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Comparing statistical methods for removing
seasonal variation from vitamin D measurements
in case-control studies
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Vitamin D deficiency has been shown to be associated
with multiple clinical outcomes, including osteoporosis, mul-
tiple sclerosis and colorectal cancer. In studies of vitamin D
effect on disease outcome, vitamin D status is usually mea-
sured by a serum biomarker, namely 25-hydroxy vitamin
D [25(OH)D]. Since the circulating 25(OH)D concentration
varies from season to season and not all blood samples are
collected at the same time, the disease-vitamin D relation-
ship can be obscured if the seasonal variation is not adjusted
properly. In the literature, a two-step procedure is usually
adopted, with the vitamin D level adjusted for the seasonal
variation being obtained in the first step, and the effect of
vitamin D being assessed based on the adjusted vitamin D
level at the second step. This two-step method can generate
misleading results as the estimation variance arising from
the first step is not taken into account in the second step
analysis. We consider three alternative procedures that unify
the two steps into a single model. We conduct an exten-
sive simulation study to evaluate the performance of these
methods and demonstrate their applications in a study of
25(OH)D effect on prostate cancer risk.

AMS 2000 subject classifications: Primary 62P10,
62F03; secondary 92D30.
Keywords and phrases: 25-hydroxy vitamin D, Partial
linear model, Locally weighted polynomial regression, Pe-
nalized regression splines, Prostate cancer, Seasonal pattern,
Sine curve.

1. INTRODUCTION

Low levels of vitamin D have been associated with multi-
ple clinical outcomes, including osteoporosis, multiple scle-
rosis, and assorted malignancies, such as colorectal cancer
[12]. Among various vitamin D metabolites, 25-hydroxy vi-
tamin D (25(OH)D) [10] is a major circulating form and is
commonly considered to be the best indicator of vitamin
D status, reflecting vitamin D intake and sunlight exposure,
two major sources of vitamin D. A major challenge in study-
ing the relationship between 25(OH)D levels and disease is
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how to quantify vitamin D levels appropriately in the hu-
man body because the circulating 25(OH)D level varies over
the year; it tends to be higher in summer than in winter, due
to the difference in sun exposure and sun intensity. Because
the vitamin D level for each subject is usually measured only
at one specific time point, it is important to adjust for the
seasonal fluctuation in the measurement of the vitamin D
level; otherwise, it would be difficult to assess the impact of
vitamin D status on the disease risk. In fact, we will show
that the seasonal variation can diminish the power to de-
tect a vitamin D effect if it is ignored, even when the cases
and the controls are well matched in their blood collection
time.

In practice, a two-step method is commonly adopted
for the adjustment of seasonal variation in a case-control
study of disease-vitamin D association. In the first step,
the seasonal pattern (i.e., the expected vitamin D level for
the study population at observed time points) is estimated
based on control samples. Then the disease-vitamin D rela-
tionship is assessed based on the residual vitamin D level,
which is the difference between the original measure and the
expected one at the blood collection time. Because of the
periodic nature of the seasonal variation pattern, the ordi-
nary linear model that treats the time of blood collection
as a linear predictor is not suitable for modeling it. Instead,
locally weighted polynomial regression, a semiparametric re-
gression, has been used in the first step for the estimation of
a seasonal pattern [3]. However, the variance of the seasonal
pattern estimated in the first stage is not taken into account
in the second stage and could result in inflated type I error
in detecting the disease-vitamin D association.

In this paper, we propose a one-stage approach to model
the relationship between the disease and vitamin D level
with a seasonal pattern being taken into account. To model
the seasonal pattern function, we consider a parametric
method and two semi-parametric methods. After making an
appropriate transformation of the time of blood collection, it
is possible to use ordinary linear regression to model the sea-
sonal pattern as a linear function of the transformed blood
collection time. Motivated by this observation, we consider a
sine curve method in the context of a linear regression model
for the adjustment of the seasonal variation in the study of
vitamin D effect. The sine curve method models the sea-
sonal pattern as a sine function of the blood collection time
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with only three parameters: angular frequency, amplitude,
and phase. As suggested by [11], the sine curve can fit the
seasonal variation pattern in 25(OH)D quite well. We also
consider two semiparametric methods to model the variation
pattern, namely the locally weighted polynomial regression
and the penalized regression splines. We evaluate the rela-
tive performance of these methods under various scenarios
and provide some guidance for future applications.

2. METHOD

2.1 Notation

Consider a case-control study with n1 case patients and
n0 control subjects; the total number of sampled individuals
is n = n1 + n0. Without loss of generality, we assume indi-
viduals 1, . . . , n1 are cases and individuals n1 + 1, . . . , n are
controls. Suppose the ith individual’s blood is collected at
time ti, with the measured vitamin D level being x∗

i . Here
x∗

i can be thought as a surrogate measure for the underlying
vitamin D exposure level xi, which is seasonally independent
but not observable. We assume the following model

(1) x∗
i = xi + τ(ti) + γ′ui + ei, i = 1, . . . , n,

where τ(·) is the unknown seasonal pattern function, ui is
a covariate vector accounting for other factors influencing
vitamin D level (race, geographic latitude, and so on) and γ
is the corresponding regression coefficient vector, and ei is a
random error term. Throughout this paper, we assume that
{x1, . . . , xn1} are independent and identically distributed
(i.i.d.) with mean μ1 and variance σ2, that {xn1 +1, . . . , xn}
are i.i.d. with mean μ0 and variance σ2, that e1, . . . , en are
i.i.d. random variables with expectation 0 and finite vari-
ance, and that the vectors (xi, ti, ui, ei), i = 1, . . . , n, are in-
dependent. Notice that we neither assume the distributions
of (ti, ui) are the same for cases and controls nor assume
any parametric form of the distribution of (xi, ti, ui, ei),
which makes the methods considered later (SINE, LOESS,
and PRS) applicable to a broad range of situations in prac-
tice.

