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中 文 摘 要 ： 在很多生物醫學或流行病學的研究中，研究者渴望在有限預算下又
有高效益的設計。結果依賴採樣(Outcome-dependent sampling,
ODS)已經在很多研究中被證明是具有成本效益的抽樣方式，在ODS中
，樣本被抽到的機率是根據結果(outcome)，而且我們可以針對感興
趣的區間進行抽樣，成為輔助的樣本。在這個研究計畫中，我們達
成目標: 同時考慮多個疾病的存活分析，針對樣本的取得是來自
ODS設計。我們提出在ODS下的半母數加速壽命模型(semiparametric
accelerated failure time model)，使用估計方程式的方式的參數
估計，且模擬顯示我們的參數估計比其他方法更為有效。接著，我
們也使用此模型分析R資料庫中的資料，所得結果也吻合我們所預期
的。

中文關鍵詞： 加速時間模型; 結果依賴採樣; 多維度; 加權估計方程式; 半母數

英 文 摘 要 ： Researchers working on large biomedical and epidemiological
cohort observational
studies are always seeking for cost-effective designs due
to a limited budget. An
outcome-dependent sampling (ODS) design, a retrospective
sampling scheme where
one observes the covariates with a probability depending on
the outcome and selects
supplemental samples from the most informative and
appealing segments, improves
the study efficiency while effectively controlling for the
budget. For the multivariate
data under the ODS (MODS) design, Lu, Longnecker, and Zhou
(2017) proposed the
inference procedure for a general selection of the
continuous responses within a cluster,
which is a further generalization of the biased sampling.
In this paper, we consider an MODS design for time-to-
different-events data under
the framework of a semiparametric accelerated failure time
(AFT) model with multiple disease outcomes and clustered
failure times. We develop an estimating equation
approach, based on induced smoothing, for parameter
estimation, and the asymptotic
properties are established. Extensive simulation studies
show that our proposed design
and estimator are more efficiency and powerful than other
competing estimators. The
proposed method is illustrated with a real data set.

英文關鍵詞： Accelerated time model; Outcome-dependent sampling;
Multivariate; Weighted estimating equations;
Semiparametric.
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Abstract

Researchers working on large biomedical and epidemiological cohort observational

studies are always seeking for cost-effective designs due to a limited budget. An

outcome-dependent sampling (ODS) design, a retrospective sampling scheme where

one observes the covariates with a probability depending on the outcome and selects

supplemental samples from the most informative and appealing segments, improves

the study efficiency while effectively controlling for the budget. For the multivariate

data under the ODS (MODS) design, Lu, Longnecker, and Zhou (2017) proposed the

inference procedure for a general selection of the continuous responses within a cluster,

which is a further generalization of the biased sampling.

In this paper, we consider an MODS design for time-to-different-events data under

the framework of a semiparametric accelerated failure time (AFT) model with multi-

ple disease outcomes and clustered failure times. We develop an estimating equation

approach, based on induced smoothing, for parameter estimation, and the asymptotic

properties are established. Extensive simulation studies show that our proposed design

and estimator are more efficient and powerful than other competing estimators. The

proposed method is illustrated with a real data set.

Key words: Accelerated time model; Outcome-dependent sampling; Multivariate;

Weighted estimating equations; Semiparametric.
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1 Introduction

In the modern biomedical and epidemiological studies, it is common to see that much

cost is spent on the long follow-up of the subjects to acquire the covariate measurements.

Investigators instead have been seeking alternative cost-effective study designs to reduce

the cost while achieving the study power. Outcome-dependent sampling (ODS) design is a

retrospective sampling scheme where one randomly selects an overall random sample from

the underlying cohort population and some additional supplemental random samples through

the probability of selection, depending on the level of the outcome variable. The principal

idea is to concentrate resources on the segments of the greatest amount of information. By

allowing the probability of each individual to be selected into the ODS sample to depend on

the observed value of the outcome, researchers can enhance the study efficiency and reduce

the cost of the study, especially in the large cohort studies. Recent studies have discussed

a more generalized ODS design with continuous outcome variables (Chatterjee et al., 2003;

Song et al., 2009; Weaver and Zhou, 2005; Zhou et al., 2002, 2007, 2011).

