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Abstract: Over recent years,semiparametric technique becomes to have more and more applica-
tions in biometrics as evidenced in the number of publications per year. Therefore it is necessary
and timely to review semiparametric technique’s applications in biomedical researches in order
that we can get not only a whole picture on its development tendency but also some insights in-
to its applications. In this review, we addressed the application of semiparametric technique in
different biomedical fields,including receiver operating characteristic (ROC) analysis, survival
and longitudinal analysis, pharmacokinetics and pharmacodynamics, exposure study. genetic
study and other research fields. In each section, we started from general views on the back-
ground of semiparametric technique,advanced to its applicable circumstances and finished with
comparison studies,through which one would have a general view on the background of applica-
tions, applicable cases, advantages in comparison with parametric and nonparametric tech-
niques,and covariates in diseases,which can be applicable for semiparametric technique.

Key words:data analysis, exposure study, genetic study,longitudinal analysis, pharmacodynam-
ics, pharmacokinetics, ROC analysis, semiparametric technique,survival analysis
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biomedical fields in comparison with parametric and
nonparametric techniques. It is not only because
semiparametric technique appears somewhat new so
that most researchers are not familiar with it but al-
so because researchers do not know how to apply
this technique to real-life cases.

Despite of this unfamiliarity and difficulty,
semiparametric technique steadily increases its ap-
plications in biomedical research as shown in Fig. 1,
where a literature search was conducted on June 17,
2013 in PubMed ", using (i) semi-parametric, (ii)
“semi- parametric”, (iii) semiparametric and (iv)

“semiparametric” as searching keywords. Either

“semi-parametric” search resul-

semi-parametric or
ted in 427 articles including 28 articles published in
2013, and either semiparametric or “semiparamet-
ric” search resulted in 943 articles including 51 arti-
cles published in 2013. Undoubtedly, semiparametric
technique began its long journey in biomedical re-
search fields and has been drawing more and more
attention from biomedical community. As can be
seen in Fig. 1, the earliest article found with key-
word semiparametric was dated back to 1982 and
the earliest article found with keyword semi- para-
metric was dated back to 1984, but 48 and 112 arti-
cles were found with keywords of semi-parametric
and semiparametric in 2012, Interestingly,427 semi-
parametric articles are not a subgroup of 943 semip-
arametric articles because only 18 articles exist in

both semi-parametric and semiparametric searches.

100 + M Scmi-Parametric
- Semiparametric

Number of papers

1982 1987 1992 1997 2002 2007 2012
Year

Fig. 1 Number of published papers from 1982 to 2012

‘

searched using semi-parametric including “semi-parametric"

and semiparametric including “semiparametric” as keywords
in PubMed.

Although it is too early to say that semipara-
JEAE 20145120 F 21 5% 6

metric technique is quite popular,it would be timely
and informative to review how semiparametric tech-
nique was applied in biomedical research fields and
to summarize these application procedures in order
that one can have a whole picture on the application
of semiparametric technique in biomedical settings.
Yet,a review in this fast-developing field also would
give us possible research directions for the applica-
tion of semiparametric technique.

Over years,comparison was made in studies be-
tween semiparametric technique and nonparametric
as well as parametric techniques. Moreover, simula-
tion studies were also conducted for such compari-
son. Therefore, we could be at the position to cite
several studies in order to get a clear picture on the
application of semiparametric technique in various
research fields. In this review, we attempt to sum-
marize general views on the background of applica-
tions, applicable cases, advantages in comparison
with parametric and nonparametric techniques, and
covariates in diseases, which can be applicable for

semiparametric technique.

1 Semiparametric technique: Its definition in

biomedical context

When checking the entry “semiparametric mod-
el” in Wikipedia on June 18,2013 )it says: (1) a
parametric model is one in which the indexing pa-
rameter is a finite-dimensional vector; (ii) in non-
parametric models, the set of possible values of the
parameter is a subset of some space,not necessarily
finite dimensional;and (iii) in semiparametric mod-
els, the parameter has both a finite dimensional
component and an infinite dimensional component.
It turns out that a similar definition can be found in
the entry “semiparametric regression” in Wikipedia.
This definition seems to be ambiguous for non-pro-
fessionals,and one might need to consider this defi-
nition in the biomedical context. In plain words, par-
ametric technique assumes that samples for study
are normally distributed whereas nonparametric
technique does not require this assumption. Thus,
this definition implies that semiparametric technique
is something in between. However, it appears hard
to define what is neither normal distribution nor
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non-normal distribution in biomedical settings.
Regardless this ambiguity, we have witnessed
the increasing applications of semiparemetric tech-
nique in biomedical fields". This means that re-
searchers might not need a deep understanding on
very core of semiparametric technique because this
request would cost valuable time for studies,but can
apply this technique correctly even according to va-
rious publications with the use of this technique.
Thus,it is necessarily useful to see how researchers
had used this technique in recent years in order to
get a practical sense on how to use this technique
because any application requires familiarity with the
relevant scientific context. Through comparison
with other techniques, we can really see in which
circumstances that semiparametric technique can be
used and what the difference is between semipara-
metric technique and other techniques. Thereafter,
we can be able to distinguish the characteristics of
semiparametric technique from others and determine
whether we can use other techniques to solve the
problem and determine specific applicable fields for

semiparametric technique.
2  Applied research fields

As semiparametric technique is defined between
parametric and nonparametric techniques, thus al-
most all the analytically parametric and nonpara-
metric techniques in biometrics could be potential
fields for the applications of semiparametric tech-
nique. These analytically parametric and nonpara-
metric techniques could be summarized as follows.
2.1 ROC analysis
2.1.1

ROC stands receiver operating characteristic,

Background

which was developed as early as in World War ][ in

signal detection theory™!.