In this paper, we are interested in detecting the difference
in underlying vitamin D levels μ = μ1−μ0 between cases and
controls; the corresponding null hypothesis is H0 : μ = 0. In
this section, we do not consider disease-related risk factors
other than vitamin D. Notice that the disease-related risk
factors could be different from vitamin D-related factors. In-
stead, we will consider a more complicated model involving
other disease risk factors in the Discussion section.

2.2 Näıve method

A näıve method ignores the seasonal pattern. The mean
difference is simply estimated by x̄∗

1 − x̄∗
0, and the standard

error of x̄∗
1 − x̄∗

0 is estimated by s10

√
1/n1 + 1/n0, where

s10 = {(n1−1)s2
1+(n0−1)s2

0}/(n1+n0−2) is the estimated

common variance, x̄∗
1 and s2

1 are the sample mean and sam-
ple variance of x1, . . . , xn1 , respectively, and x̄∗

0 and s2
0 are

the sample mean and sample variance of xn1+1, . . . , xn, re-
spectively. The two-sample t-test statistic for detecting the
mean difference is (x̄∗

1−x̄∗
0)/(s10

√
1/n1 + 1/n0). We refer to

this method as NAÏVE hereafter. In the following we derive
the bias of the estimator x̄∗

1 − x̄∗
0 and the power function for

NAÏVE.
First, we assume that (ti, ui, ei), i = 1, . . . , n, are i.i.d.,

and that x1, . . . , xn1 are i.i.d., and xn1+1, . . . , xn are i.i.d.
These assumptions together with model (1) imply that the
expectation of x̄∗

1 − x̄∗
0 is the same as that of x̄1 − x̄0, the

sample mean difference of underlying vitamin D levels. That
is, NAÏVE does not produce bias in this situation. Let σ2

e

denote the variance of τ(ti)+γ′ui+ei. With the assumption
of independence between xi and (ti, ui, ei), the variance of
x̄∗

1−x̄∗
0 is equal to (σ2+σ2

e)(1/n1+1/n0), which is larger than
σ2(1/n1 +1/n0), the variance of x̄1− x̄0. Therefore, the one-
sided tests (for the alternative hypothesis H1 : μ < 0) based
on underlying and measured vitamin D levels have asymp-
totic power functions Φ(zα + μ/

√
σ2(1/n1 + 1/n0)) and

Φ(zα +μ/
√

(σ2 + σ2
e)(1/n1 + 1/n0)), respectively, where zα

is the upper α-quantile of the standard normal distribution,
and the power reduction depends on σ2

e/σ2, α, μ/σ, n1 and
n0. In particular, the power loss is increasing in σ2

e/σ2.
When (ti, ui, ei), i = 1, . . . , n, are not i.i.d., the expecta-

tion of x̄∗
1 − x̄∗

0 could be different from that of x̄1 − x̄0, and
the corresponding test could result in substantially inflated
type I error, as will be shown in our simulation study.

2.3 Proposed model

Under the assumptions given in Subsection 2.2, the ran-
dom variables {ε1 = x1 − μ1 + e1, . . . , εn1 = xn1 − μ1 +
en1 , εn1+1 = xn1+1 − μ0 + en1+1, . . . , εn = xn − μ0 + en} are
i.i.d. with expectation 0, we can rewrite x∗

i in the following
form:

(2) x∗
i = μ0 + μdi + γ′ui + τ(ti) + εi, i = 1, . . . , n.

The right-hand side of the above model includes three terms:
linear term μ0 + μdi + γ′ui, nonparametric term τ(ti), and
error term εi. In the subsequent two subsections, we consider
three methods with various modeling of the seasonal pattern
function τ(ti).

2.4 Sine curve method

Let I denote the period of the vitamin D variation pat-
tern, for example, I = 365 in days, 52 in weeks, and 12
in months, respectively. We assume a sine curve τ(t) =
β sin(ρt + θ), where ρ = 2π/I, β, and θ are the angular
frequency, amplitude, and phase of the sine curve. It is clear
that τ(t) is linear in sin(ρt) and cos(ρt):

(3) τ(t) = β1 sin(ρt) + β2 cos(ρt),
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where β1 = β cos(θ) and β2 = β sin(θ). This model has been
applied by [2] to determine the effects of the seasonal varia-
tion of 25(OH)D on a previously selected minimum concen-
tration for vitamin D sufficiency (50 nmol/L) and to evalu-
ate whether fat mass modifies these effects.

From (2) and (3), we have the following linear model:

x∗
i = μ0 + μdi + γ′ui + β1 sin(ρti)(4)

+ β2 cos(ρti) + εi, i = 1, . . . , n.