For failure time data, the case-cohort study design (Prentice, 1986) is one of the most

widely used biased-sampling schemes and is particularly effective and appealing in large

epidemiological studies when the disease rate is low. The case-cohort design selects a simple

random sample (SRS), called a subcohort, from the underlying cohort. The measurements

of the main exposure variables are obtained for the subjects in the subcohort and for all the

failures, who experience the disease of interest, at the end of the study. When the diseases are

not rare, a generalized case-cohort study design along with its various estimating procedures

have been proposed for a single disease outcome. A stratified case-cohort design further

improves the study efficiency by dividing the cohort into some mutually exclusive strata

based on a discrete random variable. Each subcohort consists of an SRS from each stratum

and thereafter the complete covariate observations are assembled for the subcohort and all
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cases. Statistical inferences for case-cohort data under survival models have been developed

and discussed in most literatures, such as the commonly-used proportional hazards model

(Prentice, 1986; Self and Prentice, 1988; Lin and Ying, 1993; Barlow, 1994; Chen, 2001; Cai

and Zeng, 2004, 2007; Breslow and Wellner, 2007), the additive hazards model (Kulich and

Lin, 2000; Sun, Sun, and Flournoy, 2004), the accelerated failure time (AFT) model (Kang

and Cai, 2009) and others.

Researchers are interested in the fact that the subjects whose observed failure times are

very long or short, tend to provide more information. Ding et al. (2014) first considered a

general failure-time ODS sampling design for right-censored data, where a simple random

sample is selected from the underlying cohort and some additional supplemental samples

are drawn from the strata of interest which are mutually-exclusively partitioned from the

range of observed time of all the cases. They proposed maximum semiparametric empirical

likelihood estimation under the Cox proportional hazards model framework. Yu et al. (2015)

developed a weighted pseudo-score estimator using the additive hazards model for survival

data under the ODS sampling scheme. Above work has focused on analyzing the observed

data for a single disease outcome under the failure-time ODS design.

In practice, multivariate data have increasingly arisen in many contexts. It is of interest

to consider several diseases or several subtypes of a disease simultaneously. One could deal

with multiple disease outcomes by analyzing each disease separately. However, without

consideration of the induced correlation between outcomes may lead to erroneous and biased

estimates. The literature for inferences on the multivariate failure-time data is yet less

developed. Most proposed inference procedures were under the scope of the classical case-

control study design for clustered survival times (Lu and Shih, 2006; Kang and Cai, 2009;

Zhang, Schaubel, and Kalbfleisch, 2011). An appealing alternative in analyzing time-to-

event data is a semiparametric accelerated failure time (AFT) model, which directly links

the failure time to the covariates through a log-linear model without specifying the error
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distribution. However, the lack of valid computational methods was long the challenge for the

AFT model. Brown and Wang (2005) proposed computationally efficient estimators, using

the induced smoothing approach and replacing the nonsmooth equations with asymptotically

equivalent approach. Chiou, Kang, and Yan (2015) proposed weighted rank-based estimating

equations for the semiparametric AFT model for clustered failure times. The estimation

from the smoothed estimating procedures is particularly much more efficient; moreover, the

proposed inference approach allows various weight choices (Chiou, Kang, and Yan, 2014).

For the multivariate data under the ODS (MODS) design, Lu, Longnecker, and Zhou

(2016) proposed the inference procedure for a general selection of the continuous responses

within a cluster, which is a further generalization of the biased sampling. The proposed

approach for the MODS scheme is semiparametric where all the underlying distributions

of covariates are modeled nonparametrically by using the empirical likelihood methods. To

preserve the advantage of the ODS design and consider the failure time in the multivariate

form, a general MODS design for failure time data along with the new statistical inference

procedure is interesting and needs to be developed.