In biomedical research
fields, the ROC analysis is mainly used for diagnos-
tic tests,and for evaluation of various testing mod-
els. So far,there is a large body of literatures, which
describes the utility of ROC in biomedical research
fields®~". Technically, the ROC analysis is used
when a test has a continuous value, each tested value
can be interpreted as an yes/no event. Then a sam-

ple population is divided into yes and no groups such
636

as a disease group and a healthy one for each tested
value, the true positive rate is counted in disease
group and the false positive rate is counted in health
group. Hereafter,a graph is made with true positive
rate as y -axis and false positive rate as x -axis. With
different tested values as a cutoff value, an ROC
curve can be constructed. A diagnostic decision can
be made based on ROC curve, which should be a-
bove the diagonal line that presents random chance.
Of various parameters of ROC, AUC (area under
the curve) is an important indicator to decide per-
formance of a diagnostic test as the larger the AUC
is, the better the performance is, and AUC ranges
theoretically from zero to unity. Indeed, it was sug-
gested that the ROC is the best statistical method
for assessing performance of tests and models™®".
Actually,the ROC analysis is quite popular because
even the popular science magazine, Scientific Ameri-
can,has an article to introduce it"'").

2.1.2

ric technique

Applicable circumstances for semiparamet-

As a sample population of tested values can be
normally or non - normally distributed either in
healthy population or in disease one, this leads to
parametric technique to calculate AUC with the as-
sumption that tested values in healthy and disease
populations are normally distributed, and non-para-
metric technique to calculate AUC without the con-
sideration of whether or not tested values in healthy
and disease populations are normally distribu-
ted”"""'*, Indeed, the assumption of distributions of
tested values in both healthy and disease populations
is crucial because the estimated association between
tested values and disease ones is biased if the as-
sumption of distributions is mis- specified. In this
case,semiparametric technique does not consider the
distribution of tested values that is similar to non-
parametric technique, but computes the parameters
in parametric technique that is similar to parametric
technique. The second circumstance for the distribu-
tion of tested values is that there is a tendency that
the higher the tested value is the higher the risk of
disease is. This tendency renders a normal distribu-
tion of tested values so an ROC curve is a probabi-
listic quantity directly incorporating monotonici-
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ty""*). The third circumstance related to ROC is the
so-called discrimination and association,i. e. , wheth-
er a diagnostic test can discriminate a disease from
tested population and whether a diagnostic test is
associated with a disease status” ",

In these contexts,at least there are two major
reasons for applying semiparametric technique to
ROC analysis. The first reason is to more accurately
calculate AUC . Graphically,an ROC curve is a rela-
tionship between true positive rate and false one. If
an ROC curve can be accurately described using an
equation, then integration would result in an accu-
rate AUC . However, it is difficult to apply a cause-
consequence relationship to the relationship between
true and false positive rates because it is hard to say
that a change in true positive rate leads to a change
in false positive rate or verse vice. This is different
from cause-consequence relationship such as New-
ton’s law, where an object’s acceleration would be
expected if a force is applied. Thus regression is ap-
plied to the relationship between true and false posi-
tive rates,and the regression will result in an equa-
tion for integration. The problem here is that re-
gression requires its data to be normally distribu-
ted,but tested values of some diagnostic tests may
not be normally distributed. When tested values in
both healthy and disease populations are normally
distributed, the regression can be safely applied,
which is to calculate the AUC using parametric tech-
nique. When tested values in either healthy or dis-
ease population are not normally distributed, the re-
gression theoretically cannot be applied, and the
AUC has to be calculated using the sum of areas of
rectangles, which approximate to the AUC . The lat-
ter one is the so-called nonparametric technique to
calculate the AUC . So it is generally considered that
nonparametric technique results in a less accurate
AUC because it does not generate a smooth ROC
curve,while parametric technique results in a more
accurate AUC than nonparametric technique but its

UL Practi-

strict restriction limits its application
cally, the AUC calculated by using nonparametric
technique can be as accurate as by using parametric
technique if the interval between any two cutoff val-
ues is sufficient small. When tested values are expo-
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nentially distributed or distributed in other power-
law distributions, the proportional hazard model as-

51 then the application of semipa-

sumption is met
rametric technique for comparing correlated AUCs
under proportional hazard models"'"""’. For this rea-
son, semiparametric technique is to deal with non-
normal distribution of tested values using regression
to generate the AUC .

