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Introduction
Case and control studies are commonly used in epidemiologi-

cal research. When controls in a case-control study are not select-
ed randomly from the population at risk, the effect estimates are 
likely to be biased. One of the bias is generated by confounding. 
Confounding mixes effect of a confounder - an extraneous factor in 
the study with the effect on predictor (exposure) on outcome that 
distorts the association between them. The observed relationship 
between exposure and outcome can be distorted totally or in part 
by the effect of the confounder. The analyses that involve longitu-
dinal data generates biases due to data dependency and incom-
pleteness. It is often that the effect of repeated measurements is 
temporal or non-linear. Categorize the baseline measurements of-
ten provides valuable information, when we are interested in the 
baseline assessment of specimen for the earlier identification ef-
fort with repeated measurements. It is clearly that the category of 
the first specimen is the confounder of the values of specimen and 
bias occurs, if the specimen risk on disease is compared between 
cases and controls. 

In the literature, there are limited methods available to correct 
for the effects of biases on estimates of the exposure-disease rela-
tion. Recently, a simulation-based method of inference for para-
metric measurement error models in which the measurement 
error variance is known or at least well estimated was developed 
and studied [1-10]. The method entails adding additional mea-
surement error in known increments to the data, computing esti-
mates from the contaminated data, establishing a trend between  

 
these estimates and the variance of the added errors, and extrapo-
lating this trend back to the case of no measurement error. In this 
study, we introduce a bias adjusted model by simulation.

Methods
Generalized linear mode is commonly used, with a large range 

of probability distributions that includes the normal, binomial and 
Poisson distributions, see Equation 1.

( )  F β= +∈Y X   (1)

The logistic regression is a special case of generalized linear 
model, which is commonly used in the case-control study. As we 
discussed earlier, if confounder exists, the bias occurs. For the 
case-control study, our approach is to generate a set of simulated 
data with random assignment of cases and controls to perform the 
same analyses as that for the original data to estimate the bias. 
The general form of the model is

( ) ( )  F β γ δ σ= + + + +∈Y X Z  (2)

Where, X  is a factor matrix, which generate unbiased estima-
tions, Z is factor matrix, which includes all potential biased fac-
tors, γ is the unbiased effect of Z on Y,  δ are the expected bias 
vector of the parameter estimation related to Z,  σ  is the variance 
of the bias ,δ and ∈  is the random error. First, we use the simulat-
ed data to estimate the distribution of ,δ and then use the original 
data to evaluate other parameters. We may estimate all unknown 
parameters simultaneously.
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Application
Data for service members who received medical discharges 

with schizophrenia from 1992 to 2005 were obtained from the 
Physical Disability Agency (PDA) databases of the Army, Navy, Ma-
rines and Air Force. Those were cases. All control subjects were 
matched to their cases on sex (1:1 for male, 1:3 for female), race 
and age (within a year) and accession date (within a year). All se-
rum specimens were obtained for cases. At least one, and up to 

four, matched specimens on the collection date within 90 days 
were selected for each control subject following four criteria: 

1) The first available,

2) The most recent before diagnosis, 

3) A middle between the two, and 

4) The first available after the diagnosis. 

Table 1: Description of schizophrenia study cases vs. controls*.

Characteristic Level
Cases Controls

n % n %

Gender
Female 155 18.1 465 39.9

Male 700 81.9 700 60.1

Race

Black 310 36.3 462 39.7

White 471 55.1 619 53.1

Other 74 8.7 84 7.2

Age Categories

18-21 255 29.8 333 28.6

22-26 320 37.4 422 36.2

≥ 27 280 32.8 410 35.2

Time in Service**

≤ 1 171 20 166 14.2

> 1 to ≤ 3 306 35.8 419 36

> 3 to ≤ 5 133 15.6 200 17.2

> 5 to ≤ 10 146 17.1 234 20.1

> 10 99 11.6 146 12.5

Number of Serum 
Draws per Subject

1 22 2.6 106 9.1

2 252 29.5 414 35.5

3 225 26.3 327 28.1

4 174 20.4 318 27.3

≥ 5 182 21.3 0 0

Figure 1: The Distribution of log HR (bias) by time to diagnosis and initial casein antibody category: 0-50%.

The food borne antigen casein was used in this study. We 
tested a total of 6106 serum samples from 855 cases and 1165 
controls for schizophrenia. As shown in Table 1, the majority of 

cases were men, white, younger than 25 and had less than 3 years 
of service. Among the cases, fewer than 3% of patients had only 
one serum specimen available, about 30% had two and three, and 
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approximately 40% had four or more specimens, which were col-
lected up to 15 years before diagnosis as well as after diagnosis. 
Ninety-five percent of after-diagnosis specimens were collected 
within 1.8 years of the diagnosis. The association between agents 
and schizophrenia is examined, as well as the heterogeneity of the 
association by the agent baseline level and the time to diagnosis. 

Hence the matched individuals (cases and controls) are cate-
gorized into three groups by their 50th and 75th percentiles of the 
first specimen of cases and examine the associations within one 
year before diagnosis and beyond one year before diagnosis. The 
conditional logistic regression was used. The outcome is the case 
(schizophrenia) status; the independent factors are subject group 
(categorized by the 1st specimen), the specimen collect time to 
diagnosis (one year before diagnosis, within one year to diagno-

sis), the agent level, their interactions, and the service time. The 
matched demographic factors are used as strata to control the het-
erogeneity of the standard error.