Much literature has shown that the females carrying BRCA1 or BRCA2 mutation have

a higher risk of breast cancer (Easton, Ford, and Bishop, 1995). Moreover, BRCA1 and

BRCA2 mutations have been identified in over 2 percent of Ashkenazi Jews (Struewing el

al., 1995). Struewing et al. (1997) estimated the risk of breast cancer among Ashkenazi

Jews from the Washington D.C. area, the carriers of either BRCA1 or BRCA2. A significant

characteristic of the data collected in their study was that the participants included pairs

of first-degree relatives. Our interest is to assess the impact of carrying either BRCA1 or

BRCA2 on the risk of breast cancer, which is ascertained as time to breast cancer (the

participant’s age) on the cluster level, as we will take advantage of the data from the pairs

as multivariate data. Later, we consider a general MODS scheme for the Ashkenazi data.

In this paper, we consider an MODS design for time-to-event data under the framework
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of the semiparametic AFT model with multiple disease outcomes and clustered failure times,

and develop an estimating equation approach for parameter estimation. The goal is to reap

in the benefit of such a survival MODS design and build a cost-efficient sampling scheme

through a new inferential method. The remainder of the paper is organized as follows.

In Section 2, we present the notation and the data structure under the MODS design with

continuous multivariate outcomes. The estimation procedure based on induced smoothing for

semiparametric AFT model under the MODS scheme is developed and the the asymptotic

properties are established. In Section 3, we conduct simulation studies to evaluate our

proposed estimator. We apply the proposed method to analyze the study data in Section 4.

Discussion and final remarks are given in Section 5.

2 Design and Estimating Approach

2.1 Multivariate AFT Model

Suppose that that there are N independent subjects in a large but finite cohort study and

there are K disease outcomes of interest. Let Ti = (Ti1, . . . , TiK)T be the log-transformed

independent failure time response vectors and Cik denote the corresponding log-transformed

censoring time for outcome k for subject i, where i = 1, . . . , N and k = 1, . . . , K. Cik is as-

sumed to be independent of the disease processes. The observed time is Xik = min(Tik, Cik).

Let 4ik = I(Tik ≤ Cik) denote an indicator for failure, where I(·) is an indicator function.

Let Yik(t) = I(Xik ≥ t) denote the at-risk process and Nik(t) = I(Xik ≤ t,4ik = 1) denote

the counting process for outcome k of subject i. Let Zik be a p-dimensional covariate vector

corresponding to the kth disease outcome for subject i. We assume that Tik and Cik are

independent conditional on Zik. Let τ be the end time for the study. Then the multivariate
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accelerated failure time model (Chiou, Kang and Yan, 2015) is

Tik = Z>ikβ + εik, i = 1, . . . , N ; k = 1, . . . , K, (1)

where β is a p-dimensional vector of fixed and unknown parameters of interest and the error

terms, εi = {εi1, . . . , εiK}, are independently and identically distributed for each subject i.

A subject may experience all, only some, or even none of the K diseases. In particular, we

can incorporate disease-specific effects in the model.

2.2 Multivariate-ODS Design

Let a = {ak, k = 1, . . . , K} and b = {bk, k = 1, . . . , K}, where ak and bk are known

constants and satisfying {ak > bk, ∀k}, be fixed cutpoints on the domain of observed failure

time Tk = {Tik, ∀i}. We first draw an overall simple random sample from the underlying

cohort. Then the supplemental samples can be selected under the criterion of interest. We

consider the following MODS sampling mechanism:

(i) SRS Component:

{
Ti,Xi

}
, i = 1, · · · , n0, from the underlying cohort;

(ii) Supplemental Component 1:

{
Ti,Xi | {Ti1 > a1, Ti2 > a2, . . . , TiK > aK}

}
, i =

1, . . . , n1 and k = 1, . . . , K ;

(iii) Supplemental Component 2:

{
Ti,Xi | {Ti1 < b1, Ti2 < b2, . . . , TiK < bK}

}
, i =

1, . . . , n2 and k = 1, . . . , K.

In other words, we are particularly interested in the segments where the subjects fail earlier

or much later. Without loss of generality, we consider the case when K = 2, i.e., each subject

will have at most two endpoints. The cutpoints are then set to be a1, a2, b1 and b2.