The second reason for applying semiparametric
technique to ROC analysis is the problem of covari-
ates,which demonstrate the property of monotonici-
ty, for example, age increases as time going on.
Therefore it is necessary to determine whether an
association between a diagnostic test and a disease is
partly due to monotonicity of covariates. This can be
more clearly explained by looking at the following e-
quation,for example, g{P(D=1 | S,Z) } = f(S)+
BZ ,where g is a link function, P is probability, D is
disease status with 0 for health and 1 for disease, S
is a tested value, Zis age, fis an unspecified mono-
tone function, and g is the regression coefficient for

d". In this general equation,

age to be estimate
f(S) can be considered as parametric term while 82
can be considered as nonparametric term. In this ex-
ample, semiparametric technique includes both para-
metric and nonparametric terms. In other words,
semiparametric technique actually is a mixed effects
model, which is true because the standard general-
ized linear mixed effects software, such as SASH™,
can be used. This second reason can furthermore im-
ply that the ROC analysis needs to incorporate both
time-varying nature of diagnostic test and the clini-
cal onset time of the disease,i. e. , time-dependent
ROC curve or whether true positive rate or false one
is time-dependent, which results in a covariate-spe-
cific ROC curve™ 1 as well as time lag between
when the marker is measured and the occurrence of
disease®’. In this context, the ROC analysis would
incorporate with censored survival outcomes?.
2.1.3 Comparison studies

Actually, programs for comparison among para-
metric, nonparametric and semiparametric tech-

(23] In pub-

niques are available for certain software
lished comparison studies, there are studies, which
demonstrate the advantage of semiparametric tech-
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nique over parametric and nonparametric tech-
niques. Zheng and Heagerty " used the data of 21
138 patients with 171 306 observations between
1990 and 1998 from the U. S. Cystic Fibrosis Foun-
dation National Patient Registry with ROC curves
to determine how well the pulmonary function
measurement can distinguish the subjects that pro-
gress to death from the subjects that remain alive.
In this study,the diagnostic test is the forced expira-
tory volume as a pulmonary function measure for
cystic fibrosis. Since the forced expiratory volume is
changeable over time, longitudinal analysis hopes to
evaluate whether changes in a forced expiratory vol-
ume correlate with death of patients. The authors
hoped to extend an ROC curve to incorporate both
the time-varying nature of forced expiratory volume
and the clinical onset time of the death. Therefore,
they defined the true positive rate and false positive
rate in ROC as time-dependent functions,and used a
semiparametric technique to regress time-dependent
ROC curves,and their results showed the semipara-
metric technique offers greater flexibility by allo-
wing separate model choices for each of the key dis-
tributional aspects in comparison with the paramet-
ric technique. Heagerty et al endorsed to develop a
time-dependent ROC analysis with censored obser-
vations"". With the examples {rom flow cytometry
data of 1292 women from 1983 to 1992, following-up
time censored on May 1,1997 and modified eligibili-
ty criteria for HIV trial of 3257 HIV-negative gay
men followed for three semiannual visits, the au-
thors showed that semi- parametric technique is
more efficient than Kaplan-Meier methods for esti-
mating ROC curves. Pepe theoretically suggested
the advantage of semiparametric techniques over
parametric and non-parametric techniques by com-
paring equations-!.

In other types of ROC analyses, Huang and
Pepe®’,and Wan and Zhang'®?* also showed that
semiparametric technique is substantially more effi-
cient than nonparametric technique under a correctly
specified model when dealing with risk prediction
models in case-control studies with ROC analysis. In
clinical applications, Zou et al. studied 100 unen-
hanced spiral computed tomography (CT) scans of

638

patients with proved obstructing ureteral stones u-
sing parametric, nonparametric and semiparametric
techniques to compute AUC of ROC"",and their re-
sults showed that semiparametric technique genera-
ted the largest AUC although the authors concluded
that parametric techniques is preferred for construc-
ting a smooth ROC curve with available stone-size
data derived from spiral computed tomography
(CT). Of course, simulation studies also suggest
that semiparametric technique is better to work with
ROC analysis""®*! or comparable with parametric
technique when the assumption of data distribution
is correctly specified for the parametric tech-
niqueflz.zs.zm

Naturally,there are studies, which do not show
the advantage of semiparametric technique over
nonparametric and parametric techniques. Tang et
al. used both nonparametric and semiparametric
techniques with simulation of parametric technique
to determine which of two diagnostic tests,compu-
ted tomography (CT) and positron emission tomo-
graphy (PET), is better to detect non-small cell
lung cancer by comparing weighted AUC under ROC
curves ", Their results showed nonparametric tech-
nique is robust to model mis-specification and has
excellent finite-sample performance while semi-par-
ametric technique allows survival outcome measure-
ments in the presence of censoring with correct
model specification. In a study by Huang and

%1 the authors randomly sampled 250 prostate

Pepe
cancer cases and 250 controls from 5519 cases using
parametric ROC model to evaluate prostate-specific
antigen as a risk prediction marker for the diagnosis
of prostate cancer from the biopsy,and found para-
metric technique better than semi- parametric one
because the latter uses logistic regression to fit a
risk model, however, the method based on ROC
curve has some desirable properties that logistic re-
gression lacks. For example, the parametric fitting
depends on the scale of tested values whereas an
ROC curve is rank invariant so it does not matter on
what scale the marker is measured. In theoretical
front,Gu et al. showed that a Bayesian bootstrap,a
fully non-parametric technique,is better than para-
metric and semiparametric techniques in ROC anal-
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ysis when tested values are binormally distributed
with simulations and real data"*"’.

With respect to estimate the standard error of
AUC in ROC analysis, Hajian - Tilaki and Hanley
showed semiparametric and nonparametric tech-
niques produced very close results and the choice be-
tween these two techniques should rely on research-
ers’ preferences and practicality™™’. When dealing
with repeated diagnostic tests in the same group of
patients,it is showed that both semiparametric and
parametric techniques yield similar results based on
the data of 72 pigmented lesions suspected of being
malignant melanoma with diagnostic scoring based
on repeatedly measurements of asymmetry, border
irregularity, color variation, and diameter, with or
without a dermoscope**’.

