risk factor and the logit of the probability of the outcome was linear.

for examining the causal pathway in vaccine schedule safety anal-
yses. The current study addressed an important part of DAG anal-
yses: examine the association between outcome and vaccine
schedule after possible confounders were identified.

Studying the association between summary measures of pedi-
atric immunization, such as cumulative number of vaccine doses,
number of vaccine antigens and vaccine aluminum exposure, and
clinical outcome of interests is challenging because these measures
are highly correlated. The high correlation may make it difficult to
identify the true risk factor if there is an association with only one
of the three measures. Through simulation, we demonstrated that
the association could be underestimated if a false risk factor was
used as the sole risk factor, especially for number of vaccine antigens
and number of vaccines because they had higher correlation with
each other than with vaccine aluminum exposure. Thus, it is very
likely that an association will be detected if a summary measure
other than the true risk factor is used. We also demonstrated that

point estimates for a true risk factor were unbiased when the other
two measures (redundant risk factors) were included in multiple
logistic regression models. However, the standard error of the
point estimates of the true risk factor from multiple logistic regres-
sion models with the redundant risk factors increased dramatically
compared to the one from regression models with only the true
risk factor; consequently, empirical power decreased significantly,
which may lead to false negative findings. Researchers should con-
sider using the values of VIFs in sample size and power calculations
if they plan to include all three measures in regression models.
Methods for adjusting sample size and power calculation by a
VIF can be found elsewhere [15].

We also examined two more complex scenarios. First, when all
three risk factors were associated with the outcome (e.g., one
strong risk factor and two weak risk factors), the multiple logistic
regression model yielded unbiased coefficient estimates for all
three risk factors, but number of vaccines was less likely to be
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detected if it was one of the two weak risk factors. Second, speci-
fying incorrect relationships between risk factors and the outcome
not only decreased empirical power to detect true risk factors, but
also increased the chance to detect vaccine aluminum exposure as a
protective factor.

To examine the associations between these three summary
measures and outcomes of interest, we recommend starting with
three separate regression models (univariate analyses); each
regression will be fully adjusted for other potential confounders
to test the association of outcome with one of the three summary
measures. The form of the relationship between a risk factor and
outcome must be investigated thoroughly as our simulation results
showed that specifying an incorrect relationship decreased empir-
ical power to detect the true risk factor and raised the possibility of
detecting redundant risk factors. If the null hypothesis cannot be
rejected in any of the separate models, then conclusions can be
drawn as to the lack of an association between the vaccine expo-
sures (number of vaccines, number of vaccine antigens, and vaccine
aluminum exposure) and outcome of interest. However, if there is
evidence that one or more of the measures is associated with out-
come of interest, then multiple logistic regression models be fit
with the significant and marginally significant summary measures
identified in univariate analyses.

The methods we present here can complement existing epi-
demiologic and statistical methods for causal analysis. For exam-
ple, directed acyclic graphs (DAGs) should be used as a guide for
examining potential causal pathways between vaccine schedule
exposures and outcomes. In our modeling, we did consider other
potential confounders; however, for actual vaccine schedule safety
studies, a DAG may help elucidate other confounders that merit
consideration. In addition, principal components and factor analy-
ses are other methods that are often considered when dealing with
correlated data. However, those methods typically deal with higher
dimensional data and a larger number of correlated variables. For
vaccine schedule safety research, our methods may be preferable
since the number of summary measures is limited.

This study has limitations. First, the correlation among the three
measures may differ in a different cohort than the cohort from the
two HMOs. For a different cohort, the conclusion may differ slightly
depending on the correlation strength. Second, since our sample
size was fixed, the results may differ for different cohorts with dif-
ferent sample sizes, especially the statistical power. Third, we did
not review methods to correctly specify the relationship between
a risk factor and the outcome. Fourth, we did not consider unmea-
sured confounders in simulation. If a great proportion of the
dependent variable variance is not explained by the independent
variables, in general, the empirical power will decrease, and coeffi-
cient estimates may be biased. Fifth, we simulated a binary out-
come and did not consider the time between vaccination
summary measures (2nd birth day) and outcome. The time dis-
tance between vaccination measures and outcome is an important
factor for evaluating biological plausibility of vaccination effect on
outcomes of interest. The longer this time distance is, it may be less
plausible that the outcome of interest is due to vaccination effect.
In a real vaccine safety study, we recommend that vaccine safety
researcher consider strategies such as sensitivity analyses to
address the biological plausibility of vaccination effect on
outcomes.

We conclude that (1) three summary measures of pediatric
immunization - number of vaccines, number of vaccine antigens,
and vaccine aluminum exposure - are highly correlated; (2) a multi-
ple logistic regression model with the true risk factor and two
redundant risk factors significantly reduced the empirical power

for detecting the association between the true risk factor and the
outcome, and estimated VIFs can help researchers to estimate the
loss of statistical power and plan studies accordingly; (3) if one
measure has a strong and the other two have a weak association
with the outcome, a multiple logistic regression model with the
three summary measures will be appropriate for detecting the
strong risk factor; (4) correctly specifying the form of the relation-
ship between risk factors and the outcome is crucial.
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