The samples from above components consist of the observed MODS sample and the total

sample size of the MODS is n = n0 + n1 + n2. We will adjust the size of the full cohort
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according to difference subcohort sample sizes and different censoring rates in order to obtain

an appointed sample size with the MODS samples.

2.3 Estimating Procedures

(This is simply the copy of your previous derivation for the AFT model...)

Let ei(β) = Xi − Z>i β be the ith residual and Ni(β; t) = ∆iI{ei(β) ≤ t} be the corre-

sponding counting process of the residuals. For full cohort data, a rank-based estimating

equations with a Gehan type weight are defined as

U(β) =
N∑
i=1

S(0)(β; t){Zi − Z̄(β; t)}dNi(β; t) =
N∑
i=1

N∑
j=1

∆i(Zi − Zj)I{ej(β) ≥ ei(β)} (2)

where Z̄(β; t) = S(1)(β; t)/S(0)(β; t) and S(d)(β; t) = N−1
∑N

j=1 Z
⊗dI{ej(β) ≥ t}. An induced

smoothed version of (2), Ũ(β) = EW{U(β + n−1/2W )} where

Ũ(β) =
n∑

i=1

n∑
j=1

∆i(Zi − Zj)Φ

{
ej(β)− ei(β)

rij

}
, , (3)

W ∼ N(0, Ip), r
2
ij = n−1(Zi − Zj)

>(Zi − Zj), Ip is a p-dimensional identity matrix, Φ(·)

denotes the standard normal cumulative distribution function, and EW{·} denotes an expec-

tation with respect to W

For ODS data, Zi’s are available only for the ODS sample, Thus, (3) cannot be evaluated.

We consider incorporating weights in the estimating functions. We use the weight function

proposed in Yu et al. (2015) in which the weight function for the ith subject is defined

as the inverse of the sampling probabilities. Let ξi and ηik be the indicators for the SRS

sample of size n0 and the supplemental sample from Ak of size nk, respectively. Let ζik be

the indicator for Ti to be included in Ak, i.e., I(Ti ∈ Ak) where ζi =
∑K

k=1 ζik. Assume

that limN→∞ n0/N = p, limN→∞ n/N = ρV and limN→∞ nk/n = ρk for k = 0, . . . , K where
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n =
∑K

k=0 nk. Then,

wi = ξi(1−∆i)(ρ0ρV )−1+ξi∆i(1−ζi)ρ0ρV )−1+ξi∆iζi+(1−ξi)∆i

K∑
k=1

πk(1− ρ0ρV )ζikηik
ρkρV

. (4)

Here we assume that nk/(Nk − n0,k) = rk where Nk and n0,k are the sizes of the full cohort

and SRS sample in the kth stratum, respectively.

The weighted version of Ũ(β) incorporating wi defined in (4) is

Ũc(β) =
N∑
i=1

N∑
j=1

wiwj∆i(Zi − Zj)Φ

{
ej(β)− ei(β)

rij

}
.

3 Simulation Studies

We assessed the performance of our proposed model for the finite sample properties by

conducting various simulation studies. In particular, we consider the following two methods

for selecting supplemental samples:

(i) Method 1:

(a) Supplemental component 1: {Ti,Xi | ∀k,Xik > ak and ∆ik = 1} , i = 1, . . . , n1 and k =

1, . . . , K ;

(b) Supplemental component 2: {Ti,Xi | ∀k,Xik < bk and ∆ik = 1} , i = 1, . . . , n2 and k =

1, . . . , K ;

(ii) Method 2:

(a) Supplemental component 1: {Ti,Xi | ∀k,Xik > ak, and ∃k,∆ik = 1} , i = 1, . . . , n1 and k =

1, . . . , K ;

(b) Supplemental component 2: {Ti,Xi | ∀k,Xik < bk, and ∃k,∆ik = 1} , i = 1, . . . , n2 and k =

1, . . . , K.
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For Method 1, all the observed times in a cluster should be failure times and satisfy the

criteria set by the cutpoints, in order to be sampled in the supplemental samples. In Method

3, we do not require all the observed times in a cluster need to be failure times as the former.