2.2 Survival and longitudinal analysis
2.2.1

So far, the survival analysis perhaps is the most

Background

important research field, where semiparametric
technique can be well applied. Survival analysis is so
important that it has been fully discussed in various
textbooks and statistical books. Graphically, survival
analysis is a curve of survival function versus time,
The most common curve is the Kaplan-Meier curve,
and the log-rank test is applied to comparison be-
tween Kaplan - Meier curves. Indeed, the Kaplan -
Meier curve with the log-rank test can generally an-
swer questions of the size of fraction of a population
that will survive past a certain time point and at
what rate they will die.

In survival analysis,both models of the propor-
tional hazards and the accelerated failure time are
very popular. The linear relationship is considered
between interest covariates and the logarithm of
hazard function in the proportional hazards model as
well as the logarithm of survival time in the acceler-
ated failure time model. To evaluate the proportion-
al hazards assumption,a rule of thumb is commonly
to use the nonparametric Kaplan - Meier survival
curve. It is expected that the logarithm of cumula-
tive hazard function is parallel if the proportional
hazards assumption holds.

Sometimes, longitudinal studies are considered
as survival analysis, which is partially true because
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the Kaplan-Meier curve, the proportional hazards re-
gression and accelerated failure time regression are
used widely in longitudinal study. However, there is
a little difference between survival analysis and lon-
gitudinal study,that is,the proportional hazards re-
gression and accelerated failure time regression are
confined to traditional survival (i. e. , single-event)

33]
B3] However,

data and time invariant covariates
there may be the subjects with dependent failure
time if the data might be sampled in clusters. Also,
if several events might be potentially experienced in
each study,there may be the subject with multivari-
ate (chapters 8~10 in Reference[ 34]). The data are
often collected on occurrence time of a certain event
and on repeated measures of a response variable in
longitudinal studies.

2.2.2

ric technique

Applicable circumstances for semiparamet-

The Kaplan-Meier curve and its log-rank test
are most suitable when examined factors can be cat-
egorized,for example, treated versus placebo. If the
examined factors possess continuous character, then
the proportional hazards regression or accelerated
failure time regression has to be used. Moreover, if
one would like to know whether multiple causes
need to be taken into account in survival analysis
and how a particular circumstance or characteristic
can change the odds of survival, then one needs to
consider either the proportional hazards regression
or accelerated failure time regression because these
two models describe not only a simple relationship
between survival function and time, but also many
covariates behind survival curve, which would have
impact on the survival function.

The hazard function for the Cox proportional
hazards regression has the following formulae™® .
A | X) =2 () exp (B X1+ +B,X,) =2 @) exp
(FX) wheretis time, X, is the i -th covariate,and g
is regression coefficient. The model indicates that
the hazard function, A (z) ,of the failure time condi-
tional on a set of possibly time varying covariates,
X, is the product of an arbitrary base-line hazard
function, A, (¢) .and a regression function of the co-
variates, X, . From this equation, we can partly an-
swer the question of which component is semipara-
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metric in proportional hazard model. That is various
covariates that would have different types of distri-
butions: Some can be normally distributed whereas
some can be non - normally distributed. In other
words, we have incomplete information on covari-
ates. The mixture of data distributions for various
covariates is the essence of semiparametric tech-
nique because ordinary regression requires the re-
gressed covariates normally distributed. Actually,

1) assumed a gamma distribution for

Gorfine et a
semiparametric with data of breast cancer family
control full-term pregnancy as covariate. Although
being a flexible model due to its unspecified baseline
hazard function, sometimes the proportional hazard
model seems inflexible, because the proportional
hazard and proportional odds models®* are linear
transformation of the failure time to covariates ™ .
On the other hand, the accelerated failure time re-
gression is generally regarded as a parametric mod-
el®, which is that its probability distribution
should be specified. Therefore, the accelerated fail-
ure time regression works robustly by omitting of
covariates,and is less affected by the choice of prob-

[40,41]

ability distribution However, semiparametric

technique has been added into the accelerated failure

[2=50] "For exam-

time regression as early as 1980s
ple,an accelerated failure time partial linear regres-
sion can be expressed as follows: log T = X8 +
S () +e swhere T is survival time, 8 1is a vector of
regression coefficient, X is a vector of covariates, u
is a covariate, f is function and es are independent
error terms with a normal distribution"™. So we can
see that the application of semiparametric technique
in survival analysis is mainly related to models, in
particularly is related to the distribution of baseline
hazard function as well as time-changing covariate
effects.

Recently, there are huge interests in joint mod-
eling, where the dependence on a common set of
random effects is assumed for the failure time and
repeated measures. To assess the joint effects of
base-line covariates, such models have been used in
the analysis of repeated measures to adjust for in-
formative drop-out and on the failure time to study
the effects of potentially mis-measured time varying

640

covariates, For analyzing the failure time, the pro-
portional hazards model can be used with normal
random effects while for analyzing repeated meas-
ures there is the linear mixed model, which is con-
fined to continuous repeated measures. Also, the
transformation of the response variable is assumed
to be known. However, misspecification of transfor-
mation is highly non-robust in random-effects mod-
els, therefore semiparametric models (e. g. linear
transformation models) are employed for continu-
ous repeated measures,in order to avoid a paramet-
ric specification of the distribution or transforma-
tion. In addition, a semiparametric linear mixed
model was proposed for continuous repeated meas-
ures, where the response variable is completely
transformed to be unspecified”".