We can estimate the unknown parameters (μ0, μ, γ, β1, β2)
using the ordinary least squares principle. The null hypoth-
esis H0 : μ = 0 can be tested using the conventional Wald
test. Hereafter, we refer to this method as SINE.

2.5 Semiparametric methods

Instead of modeling the seasonal pattern function τ(·)
in a parametric form, one can also fit τ(·) by more flexible
methods such as the locally weighted polynomial regression
(LOESS) and penalized regression splines (PRS). The gen-
eralized additive model [9] given in (2) can then be fit by
the backfitting algorithm described in [4].

LOESS was originally proposed by Cleveland [5] and fur-
ther developed by Cleveland and Devlin [6]. The basic idea
of LOESS is to fit a low-degree polynomial at each point
using a subset of the data, using a weighted least squares
method. The biggest advantage of LOESS is that it does
not require the specification of a functional form of the re-
gression model. With PRS, the problem is turned into a
penalized generalized linear model fitting problem. Instead
of fitting a low-degree polynomial at each time point, as in
LOESS, one constructs a penalized regression spline [14] be-
tween any two adjacent knots, with the knots being placed
evenly throughout the covariate values. For details of appli-
cation of these two semiparametric methods to fitting gen-
eralized additive model, refer to [7] and [8], respectively.

The function “gam” in the R package “gam” [13] imple-
ments both LOESS and PRS, and it can be used to obtain
the unknown parameter estimates and their standard errors.
Again, the null hypothesis can be tested using the Wald test.
Because our interest is μ and the seasonal pattern function
is nuisance, we expect that the estimation/test is robust to
the choice of the parameter setting for LOESS and PRS.
Actually, our preliminary simulation results show that the
argument options for “gam” do not produce substantial dif-
ferences in the estimation/test results for μ, so we will adopt
default arguments when applying “gam”. The major default
settings are: all tuning parameters including the degree of
freedom of polynomial in LOESS are determined by general-
ized cross validation, and the base for PRS is cubic smooth
spline.

3. SIMULATION STUDY

To compare the performance of the aforementioned es-
timation/test methods, we conducted a simulation study.

Figure 1. Seasonal pattern functions used in simulations.

In the simulations, the underlying vitamin D level x was
assumed to follow the standard normal in the general pop-
ulation, and the measured vitamin D level was assumed to
be

(5) x∗ = x + u + τ(t) + e,

where u was a Bernoulli random variate with successful
probability 0.5 and the random error e was standard nor-
mally distributed. For simplification of the notation, the
blood collection times (radians) for both cases and controls
were assumed to be distributed uniformly in the time inter-
val [−π, π), though the interval can be of any form, such as
[0, 52) for weekly measurements. For the seasonal pattern
function τ(·), we considered three symmetric functions as
displayed in Figure 1. The first is a sine function, the second
is a quadratic function, and the third is a trapezoid-shaped
function. To relate the underlying vitamin D level with the
disease status, we assumed a logistic regression model:

(6) logit{P (d = 1|x)} = −4 + βx,

where logit(t) = log{t/(1 − t)} and d is the disease status,
taking a value of 1 if affected and 0 otherwise.

We considered the null hypothesis with β = 0 and alter-
native hypotheses under which the two-sample t-test based
on the underlying vitamin D levels x has its powers around
0.8. For each combination of parameter β and seasonal pat-
tern function τ(·), we generated a population of size 10 mil-
lion, from which we independently drew 100,000 samples,
with each sample consisting of n1 cases and n0 controls. We
considered n1 = n0 = 50, 100, 200, or 500. To estimate/test
μ in model (2), we applied NAÏVE, LOESS, PRS, and SINE
to these 100,000 samples and calculated the bias of the re-
sulting estimates (Bias), the standard error of the estimates
(SE), the mean estimated standard errors (SEE), the 95%
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Table 1. Simulation results for sample size 50

Seasonal Null hypothesis Alternative hypothesis

pattern Method Size1 Bias2 SE3 SEE4 CP5 Power6 Bias2 SE3 SEE4 CP5

Sine TRUE 0.050 0.000 0.200 0.199 0.947 0.792 0.000 0.198 0.199 0.947

NAÏVE 0.050 0.001 0.316 0.315 0.947 0.414 −0.001 0.313 0.315 0.948
LOESS 0.053 0.000 0.289 0.285 0.944 0.490 0.001 0.286 0.284 0.945
PRS 0.053 0.000 0.289 0.284 0.944 0.492 0.001 0.287 0.284 0.944
SINE 0.050 0.000 0.287 0.286 0.947 0.486 0.001 0.284 0.286 0.949

Quadratic TRUE 0.051 0.001 0.201 0.199 0.946 0.786 0.001 0.199 0.199 0.948

NAÏVE 0.050 0.003 0.420 0.419 0.947 0.260 0.000 0.421 0.418 0.946
LOESS 0.051 −0.001 0.288 0.284 0.946 0.492 0.000 0.29 0.283 0.942
PRS 0.052 0.000 0.288 0.283 0.945 0.493 0.000 0.291 0.283 0.941
SINE 0.050 0.002 0.347 0.347 0.948 0.354 0.002 0.351 0.346 0.945

Trapezoid TRUE 0.050 −0.001 0.199 0.199 0.948 0.787 −0.002 0.199 0.198 0.946

NAÏVE 0.048 −0.002 0.325 0.326 0.949 0.393 −0.001 0.324 0.325 0.949
LOESS 0.053 0.000 0.290 0.286 0.944 0.486 −0.002 0.289 0.285 0.943
PRS 0.054 0.000 0.290 0.285 0.943 0.488 −0.002 0.29 0.284 0.942
SINE 0.050 0.000 0.288 0.287 0.947 0.483 −0.002 0.287 0.287 0.946

1The type I error rate under the null hypothesis; 2The mean of the estimated difference minus the true difference; 3The standard
deviation of the estimate; 4The mean estimated standard deviation of the estimate; 5The empirical coverage probability; 6The power
under the alternative hypothesis.