In other words, as long as there exists a failure and all the observed times in a cluster

satisfy criteria set by cutpoints, that cluster is eligible to be selected into the supplemental

sample. Note that for K = 2, Method 1 is reduced to the supplemental sampling design

considered in Lu et al. (2017). As one can expect, Method 1 would lead to the smallest sizes

of supplemental components if the censoring is high due to the restriction of all the elements

in a cluster to be failures.

Without loss of generality, we considered K = 2 and generated bivariate failure times,

Ti = (Ti1, Ti2) for each cluster i in a full cohort, from

log Tik = β0 + β1X1ik + β2X2ik + β3X3ik + εik, k = 1, 2, (5)

where X1ik was Bernoulli(0.5) and X2ik, X3ik ∼ N(0, 1).

[Table 1 about here.]

[Table 2 about here.]

[Table 3 about here.]

4 Analysis of the Ashkenazi Study Data

[Table 4 about here.]
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Table 1: METHOD = 1, N = 1000 and Censoring rate = 80%, Cut points = (0.3, 0.7)

Estimates SD(ESE) REFF

Method β1 β2 β3 β1 β2 β3 β1 β2 β3

- n0 = 100, supplemental proportion= (0.8, 0.8), (n1, n2) = (9.23, 16.36)

MODS 0.510 0.513 0.515 0.201(0.202) 0.113(0.106) 0.110(0.105) 1 1 1
SRS0 0.507 0.513 0.513 0.238(0.242) 0.133(0.126) 0.132(0.127) 1.19 1.18 1.19
SRS1 0.507 0.511 0.512 0.216(0.214) 0.121(0.112) 0.115(0.113) 1.08 1.08 1.05

- n0 = 200, supplemental proportion= (0.8, 0.8), (n1, n2) = (8.45, 14.49)

MODS 0.504 0.509 0.510 0.149(0.144) 0.077(0.076) 0.078(0.076) 1 1 1
SRS0 0.498 0.511 0.508 0.171(0.167) 0.092(0.090) 0.093(0.089) 1.15 1.19 1.19
SRS1 0.502 0.508 0.510 0.156(0.157) 0.085(0.083) 0.084(0.083) 1.05 1.11 1.08

SD: standard deviation of the parameter estimates, ESE: the mean of the standard error of the

estimator, REFF: Relative efficiency over MODS, MODS: MODS sample, SRS0: SRS sample of

size n0, SRS1: SRS sample of size as MODS

Table 2: METHOD = 1, N = 1000 and Censoring rate = 80%, Supplemental prop. = (0.8, 0.8)

Estimates SD(ESE) REFF

Method β1 β2 β3 β1 β2 β3 β1 β2 β3

- n0 = 100, cut points= (0.1, 0.9), (n1, n2) = (27.26, 16.00)

MODS 0.508 0.513 0.517 0.193(0.191) 0.104(0.099) 0.101(0.097) 1 1 1
SRS0 0.500 0.506 0.516 0.241(0.239) 0.128(0.126) 0.130(0.126) 1.25 1.23 1.30
SRS1 0.515 0.502 0.518 0.205(0.199) 0.108(0.106) 0.113(0.105) 1.06 1.04 1.13

- n0 = 100, cut points= (0.3, 0.7), (n1, n2) = (70.27, 44.58)

MODS 0.505 0.510 0.506 0.145(0.146) 0.077(0.076) 0.078(0.076) 1 1 1
SRS0 0.513 0.513 0.510 0.247(0.242) 0.132(0.129) 0.129(0.128) 1.70 1.72 1.66
SRS1 0.503 0.511 0.510 0.156(0.161) 0.086(0.085) 0.086(0.086) 1.08 1.12 1.11

SD: standard deviation of the parameter estimates, ESE: the mean of the standard error of the

estimator, REFF: Relative efficiency over MODS, MODS: MODS sample, SRS0: SRS sample of

size n0, SRS1: SRS sample of size as MODS

12



Table 3: METHOD = 2, N = 1000 and Censoring rate = 80%, Supplemental prop. = (0.8, 0.8)