It requires the conditional distribution of censo-
ring given covariates to be modeled. The context can
actually be cast as a missing data problem. It is cus-
tomary to assume that the data are independent giv-
en the parameters. Zeng and Lin proposed a semi-

parametric linear mixed model with right censored

data™ ™, H(Y,;)=a'X,; +b! X, +¢; swhere H is
an unknown increasing function,q is a set of regres-

sion coefficients, b; is a set of random effects with

density f( b;y), X, is typically a subset of X ,e; is
independent errors with density f e because of cen-

soring time. Here, if the transformation function,

H, is specified, this equation reduces to the conven-

tional ( parametric) linear mixed model, whereas

leaving the form of H unspecified is in agreement
with the semi-parametric feature of the transforma-

tion models for event times. The authors suggested

A(y) =exp {I}(y) } » which is somewhat similar to
S(t)y=exp (—AQ@)) .

In longitudinal studies,semi-parametric regres-
sion models are highly useful to estimate covariate
effects on potentially censored responses,such as re-
peated measures and failure times. In addition to
right censoring, the failure times are shown to left
truncation in some applications. To consider both
right censoring and left truncation,Zeng and Lin"*
defined N(#) and R(2) as the event number observed
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by time ¢ and the at-risk indicator at time ¢ ,accom-
modating general censoring/truncation patterns. On
the other hand,clustered failure times arise often in
studies on medicine and epidemiology, for instance,
disease onset times of twins (with time expressed in
terms of age), multiple recurrence times of infec-
tions on an individual, or time to blindness for the
two eyes within an individual.

2.2.3 Comparison studies

Some studies show the advantage of semipara-
metric technique over parametric and nonparametric
techniques in survival analysis. Zou et al. applied
semiparametric technique to the data from 1583
breast cancer patients with exclusion of 3.4 % black
women"'® and showed that parametric technique,
proportional hazards model, could not work for this
dataset because it was hard to find a parallel rela-
tionship between survival curves and marital status.
The equation used by authors for this group of data
is log T=p X regional+ 3, X distan ¢+ f; X married
+ B X other + f(age) +e, which includes covariates
with non-normal distributions or with unspecified
distributions. Zhang et al. "' showed that semipara-
metric technique in mixture cure model is useful in
cancer treatment when the therapeutic effect increa-
ses gradually from zero, and the authors used the
data from 1584 breast diagnosed patients and the
model with semi-parametric technique produced the
survival curve is closer to the Kaplan-Meier survival
curve but with indication of covariates effects.

The consideration in above cited studies was
mainly concerned with the distribution of covari-
ates,which is an important aspect for the application
of semiparametric technique. In the study by Ghosh

17, the concern was given to the distributional

et a
assumptions for the values of slopes in survival a-
nalysis, and the application of semiparametric
Bayesian method could reduce this concern. Thus
the distributions are not necessary to be identically
normally distributed but can be a mixture of various
distributions. Following this, the authors studied
2039 patients diagnosed with distant testicular canc-
er with age as a covariate, and they concluded that
the fitting using semiparametric technique is better
than that using parametric technique.
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Although many studies with clinical indicators
favor semiparametric technique in survival analysis,
covariates with complex indicators such as haplo-
type sometimes produced different results. Scheike
et al. compared semiparametric technique with non-
parametric technique to investigate possible effects
of haplotype in platelet activating factor receptor on
cardiovascular events in patients with coronary ar-
tery disease including 1268 subjects and with a total
of 116 deaths”", where the difficulty was that the
maximum-likelihood estimates of frequencies of 32
possible haplotypes were highly unstable,and it was
not possible to assess the uncertainty directly for all
32 haplotypes, therefore the expectation- maximiza-
tion algorithm was slow in the context of the semip-
arametric technique. The results suggest that the
expectation - maximization algorithm seriously un-
derestimates the variance of the relative risk param-
eters.

The inclusion of covariates was in fact not lim-
ited to clinical characters, for example, Zhao and
Hanson used a nonparametric technique to cooperate
geographical information as a covariate into analysis
of a cohort of 5786 women diagnosed with malig-
nant breast cancer starting in 1989 ending in 1991
with follow - up continued through the end of
2003, What the authors were interested in was
how survival changed geographically rather than
other time effects such as age,and their study sug-
gested that nonparametric technique improved semi-
parametric technique in this estimation.

2.3 Pharmacokinetics and pharmacodynamics
2.3.1

Although semiparametric technique was applied

Background

to pharmacokinetics and pharmacodynamics as early
as the 80s in the 20™ century™", its application is
not as many as in other research fields. Even there is
a tendency of decreasing the use of semiparametric
technique in pharmacokinetics and pharmacodynam-
ics. Indeed, semiparametric technique used in phar-
macokinetics and pharmacodynamics is very differ-
ent from its applications used in other research
fields. So far there are several types of applications
of semiparametric technique in pharmacokinetics
and pharmacodynamics.
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As a matter of fact, there are few applications
of semiparametric technique in pharmacokinetics -
pharmacodynamics, and the definition of semipara-
metric technique is somewhat different from those
in other research fields. The effort to collapse the
lag time between blood drug concentration and ther-
apeutic effect appears to be the best case of applica-
tion of semiparametric technique, but the lack of
software package limits the application. From the
sense of distributions of covariates, population ap-
proach could be considered as a semiparametric
technique.