To correct the biases, 500 simulation data from the original 
data sets with randomly assigning case/control status are gen-
erated. Then the category of the 1st specimen was redefined ac-
cording to the value of new data. Then simulation data is used to 
estimate the distribution of the modeling bias generated by con-
founding. Figure 1 shows the bias distribution of the scaled casein 
effect on those subjects with initial low level for different time pe-
riod. It can be seen that both bias are negative with HR less than 
one. The mean of the biases were around -1, the distribution of the 
bias seems more flat than normal. 

Figure 2: The Distribution of log HR (bias) by time to diagnosis and initial casein antibody category: 50-75% group.

Figure 3: The Distribution of log HR (bias) by time to diagnosis and initial casein antibody category: 75-100% group.
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Figure 2 and Figure 3 show the bias distributions of scale ca-
sein for those subjects with initial higher levels. It can be seen the 
average bias increases as the initial value increasing. For those 
subjects with initial values higher than 75th percentiles, the bias 

distributions for the two time period were also different. Hence it 
is clear that the category of the 1st specimen is a confounder, which 
dramatically drives the estimation away from neutral. The bias of 
log of HR is far greater than zero.

Figure 4: The Distribution of Bias of HR (bias) without confounding factor.

If excluding the confounder of the 1st specimen category from 
the modeling, the model includes the time period (after diagno-
sis, within one year before diagnosis, 1 to 2 years before diagno-
sis, beyond 2 years before diagnosis), specimen value, and the 
interaction, as well as other control factors. There is no obvious 
confounder in the modeling; Figure 4 shows the results the bias 
distribution from the same simulated data sets for the scale casein 
effect within one year to diagnosis and from 1-2 years before di-
agnosis. It can be seen that the distribution of HR are around 1.0. 

It means the bias of log of HR is near 0. Then we perform the 
adjusting conational logistic model by suing simulation to esti-
mate the bias δ  and its distribution to the original data. We com-
bine the two groups with higher initial values, both have positive 
confounding biases. Table 2 shows the parameter estimations of 
unadjusted parameter, the bias of the parameter and adjusted pa-
rameter as well as the related adjusted hazard ratios for one stan-
dard deviation of casein.

Table 2: The estimation from bias-adjusting model: time by 1st specimen category.

Temporal Relation of Serum 
Draw to Diagnosis in Years

Category Based on the 1st 
Serum Draw of Cases

Unadjusted 
Parameter

Bias from 
Simulation

Adjusted 
parameter

Adjusted Hazard Ratio

HR 95% CI

<1 year before diagnosis
0-50th -0.47 -0.45 -0.02 0.98 0.94 1.02

50th-100th 0.41 0.38 0.03 1.03 0.99 1.08

>1 year before diagnosis
0-50th -0.52 -0.45 -0.07 0.93 0.9 0.96

50th-100th 0.46 0.34 0.12 1.12 1.07 1.18

Table 3: The estimation from bias-adjusting model: agent effect by time.

Temporal Relation of Serum 
Draw to Diagnosis in Years

Unadjusted 
Parameter

Bias from 
Simulation

Adjusted 
parameter

Adjusted Hazard Ratio

HR 95% CI

≥2 0.072 -0.016 0.088 1.092 1.038 1.148

2-Jan 0.03 -0.002 0.032 1.032 0.967 1.102

0-1 0.007 0.009 -0.003 0.997 0.945 1.052

After Diagnosis 0.013 0 0.013 1.013 0.96 1.069

We can see that the category of the 1st specimen is still a con-
founder, which drives the estimation from neutral dramatically. 
However, after adjusting the bias, the associations between casein 
IgG antibody levels and the risk of schizophrenia exists for those 
who had higher initial level. The effect is also slightly different by 

the different time periods to diagnosis. For those, who had higher 
initial value, if their casein level increasing on standard deviation 
at one year pre-diagnosis, the risk to be schizophrenia increases 
about 12 percent (HR=1.12; 95% CI 1.07, 1.18). If we excluded the 
confounder of the 1st specimen category from the modeling, the 
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model includes the time period (after diagnosis, within one year 
before diagnosis, 1 to 2 years before diagnosis, beyond 2 years be-
fore diagnosis), specimen value, and their interaction, as well as 
other control factors. There is no obvious confounder in the mod-
eling; Table 3 shows the results from both unadjusted and adjust-
ed models.

Discussion
The proposed approach in this study shows that the confound-

ing bias could be adjusted by simulation. Confounding is a mixed 
effect of an extra factor that of interest predictor on outcome. It 
distorts the association between predictor and outcome. The ob-
served relationship between the predictor and outcome can be 
attributed totally or in part to the effect of the confounder. Due to 
confounding, the model may overestimate or underestimate the 
true association between predictor and outcome; it could change 
the direction of the observed effect. 

The proposed approach in this study can eliminated bias from 
confounding, if we know the confounder. However, before going 
to the adjusting model, it is very important to understand the 
data structure and the model design. The confounder should be 
correlated with both predictor and outcome. There are issues for 
the proposed approaches in this study should be further studied 
such as the bias distribution effect on the adjusting methods, the 
efficiency of the estimation methods, the number of simulations 
needed, the relation between the size of original data effect, etc. 

This paper mainly discusses the case-control studies, but it could 
be extended for other types of studies.
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