Estimates SD(ESE) REFF

Method β1 β2 β3 β1 β2 β3 β1 β2 β3

- n0 = 100, cut points= (0.1, 0.9), (n1, n2) = (27.26, 16.00)

MODS 0.508 0.513 0.517 0.193(0.191) 0.104(0.099) 0.101(0.097) 1 1 1
SRS0 0.500 0.506 0.516 0.241(0.239) 0.128(0.126) 0.130(0.126) 1.25 1.23 1.30
SRS1 0.515 0.502 0.518 0.205(0.199) 0.108(0.106) 0.113(0.105) 1.06 1.04 1.13

- n0 = 100, cut points= (0.3, 0.7), (n1, n2) = (70.27, 44.58)

MODS 0.505 0.510 0.506 0.145(0.146) 0.077(0.076) 0.078(0.076) 1 1 1
SRS0 0.513 0.513 0.510 0.247(0.242) 0.132(0.129) 0.129(0.128) 1.70 1.72 1.66
SRS1 0.503 0.511 0.510 0.156(0.161) 0.086(0.085) 0.086(0.086) 1.08 1.12 1.11

SD: standard deviation of the parameter estimates, ESE: the mean of the standard error of the

estimator, REFF: Relative efficiency over MODS, MODS: MODS sample, SRS0: SRS sample of

size n0, SRS1: SRS sample of size as MODS
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Table 4: METHOD = 1, N = 1960, Cut points = (0.3, 0.7)

Estimate ESE

Method Age Age

1
- n0 = 100, (n1, n2) = (3, 1)

MODS -0.402 0.030
SRS0 -0.730 3.200
SRS1 -0.655 0.259

- n0 = 160, (n1, n2) = (3, 1)

MODS -0.926 0.405
SRS0 -0.918 0.408
SRS1 -0.401 0.181

2
- n0 = 100, (n1, n2) = (10, 10)

MODS -0.431 0.051
SRS0 -0.730 3.063
SRS1 -0.014 0.199

- n0 = 160, (n1, n2) = (20, 11)

MODS -0.418 0.043
SRS0 -0.918 0.399
SRS1 -0.333 0.440
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科技部補助專題研究計畫項下出席國際學術會議心得報告 

                                   日期：107年 10 月 30日 

                             

一、參加會議經過: 

   ICSA為 2018年 7月 2日至 7月 5日在中國青島香格里拉酒店兩年舉辦一次的國

際學術研討會。本會議主要內容為統計在各領域的研究。本人在此次會議所發表的

題目 : A Semiparametric Accelerated Failure Time Model under Multivariate 

Outcome Dependent Sample Design，摘要請參閱第五點。此次參加會議乃受以前

在美國就學的指導教授的邀請，並於會後與指導教授有更多的學術討論。 

 

二、與會心得: 

首先，我感謝科技部的支持與補助，使得能順利出席國際研討會。此次的會議

為兩年一次學術交流會議，與會者來自美國和亞洲國家，因此，對於台灣與其他國

家的學術交流進展十分有幫助，也讓我獲益良多。此外，與多位目前正在進行學術

合作的教授們透過參加此會議，可以面對面更進一步的討論，更是此行的 bonus! 

出國人員

姓名 

呂翠珊 

服務機構

及職稱 

國立臺灣師範大學數學系 

助理教授 

會議時間 

107年 7月 2日至 

107年 7月 5日 

會議地點 

(中文)青島，中國 

(英文) Qingdao, China 

會議名稱 

(中文) 2018泛華統計協會資料科學研討會 

(英文) 2018 International Chinese Statistical Association China Conference 

with the Focus on Data Science 
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三、建議 

無 

 

四、攜回資料名稱及內容 

1. 大會提供的手冊。 

 

五、附錄:  

本人的會議摘要: 

 
Researchers working on large biomedical and epidemiological cohort observational studies are always seeking 

for cost-effective designs due to a limited budget. An outcome-dependent sampling (ODS) design, a 

retrospective sampling scheme where one observes the covariates with a probability depending on the 

outcome and selects supplemental samples from the most informative and appealing segments, improves the 

study efficiency while effectively controlling for the budget. For the multivariate data under the ODS (MODS) 

design, Lu, Longnecker, and Zhou (2017) proposed the inference procedure for a general selection of the 

continuous responses within a cluster, which is a further generalization of the biased sampling. 