2.3.2

ric technique

Applicable circumstances for semiparamet-

The first and most widely application is to ad-
dress hysteresis between blood drug concentration
and drug’s therapeutic effect, because it was found
very long ago that a drug’s therapeutic effect is lat-
er than its corresponding blood drug concentration.
In other words,a drug’s therapeutic effect has yet
to reach its maximum when its blood concentration
has already reached its peak level. The lag time be-
tween blood drug concentration and therapeutic
effect leads to the difficulty in coupling pharmacoki-
netics and pharmacodynamics together, because
pharmacokinetics in theory is a compartmental mod-
el, which accounts the relationship between blood
drug concentration and time, i. e. , C(z) = A,
where C(¢) is blood drug concentration at given
time,and A and a are model parameters, and phar-
macodynamics is mainly a sigmoid model or Michae-
lis-Menten kinetics typed model, which accounts the
relationship between blood drug concentration and

. . _ Effect,,.C
therapeutic effect,i. e. , Effect= “KiC

is model parameter. Therefore,it would appear easy

where K

to build a pharmacokinetic-pharmacodynamic model
by replacing the blood drug concentration in phar-
macodynamic model with the blood drug concentra-
tion computed from pharmacokinetic model, there-
after researchers and clinicians would have the rela-
tionship between time and drug’s therapeutic effect
as well as the relationship between time and drug’s
side effect, and then be able to predict therapeutic
and side effects. This is particularly important for
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anesthetic effect for patients in operations, which
was one of focuses of the earliest application of
pharmacokinetic - pharmacodynamic models™""*,
However, due to the lag time between blood drug
concentration and drug’s therapeutic effect,the tim-
ing of maximal therapeutic effect becomes difficult.
Thus,an effect compartment was proposed to col-
lapse this lag time because the maximal drug con-
centration in effect compartment could be later than
that in blood""’, however, it still appeared difficult
to use a compartmental model with an effect com-
partment to fit blood drug concentration and drug’s
therapeutic effect simultaneously. So this is the
background for the development of semiparametric
technique in pharmacokinetics and pharmacodynam-
ics.

Technically, semiparametric technique only es-
timates a single parameter, keo ,which is the elimi-
nation rate of drug from effect compartment® %',
thus it simplified the process of estimating the pa-
rameters in compartmental model otherwise it
would have a number of model parameters to fit.
This is the major application of semiparametric
technique in pharmacokinetics and pharmacodynam-
ics. Such an application can be in theory better to
deal with the relationship between time and drug’s
therapeutic effect. However, there is no specialized
and user - friendly software although there was a

FORTRAN written program ™,

semiparametric technique to minimize hysteresis and

which can use

result in the first-order rate equilibrium constant
(keo ).

The second application is that semiparametric
technique could be considered as a combination of
parametric approach with nonparametric ap-
proach™® ) where a nonparametric function that is
estimated using penalized splines was applied to cor-
relate in vivo and in vitro relationship to drugs. Al-
so,there are several minor applications of semipara-
metric technique, such as population pharmacokinet-
icst®, non-compartment approach with pharmaco-
dynamic effect™, non-steady-state pharmacodyna-

mic datal’

and so on. However, few follow-up stud-
ies have been found so far along those lines of re-
search.
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2.3.3 Comparison studies

Actually, there are only few studies, which were
conducted to compare semiparametric technique
with parametric and nonparametric techniques in
pharmacokinetics-pharmacodynamics, because there
is no substantial amount of publications using semi-
parametric technique in this field. A study using the

! compared semiparametric

population approach"’
technique with parametric and nonparametric tech-
niques using area under concentration-time ( AUC),
peak concentration and time to peak concentration
(Tyex) s with the noisy population data from a
sparsely sampled prospectively designed trial, and
the authors found that the semiparametric technique
performed as good as or better than standard non-
parametric technique. However, if a model is mis-
specified, semiparametric technique was superior to
a standard parametric technique. Yuan and Yin con-
ducted a study' ™, which shows that semiparametric
technique can converge a curve estimate to what
parametric technique achieves when assumption for
parametric technique holds, and can converge a
curve estimate to what nonparametric technique a-
chieves when assumption for parametric technique is
mis-specified. Another study,which could be consid-
ered as a pro study,was to study morphine-6-glucu-

21 with semiparametric

ronide’s effect on pupil size
technique to estimate the rate constant of transfer
from effect compartment to plasma in eight volun-
teers,and semiparametric technique worked in this
study. Although the results from semiparametric
technique were similar to the results from the para-
metric technique, semiparametric technique pro-
duced a better description of the data for few ani-
mals,where the results differed™”.

2.4 Exposure study

2.4.1

The crucial thing in exposure study is to estab-

Background

lish a relationship or a correlation or an association
between exposure indicators and a certain disease. In
general, this is done with regression because we can
get correlation through regression. Although regres-
sion does not account for a cause-consequence rela-
tionship,it does find many exposure indicators that
are associated with a certain disease. Needless to
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say, some exposure indicators may well grasp the
essence of a natural phenomenon such as popula-
tion, but may not represent the true factor that real-
ly matters a disease. There is a hidden indicator or
an invisible indicator, which is associated with both
measurable indicators and a disease,and this indica-
tor is yet to be found. In such a case,latent variable
regression could be a tool to uncover the hidden in-
dicator, which bridges measurable indicators and a
disease.

For example,in a study trying to find the asso-
ciation between traffic particles and occurrence of a-
cute myocardial infarction "*', the authors measured
nitrogen dioxide, NO:,and primary particulate mat-
ter with aerodynamic diameter less than 2. 5 pm,
PM,. ;5 ,and had the cases of acute myocardial infarc-
tion and controls. However, the authors did not con-
sider traffic particles directly measurable because
NO; can have several non-traffic sources. In such a
case, latent variable regression is usable. Once a-
gain, latent variable regression can include many co-
variates, which would have very different distribu-
tions, and lay the foundation for semiparametric
technique' ™.