Table 2. Simulation results for sample size 100

Seasonal Null hypothesis Alternative hypothesis

pattern Method Size1 Bias2 SE3 SEE4 CP5 Power6 Bias2 SE3 SEE4 CP5

Sine TRUE 0.050 0.000 0.142 0.141 0.949 0.796 −0.002 0.142 0.141 0.947

NAÏVE 0.050 −0.001 0.224 0.223 0.949 0.423 −0.002 0.225 0.223 0.947
LOESS 0.053 0.000 0.203 0.201 0.945 0.507 −0.002 0.203 0.201 0.947
PRS 0.054 −0.001 0.203 0.201 0.945 0.510 −0.002 0.203 0.201 0.947
SINE 0.051 −0.001 0.203 0.201 0.947 0.506 −0.002 0.202 0.201 0.948

Quadratic TRUE 0.050 0.000 0.141 0.141 0.949 0.789 0.001 0.142 0.141 0.948

NAÏVE 0.050 0.000 0.296 0.297 0.949 0.263 0.000 0.299 0.297 0.948
LOESS 0.052 0.000 0.203 0.201 0.947 0.494 0.001 0.201 0.201 0.948
PRS 0.052 0.000 0.203 0.200 0.946 0.494 0.001 0.201 0.200 0.948
SINE 0.050 0.000 0.244 0.244 0.949 0.363 0.000 0.244 0.244 0.949

Trapezoid TRUE 0.050 0.000 0.141 0.141 0.949 0.789 0.001 0.140 0.141 0.950

NAÏVE 0.050 −0.002 0.231 0.231 0.948 0.394 0.000 0.229 0.230 0.950
LOESS 0.051 −0.001 0.203 0.202 0.948 0.489 0.000 0.201 0.202 0.947
PRS 0.051 −0.001 0.202 0.201 0.948 0.491 0.000 0.201 0.201 0.947
SINE 0.049 −0.001 0.201 0.202 0.95 0.488 0.001 0.20 0.202 0.949

1The type I error rate under the null hypothesis; 2The mean of the estimated difference minus the true difference; 3The standard
deviation of the estimate; 4The mean estimated standard deviation of the estimate; 5The empirical coverage probability; 6The power
under the alternative hypothesis.

coverage probability (CP), and the type I error rate (Size)
or power (Power) at a 0.05 nominal level. For comparison
purposes, we also applied the conventional two-sample t-
test and corresponding estimation method to the underly-
ing vitamin D levels. We will refer to this method as TRUE
hereafter, which has a power close to 0.8 under the alter-
native hypothesis. The simulation results for sample sizes
n1 = n0 = 50, 100, 200, and 500 are reported in Tables 1-4,
respectively.

The third column of Tables 1-4 contains the results un-
der the null hypothesis (H0 : μ = 0). All the methods have

very minor biases in the mean difference estimates, which
vary from −0.003 to 0.002. Overall, SINE has virtually un-
biased estimates of standard errors (SEE is very close to
SE) and good control of coverage probabilities and type I
error rates. When the sample size is small, LOESS and PRS
have slightly conservative standard deviation estimates, and
this results in slightly anti-conservative coverage probabili-
ties and inflated type I error rates. For example, with sample
sizes n1 = n0 = 50 and a trapezoidal seasonal pattern func-
tion, the type I error rate of LOESS and PRS are 0.053 and
0.054. As the sample size increases, the anti-conservativeness
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Table 3. Simulation results for sample size 200

Seasonal Null hypothesis Alternative hypothesis

pattern Method Size1 Bias2 SE3 SEE4 CP5 Power6 Bias2 SE3 SEE4 CP5

Sine TRUE 0.049 0.000 0.100 0.100 0.950 0.799 0.000 0.100 0.100 0.950

NAÏVE 0.050 0.000 0.158 0.158 0.950 0.424 −0.001 0.157 0.158 0.951
LOESS 0.049 0.000 0.142 0.142 0.950 0.506 −0.001 0.142 0.142 0.947
PRS 0.050 0.000 0.142 0.142 0.950 0.508 −0.001 0.142 0.142 0.947
SINE 0.049 0.000 0.142 0.142 0.950 0.506 −0.001 0.142 0.142 0.949

Quadratic TRUE 0.051 0.001 0.100 0.100 0.949 0.789 −0.001 0.100 0.100 0.950

NAÏVE 0.050 0.002 0.210 0.21 0.949 0.26 0.000 0.212 0.21 0.946
LOESS 0.049 0.002 0.142 0.142 0.950 0.495 0.000 0.141 0.141 0.948
PRS 0.049 0.002 0.142 0.142 0.950 0.495 0.000 0.142 0.141 0.948
SINE 0.049 0.002 0.171 0.172 0.950 0.358 −0.001 0.172 0.172 0.947