Another thing is that the measurement of pol-
lutants often takes several periods of time, which
would generate a time-varying association between
pollutants and something measured over a period of
time, which is the case suitable for the application of
semiparametric technique. Yet, two-stage studies are
another development in applying semiparametric
technique in exposure studies "7,

2.4.2

technique

Applicable circumstance for semiparametric

Exposure studies are used to conduct by means
of collecting data from case-control analysis at a sin-
gle time point. This is sufficiently good for a rela-
tionship between exposure intensity and numbers of
disease cases in a sense of two-dimensional graph,
for example. However, cumulative exposure be-
comes more and more important to evaluate the dis-
ease risk, and disease status also changes along the
time course. This development necessarily creates a
relationship between time-varying exposure intensi-
ty and numbers of disease cases,which could be con-

643



sidered in a sense of three-dimensional graph with a
time axis at least. One might suggest that life would
be easier if we would have a function describe the
relationship between time and exposure intensity,
however,some type of regression is still in need be-
cause it associates exposure intensity with disease
risk. Therefore Bayesian approach was developed to
account for the exposure derived from the past™ .,
which should answer the question of how both ex-
posure history and disease status history impact on
the present disease status. Indeed, this gives a feel-
ing of Markov chain probability.

Another applicable direction is still related to a
period of time of exposure. A study was conducted
to evaluate the short-term effect of diurnal tempera-
ture range on emergency room admissions among
elderly adults in Beijing'”"'. By means of semipara-
metric technique, the authors used 3-,6- and 8-day
moving average of diurnal temperature range as an
indicator to correspond to daily emergency room ad-
missions for different diseases in senior citizens,and
analyzed the exposure-effect association relationship
between diurnal temperature range and daily emer-
gency room admissions. Actually, there are stud-
ies™ ) along this line of research thought, for ex-
ample, the association of seasonal grass pollen with
childhood asthma emergency department presenta-

21 where authors used semiparametric tech-

tions
nique to examine a short time series pollen data in
terms of daily grass pollen levels with relation to
mean daily emergency department attendance for
asthma.

An interesting application is to include geo-
graphic information into exposure studies™ "/ In a
broad sense, this geographic information includes
many pieces of environment information such as

[83.84] [86]
b b

air  quality™,

, and socioeconomic position”".

landscape temperature

groundwater "]
In fact,not only time-varying variable can be consid-
ered using semiparametric technique ™ but also spa-
tial-varying variable can be considered too">~*!. For
instance, certain factors during the first trimester of
pregnancy promote cardiac congenital anomaly de-

91, and semiparametric technique was

velopment
used to deal with multiple pollutants and a multiva-
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riate cardiac anomaly grouping outcome jointly,
i. e. ,the inclusion of space and time simultaneously
in both the locations and the masses. In such a way,
the authors identified critical weeks during pregnan-
cy. And the results suggest semiparametric tech-
nique is better than nonparametric technique.
2.4.3 Comparison studies

Unfortunately, comparison studies in this field
mostly were not conducted to compare the perform-
ance among semiparametric, parametric and non-
parametric techniques, because they might not be
compatible in this research field although there are
indeed studies for comparisons related to direct and
mixed effect models. In a study investigating acute
effects of an exposure to 100 ppm 1-methoxypro-
panol-2 on the upper airways of human subjects™"*,
the authors studied 20 volunteers using both semip-
arametric and parametric techniques to assess resid-
ual and period effects caused by the design of study.
However, the results seem compatible for both
semiparametric and parametric techniques.
2.5 Genetic study
2.5.1

It turns out that the applications of semipara-

Background

metric technique in genetic studies are the most di-
verse,not only because genome studies raise many
statistic issues, which can be treated with paramet-
ric, nonparametric and semiparametric techniques,
but also because genomic analysis is still at its early
stage of development in exploitation of all the infor-
mation in genome. On the one hand, semiparametric
technique’s applications are too many to summarize
in a review, as these applications scatter widely in
literatures and are difficult to group them into dif-
ferent categories.

2.5.2

technique

Applicable circumstance for semiparametric

A somewhat familiar direction appears similar
to what is done in exposure study,that is,to find out
an association between genetic and environmental
factors with a certain disorder. For example, Tou-
chette et al. studied genetic and environmental influ-
ences on daytime and nighttime sleep duration in
childhood at 6, 18, 30, and 48 months of age'’,
which in fact is similar to the abovementioned stud-
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%1 To determine genetic

ies in previous section'’
factors, the authors used 995 twins (405 being
monozygotic and 586 dizygotic) ,to analyze daytime
and nighttime sleep duration trajectories that are a
time- varying factor, and semiparametric technique
showed that environmental factors affect all daytime
sleep duration trajectories while genetic factors
mainly influence nighttime sleep duration.

Take a step further, this type of studies ad-
vances to explore associations of gene-environment
interaction with a certain disease as well as a certain
phenotype ™ """ Tt is necessary to say that environ-
mental factors can be well beyond what is consid-
ered in previous section. For example,demographic,
behavioral and nutritional characteristics of mothers
could be considered as environmental factors ' .
Actually,one problem with those environmental fac-
tors is that they distribute very differently among
research subjects, which may lead to various distri-
bution constraints. The combination of genetic and
environmental factors can be expressed as fol-
lows!™ , logit p(Y =1 | G",G*,X) ,whereY is the
binary case-control status, G" and G° are the geno-
type pairs of a single-nucleotide polymorphism for
mother and child,and X is the vector of environmen-
tal variables. Indeed, this approach also considers
the gene-environment interaction, which appears

logi p(Y=1]|G",G.X)=B +pG"+p.G +
B X+ G XX,
where 8/G° X X is the gene-environment interaction.

A very important research direction in genetic

L10s=1071 'of which a

study is linked to microarray data
more technically oriented method may relate to the
optimal discovery procedure (ODP) that is a statis-
tic designed for large-scale significant testing in a-
nalysis of gene expression microarrays™'® """, This
optimal discovery procedure is somewhat based on
Neyman-Pearson definition-''"

probability of data under alternative distribution
probability of data under null distribution

therefore the optimal discovery procedure has a sim-

ilar formula

sum of probability of data; under each true alternative distribution
sum of probability of data; under true null distribution

In the case of gene expression microarrays,the opti-
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mal discovery procedure has a statistic as

g-7710+l («T) + gmo+2 (-T) +. . + 8m (T)
Fr @+ f2 @ s o ()

cance test ¢ has null probability density function f;

, where signifi-

and alternative density g; . So one needs to know the
distribution associated with each test as well as the
null or alternative is true for each test. At this
point,semiparametric technique was proposed in or-
der that prior distribution and posterior distribution
can be managed "%

2.5.3 Comparison studies

Ajaz et al analyzed the association of polymor-
phisms in the methylene tetrahydrofolate reductase
gene with the renal cell carcinomas,and found that
the combined genotype significantly increased the
risk of the tumors. Their study demonstrated that a
semiparametric expectation - maximization - based
haplotype analysis gave an evident result as that ob-
tained from the combined genotype analysis "%/,

In vaccine efficacy trials,an intriguing objective
is to estimate the vaccine effect to prevent infection
in terms of the genetic distance between the expo-
sing viral strain and the vaccine constructed strain,
which can be evaluate by using the continuous
mark- specific proportional hazards model. This
model can evaluate mark - specific vaccine efficacy
with adjustment for covariate effects, however, the
missingness of mark variable in failures was not ac-
counted. Sun and Gilbert developed two consistent
estimation approaches based on the inverse proba-
bility weighted (IPW) of the complete-case estima-
tor,and found that the augmented IPW estimator is
more efficient because of its double robustness prop-

L4 In practice,the auxiliary should be applied

erty
to complete cases, thus the use of nonparametric
density estimation is needed otherwise a reasonable
parametric model is specified. However, the defini-
tion of early and later viruses provides a univariate
mark that can be well-predicted, which reveals bene-
fits for analyzing the effects of vaccines.
2.6 Other research fields

Simeparametric technique still has applications
to different biomedical researches, which however
frequently overlap one another. For example, studies

on breast cancer could be classified as epidemiologi-
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cal studies as well as cancer studies with respect to
the research fields of interest although their objec-
tive could be the same. Therefore, there are many
applications, which need to be mentioned. To mini-
mize the size of this review,we do not detail the ap-
plications of semiparamtric technique in biomedical
settings with respect to covariates versus diseases. A
particular application, which is worth mentioning,is
the medical policy,where the costs of medical treat-

115~122
ment are the focus' ™%,

3 Takeaway message on semiparametric tech-

nique

Until this point in this review, we can observe
several advantages of semiparametric technique over
parametric and nonparametric techniques. As all
these techniques go through a modeling process, we
can start our elaborations along modeling line.

3.1 Dataset

Obviously, semiparametric technique does not
care whether or not a dataset is normally distribu-
ted,even length-biased sampling"'**!. This would al-
low to more pieces of prior information to enter a
model, and to make estimation and inference more
precise.

3.2 Covariates

The most impressive advantage of semipara-
metric technique nevertheless is to consider covari-
ates,including time- and space-varying covariates.
3.3 Control cases

For a natural phenomenon, it oftentimes has
difficulty to set control study. When using semipara-
metric technique, the time tendency can be consid-
ered. Information about the probability of disease
can be incorporated in the estimation procedure to
improve quality of parameter estimates, which can-
not be done in conventional case-control studies™**.
3.4 Statistical methods with semiparametric tech-
nique

So far semiparametric technique is used in man-
y statistical methods, for examples, semiparametric
Cox regression model, semiparametric Marshall -
Olkin models, semi-parametric Poisson regression,
semiparametric accelerated failure time frailty mod-

]

el®1 double-robust semiparametric estimatort?*?,
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. . . . 127 .
semiparametric stochastic modeling"*"’, semipara-

[128.129]

metric structural equation model , efficient

semiparametric mean - association estimation"
1[131]

130]
’

random effects quantile regression mode ,semip-

[132]

arametric smoothing , the semiparametric var-

ying-coefficient partially linear model""**, truncated

[134 1[135]

Dirichlet process™**, Copula mode , collabora-

tive double robust targeted maximum likelihood es-

. . [1z : : . [137
timation""”", overlapping scanning windows """,

SIMEX"**), semiparametric maximum likelihood

[139]

method , the jackknife resampling method"'"",

etc.
3.5 Software

Actually, software packages have been recently
reviewed"""" ,but a free software package is availa-
ble:R statistical software Comprehensive R Archive

Network (CRAN) mirror sitel'*? 7144,
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