Trapezoid TRUE 0.049 0.000 0.099 0.100 0.950 0.809 0.000 0.100 0.100 0.950

NAÏVE 0.049 0.000 0.163 0.163 0.950 0.411 −0.001 0.163 0.163 0.950
LOESS 0.050 0.000 0.142 0.143 0.949 0.511 0.000 0.142 0.143 0.949
PRS 0.050 0.000 0.142 0.142 0.949 0.514 0.000 0.142 0.142 0.949
SINE 0.049 0.000 0.142 0.142 0.950 0.514 0.000 0.142 0.142 0.950

1The type I error rate under the null hypothesis; 2The mean of the estimated difference minus the true difference; 3The standard
deviation of the estimate; 4The mean estimated standard deviation of the estimate; 5The empirical coverage probability; 6The power
under the alternative hypothesis.

Table 4. Simulation results for sample size 500

Seasonal Null hypothesis Alternative hypothesis

pattern Method Size1 Bias2 SE3 SEE4 CP5 Power6 Bias2 SE3 SEE4 CP5

Sine TRUE 0.049 −0.001 0.063 0.063 0.95 0.806 0.000 0.063 0.063 0.950

NAÏVE 0.050 −0.001 0.100 0.100 0.950 0.436 −0.001 0.099 0.100 0.951
LOESS 0.049 −0.001 0.089 0.090 0.951 0.514 −0.001 0.089 0.09 0.951
PRS 0.049 −0.001 0.089 0.090 0.951 0.516 −0.001 0.089 0.09 0.951
SINE 0.049 −0.001 0.089 0.090 0.951 0.516 −0.001 0.089 0.09 0.950

Quadratic TRUE 0.049 0.000 0.063 0.063 0.951 0.808 0.000 0.063 0.063 0.952

NAÏVE 0.050 0.000 0.133 0.133 0.950 0.270 0.000 0.133 0.133 0.952
LOESS 0.051 0.000 0.090 0.089 0.949 0.516 0.000 0.089 0.089 0.952
PRS 0.051 0.000 0.090 0.089 0.949 0.516 0.000 0.089 0.089 0.952
SINE 0.051 0.000 0.109 0.108 0.949 0.377 0.000 0.108 0.108 0.951

Trapezoid TRUE 0.049 −0.001 0.063 0.063 0.951 0.795 0.000 0.063 0.063 0.950

NAÏVE 0.049 0.000 0.103 0.103 0.950 0.403 −0.001 0.103 0.103 0.950
LOESS 0.050 −0.001 0.090 0.090 0.950 0.501 0.000 0.091 0.09 0.949
PRS 0.050 −0.001 0.090 0.090 0.950 0.503 0.000 0.090 0.09 0.949
SINE 0.050 0.000 0.090 0.090 0.950 0.505 0.000 0.090 0.09 0.949

1The type I error rate under the null hypothesis; 2The mean of the estimated difference minus the true difference; 3The standard
deviation of the estimate; 4The mean estimated standard deviation of the estimate; 5The empirical coverage probability; 6The power
under the alternative hypothesis.

of LOESS and PRS become minor. For example, when the
sample size is 500, the type I error rates of LOESS and PRS
are controlled between 0.049 and 0.051.

The forth column of Tables 1-4 contains the results under
the alternative hypothesis. Among all tests, NAÏVE is uni-
formly least powerful. When the seasonal pattern function
is sine or trapezoid, LOESS, PRS, and SINE have compara-
ble powers. When the seasonal pattern function is quadratic
which is quite different from the sine function, SINE is less
powerful than LOESS and PRS.

An important finding is that SINE is very robust to the

misspecification of the seasonal pattern function. That is,
when the underlying seasonal pattern function is quadratic
or trapezoid but it is misspecified as sine, SINE main-
tains good control of coverage probabilities and type I error
rates.

The above simulations assumed symmetric seasonal pat-
tern functions. We also generated an asymmetric seasonal
pattern function, which is a triangle function taking the
minimal value −1 at −π and π and the maximal value 1
at −π/2. The function is displayed in Figure 1. The other
settings are the same as those for Tables 1-4. The simula-
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Table 5. Simulation results for the asymmetric triangle seasonal pattern

Sample Null hypothesis Alternative hypothesis

size Method Size1 Bias2 SE3 SEE4 CP5 Power6 Bias2 SE3 SEE4 CP5

50 TRUE 0.050 0.001 0.200 0.200 0.947 0.792 −0.001 0.199 0.199 0.947

NAÏVE 0.050 −0.001 0.306 0.305 0.947 0.430 0.001 0.304 0.304 0.945
LOESS 0.052 0.000 0.289 0.285 0.945 0.482 0.002 0.289 0.285 0.943
PRS 0.053 0.000 0.289 0.284 0.944 0.485 0.002 0.289 0.284 0.941
SINE 0.050 −0.001 0.290 0.290 0.947 0.471 0.002 0.289 0.289 0.945

100 TRUE 0.051 −0.001 0.141 0.141 0.947 0.790 0.000 0.141 0.141 0.948

NAÏVE 0.051 −0.002 0.217 0.216 0.948 0.438 0.000 0.218 0.216 0.945
LOESS 0.054 −0.002 0.204 0.201 0.945 0.491 0.000 0.204 0.201 0.945
PRS 0.054 −0.001 0.203 0.201 0.944 0.491 0.000 0.204 0.201 0.945
SINE 0.052 −0.002 0.205 0.203 0.946 0.481 0.000 0.205 0.203 0.947

200 TRUE 0.049 0.000 0.100 0.100 0.950 0.806 0.000 0.100 0.100 0.949

NAÏVE 0.050 0.001 0.153 0.153 0.949 0.458 −0.001 0.152 0.153 0.949
LOESS 0.050 0.001 0.142 0.142 0.950 0.511 −0.001 0.142 0.142 0.95
PRS 0.050 0.001 0.142 0.142 0.949 0.512 −0.001 0.142 0.142 0.949
SINE 0.049 0.001 0.143 0.143 0.951 0.502 −0.001 0.143 0.143 0.949

500 TRUE 0.050 0.000 0.063 0.063 0.950 0.817 0.000 0.063 0.063 0.949

NAÏVE 0.051 −0.001 0.097 0.097 0.948 0.461 0.001 0.096 0.097 0.950
LOESS 0.052 0.000 0.090 0.090 0.948 0.518 0.001 0.089 0.090 0.951
PRS 0.052 0.000 0.090 0.090 0.947 0.520 0.001 0.089 0.090 0.951
SINE 0.051 0.000 0.091 0.090 0.949 0.512 0.001 0.090 0.090 0.951

1The type I error rate under the null hypothesis; 2The mean of the estimated difference minus the true difference; 3The standard
deviation of the estimate; 4The mean estimated standard deviation of the estimate; 5The empirical coverage probability; 6The power
under the alternative hypothesis.

tion results are reported in Table 5. Compared with LOESS
and PRS, SINE has better control of type I error rates and
coverage probabilities but is less powerful, when the sample
size is small.

The blood collection times of cases and controls should be
matched in a well designed case-control study of vitamin D-
disease association. In practice, the matching might not be
perfect. We conducted additional simulations to study the
impact of unbalanced sampling. We generated the blood col-
lection time of controls from the uniform distribution over
the interval (−3π/4, 3π/4) and cases from the uniform dis-
tribution over the interval (−π,−3π/4) ∪ (−π/4, π). The
seasonal pattern function is quadratic as displayed in Fig-
ure 1, and other settings are the same as those for Table 5.
The simulation results are presented in Table 6. NAÏVE
has very inflated type I error rates and non-ignorable biases
in estimates, this is because the conditions for the validity
of NAÏVE were not met. With unbalanced sampling, even
when the sample size is large, LOESS and PRS can have
minor inflated type I error rate and anti-conservative cov-
erage probabilities, while SINE has slightly deflated type I
error rates and anti-conservative coverage probabilities.

4. APPLICATION TO A STUDY OF
PROSTATE CANCER

Ahn et al. [1] investigated the association between vita-
min D status, as determined by 25(OH)D concentrations

(nmol/L), and the risk of prostate cancer in a nested case-
control study within the Prostate, Lung, Colorectal, and
Ovarian Cancer Screening Trial (PLCO). This study in-
cluded 749 case patients and 781 control subjects who were
frequency-matched by cohort entry, time since initial screen-
ing, and calendar year of cohort entry. The scatter plot of the
25(OH)D concentrations is displayed in Figure 2. The mean
vitamin D levels of cases and controls are 58.98 (SE: 19.12)
and 57.68 (SE: 18.89), respectively. We applied NAÏVE,
LOESS, PRS, and SINE to this data set, with further ad-
justment for study center. Presented in Table 7 are the re-
sulting estimated vitamin D level differences (i.e., μ defined
in (2)) between cases and controls and their estimated stan-
dard errors, and the p-values for one-sided tests. NAÏVE
does not detect statistically significant difference between
cases and controls at 0.05 level. The other three methods
give similar significant results (p-values ranging from 0.041
to 0.043), indicating that the increased 25(OH)D concentra-
tion might be associated with reduced prostate cancer risk.
The estimates of μ are also similar, with their absolute mag-
nitudes (ranging from 1.58 to 1.60) being larger than that by
NAÏVE (1.30). Figure 2 shows the predicted 25(OH)D con-
centrations for controls, from which we see that predicted
seasonal patterns by three methods are very close to each
other.

This example illustrates the importance of the adjust-
ment of seasonal variation. Without the proper account for
the seasonal variation, the NAÏVE method fails to detect
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Table 6. Simulation results with mismatched blood collection time for cases and controls

Sample Null hypothesis Alternative hypothesis

size Method Size1 Bias2 SE3 SEE4 CP5 Power6 Bias2 SE3 SEE4 CP5

50 TRUE 0.049 0.000 0.200 0.200 0.948 0.785 0.001 0.201 0.199 0.944

NAÏVE 0.289 −0.555 0.393 0.391 0.701 0.802 −0.554 0.390 0.391 0.707
LOESS 0.064 −0.020 0.305 0.288 0.932 0.507 −0.020 0.305 0.288 0.933
PRS 0.069 −0.010 0.310 0.288 0.927 0.496 −0.010 0.310 0.287 0.928
SINE 0.041 0.011 0.333 0.347 0.957 0.334 0.011 0.331 0.347 0.957

100 TRUE 0.049 −0.001 0.141 0.141 0.950 0.796 −0.001 0.141 0.141 0.948

NAÏVE 0.506 −0.557 0.277 0.277 0.480 0.925 −0.557 0.276 0.277 0.477
LOESS 0.062 −0.021 0.215 0.203 0.936 0.531 −0.022 0.213 0.203 0.935
PRS 0.066 −0.011 0.219 0.203 0.932 0.512 −0.011 0.217 0.203 0.931
SINE 0.041 0.009 0.233 0.244 0.958 0.340 0.009 0.232 0.244 0.960

200 TRUE 0.052 0.000 0.100 0.100 0.948 0.801 −0.001 0.100 0.100 0.951

NAÏVE 0.804 −0.556 0.197 0.196 0.193 0.988 −0.553 0.197 0.196 0.197
LOESS 0.066 −0.022 0.151 0.144 0.933 0.548 −0.020 0.152 0.144 0.933
PRS 0.069 −0.011 0.154 0.143 0.930 0.521 −0.009 0.154 0.143 0.930
SINE 0.042 0.010 0.165 0.172 0.957 0.338 0.012 0.165 0.172 0.960

500 TRUE 0.052 0.000 0.064 0.063 0.947 0.797 0.000 0.063 0.063 0.951

NAÏVE 0.994 −0.556 0.124 0.124 0.006 1.000 −0.555 0.124 0.124 0.006
LOESS 0.067 −0.020 0.095 0.091 0.933 0.583 −0.021 0.095 0.091 0.933
PRS 0.067 −0.010 0.097 0.091 0.932 0.537 −0.011 0.096 0.091 0.932
SINE 0.042 0.011 0.104 0.108 0.958 0.322 0.012 0.103 0.108 0.959

1The type I error rate under the null hypothesis; 2The mean of the estimated difference minus the true difference; 3The standard
deviation of the estimate; 4The mean estimated standard deviation of the estimate; 5The empirical coverage probability; 6The power
under the alternative hypothesis.

Figure 2. Scatter plot of 25(OH)D concentrations for cases
and controls and predicted seasonal pattern functions for

controls.

any difference in 25(OH)D level between cases and controls.
Given the relatively large sample size, the well matched
blood collection time, and the sine shaped seasonal varia-
tion pattern in 25(OH)D concentration, it is not surprising
that the three considered tests with the adjustment of sea-

Table 7. Analysis results for an association study of 25(OH)D
concentrations and prostate cancer

Method Est1 SE2 P-value3

NAÏVE −1.30 0.972 0.091
LOESS −1.58 0.920 0.043
PRS −1.60 0.919 0.041
SINE −1.60 0.921 0.041
1The estimate of the mean difference of 25(OH)D concentrations
(defined in (2)) between cases and controls; 2The estimated stan-
dard error of the vitamin D difference; 3The p-value of the one-
sided test for the vitamin D difference.

sonal variation give similar results. This is consistent with
what we have observed in the simulation study.

5. DISCUSSION

The seasonal pattern for vitamin D has a substantial im-
pact on power for testing its effect on the disease of interest.
Using contaminated data without removing a seasonal pat-
tern can lead to substantial efficiency loss, and can result
in a serious false positive finding when the blood collec-
tion time for cases and controls are mismatched. We study
three alternative approaches to model the vitamin D dif-
ference between cases and controls by taking into account
the seasonal pattern. The seasonal pattern can be estimated
using either a parametric sine form or a semiparametric
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form (LOESS and PRS). SINE has computational advan-
tage over the semiparametric counterparts and it has better
small sample behavior when the seasonal pattern resembles
the sine curve. On the other hand, the semiparametric meth-
ods LOESS and PRS are comparable with SINE when the
sample size is moderate or large even when the seasonal
pattern is sine, and they are more powerful when the sea-
sonal pattern departs from sine considerably. The matching
of blood collection time for cases and controls are impor-
tant. When the mismatching is serious, the parametric and
semiparametric methods can be either anti-conservative or
conservative. Based on the simulation results, we suggest
SINE when the seasonal pattern function does not depart
from a sine function too much; otherwise we recommend
LOESS and PRS.

We model the vitamin D measure as the outcome and the
disease status as a predictor in methods considered in this
paper. Another commonly used two-step method is based
on the following logistic regression model, in which the dis-
ease status is the response variable and the season adjusted
vitamin D level x and some relevant covariate vector z are
explanatory variables:

(7)
{

logit{P (d = 1|x, z)} = α + H(x, z; η),
x∗ = τ(t) + γ′u + x.

Here α is an intercept and H is a function of x and z
known up to a parameter vector η of finite dimension. For
example, H(x, z; η) takes the form η1x + η2z + η3xz with
η = (η1, η2, η3) when both main effects and interaction are
considered. The first step is to remove the seasonal pattern
using methods such as LOESS, PRS, or SINE and get an es-
timate of x, the season adjusted vitamin D level. The second
step is to estimate/test η using the standard logistic regres-
sion model, with x being replaced by its estimate from the
first step and treated as if it were observed. However, the
variance estimated by this two-step method is not appropri-
ate as it does not account for the uncertainty in the estimate
of x. A bootstrap method can be used to estimate the vari-
ance appropriately, although it can be time-consuming. It
would be of great interest to derive analytic asymptotic re-
sults for the inference of η under model (7).

ACKNOWLEDGEMENTS

We thank B. J. Stone for her editorial help. This research
utilized the high-performance computational capabilities of
the Biowulf PC/Linux cluster at the National Institutes of
Health, Bethesda, Maryland, USA (http://biowulf.nih.gov).
The work of K. Yu and H. Zhang was supported in part by
the Intramural Program of the NIH and the National Cancer
Institute.

Received 26 July 2010

REFERENCES
[1] Ahn, J., Peters, U., Albanes, D., Purdue, M. P., Abnet,

C. C., Chatterjee, N., Horst, R. L., Hollis, B. W., Huang,

W. Y., Shikany, J. M., Hayes, R. B. and Prostate, Lung,

Colorectal, and Ovarian Cancer Screening Trial Project

Team. (2008). Serum vitamin D concentration and prostate can-
cer risk: a nested case-control study. J. Nat. Cancer Inst. 100
796–804.

[2] Bolland, M. J., Grey, A. B., Ames, R. W., Mason, B. H.,
Horne, A. M., Gamble, G. D. and Reid, I. R. (2007). The effects
of seasonal variation of 25-hydroxy vitamin D and fat mass on a
diagnosis of vitamin D sufficiency. Am. J. Clin. Nutr. 86 959–964.

[3] Borkowf, C. B., Albert, P. S. and Abnet, C. C. (2003). Us-
ing LOWESS to remove systematic trends over time in predictor
variables prior to logistic regression with quantile categories. Stat.
Med. 15 1477–1493.

[4] Breiman, L. and Friedman, J. H. (1985). Estimating optimal
transformations for multiple regression and correlations (with dis-
cussion). J. Am. Stat. Assoc. 80 580–619. MR0803258

[5] Cleveland, W. S. (1979). Robust locally weighted regression
and smoothing scatterplots. J. Am. Stat. Assoc. 74 829–836.
MR0556476

[6] Cleveland, W. S. and Devlin, S. J. (1988). Locally weighted
regression: an approach to regression analysis by local fitting. J.
Am. Stat. Assoc. 83 596–610.

[7] Cleveland, W. S., Grosse, E. and Shyu, W. M. (1991). Lo-
cal regression models. Chambers, J. M. and Hastie, T. J. (eds.),
Statistical Models in S, Chapter 8. Wadsworth & Brooks/Cole.

[8] Hastie, T. J. (1991). Generalized additive models. Chambers,
J. M. and Hastie, T. J. (eds.), Statistical Models in S, Chapter 7.
Wadsworth & Brooks/Cole.

[9] Hastie, T. J. and Tibshirani, R. J. (1990). Generalized Additive
Models. Chapman & Hall/CRC, New York. MR1082147

[10] Horst, R. L., Reinhardt, T. A. and Reddy, G. S. (2005). Vita-
min D metabolism. Feldman D., Pike J. W., Glorieux F. H. (eds.),
Vitamin D (second edition), Vol I, pp. 15–36. Elsevier Academic
Press, London, UK.

[11] Poskitt, E. M., Cole, T. J. and Lawson, D. E. (1979). Diet,
sunlight, and 25-hydroxy vitamin D in healthy children and
adults. Br. Med. J. 1 221–223.

[12] Standing Committee on the Scientific Evaluation of Di-

etary Reference Intakes, Food and Nuitrition Board and
Institute of Medicine. (1997). Dietary Reference Intakes for
Calcium, Phosphorus, Magnesium, Vitamin D, and Fluoride. Na-
tional Academy Press, Washington DC.

[13] Venables, W. N. and Ripley, B. D. (2002). Modern Applied
Statistics with S, Springer, New York.

[14] Wahba, G. (1990). Spline Models for Observational Data. SIAM,
Philadelphia. MR1045442

Hong Zhang
Division of Cancer Epidemiology and Genetics
National Cancer Institute
National Institutes of Health
Bethesda, MD
U.S.A.

Institute of Biostatistics
Fudan University
Shanghai
P.R.C.
E-mail address: zhanghfd@fudan.edu.cn

92 H. Zhang, J. Ahn and K. Yu

http://www.ams.org/mathscinet-getitem?mr=0803258
http://www.ams.org/mathscinet-getitem?mr=0556476
http://www.ams.org/mathscinet-getitem?mr=1082147
http://www.ams.org/mathscinet-getitem?mr=1045442
mailto:zhanghfd@fudan.edu.cn


Jiyoung Ahn
Division of Epidemiology
Department of Environmental Medicine
New York University School of Medicine
New York, NY
U.S.A.
E-mail address: jiyoung.ahn@nyumc.org

Kai Yu
Division of Cancer Epidemiology and Genetics
National Cancer Institute
National Institutes of Health
Bethesda, MD
U.S.A.
E-mail address: yuka@mail.nih.gov

Removing seasonal variation from vitamin D measurements 93

mailto:jiyoung.ahn@nyumc.org
mailto:yuka@mail.nih.gov

	Introduction
	Method
	Notation
	Naïve method
	Proposed model
	Sine curve method
	Semiparametric methods

	Simulation study
	Application to a study of prostate cancer
	Discussion
	Acknowledgements
	References
	Authors' addresses