 

In this paper, we consider an MODS design for time-to-different-events data under the framework of a 

semiparametric accelerated failure time (AFT) model with multiple disease outcomes and clustered failure 

times. We develop an estimating equation approach, based on induced smoothing, for parameter estimation, 

and the asymptotic properties are established. Extensive simulation studies show that our proposed design and 

estimator are more efficient and powerful than other competing estimators. The proposed method is illustrated 

with a real data set. 

 



106年度專題研究計畫成果彙整表
計畫主持人：呂翠珊 計畫編號：106-2118-M-003-001-

計畫名稱：半母數加速壽命模型在多維度結果依賴設計下的統計分析

成果項目 量化 單位

質化
（說明：各成果項目請附佐證資料或細
項說明，如期刊名稱、年份、卷期、起
訖頁數、證號...等） 　　　　　　　

國
內

學術性論文

期刊論文 0
篇

研討會論文 0

專書 0 本

專書論文 0 章

技術報告 0 篇

其他 0 篇

智慧財產權
及成果

專利權
發明專利

申請中 0

件

已獲得 0

新型/設計專利 0

商標權 0

營業秘密 0

積體電路電路布局權 0

著作權 0

品種權 0

其他 0

技術移轉
件數 0 件

收入 0 千元

國
外

學術性論文

期刊論文 1
篇

投稿中

研討會論文 0

專書 0 本

專書論文 0 章

技術報告 0 篇

其他 1 篇 於國際研討會中報告研究成果

智慧財產權
及成果

專利權
發明專利

申請中 0

件

已獲得 0

新型/設計專利 0

商標權 0

營業秘密 0

積體電路電路布局權 0

著作權 0

品種權 0

其他 0



技術移轉
件數 0 件

收入 0 千元

參
與
計
畫
人
力

本國籍

大專生 0

人次

碩士生 4
負責計畫中的模型部分推導及資料蒐集
。

博士生 0

博士後研究員 0

專任助理 0

非本國籍

大專生 0

碩士生 0

博士生 0

博士後研究員 0

專任助理 0

其他成果
（無法以量化表達之成果如辦理學術活動
、獲得獎項、重要國際合作、研究成果國
際影響力及其他協助產業技術發展之具體
效益事項等，請以文字敘述填列。）　　



科技部補助專題研究計畫成果自評表

請就研究內容與原計畫相符程度、達成預期目標情況、研究成果之學術或應用價
值（簡要敘述成果所代表之意義、價值、影響或進一步發展之可能性）、是否適
合在學術期刊發表或申請專利、主要發現（簡要敘述成果是否具有政策應用參考
價值及具影響公共利益之重大發現）或其他有關價值等，作一綜合評估。

1. 請就研究內容與原計畫相符程度、達成預期目標情況作一綜合評估
■達成目標
□未達成目標（請說明，以100字為限）
　　□實驗失敗
　　□因故實驗中斷
　　□其他原因
說明：

2. 研究成果在學術期刊發表或申請專利等情形（請於其他欄註明專利及技轉之證
號、合約、申請及洽談等詳細資訊）
論文：□已發表　■未發表之文稿　□撰寫中　□無
專利：□已獲得　□申請中　■無
技轉：□已技轉　□洽談中　■無
其他：（以200字為限）

3. 請依學術成就、技術創新、社會影響等方面，評估研究成果之學術或應用價值
（簡要敘述成果所代表之意義、價值、影響或進一步發展之可能性，以500字
為限）
本計畫利用半母數加速壽命模型在多維度結果依賴設計下進行統計模型的建立
，然後透過大量的模擬觀察所得結果與預期相當接近。此研究成果將提供生物
醫學相關的研究者一種新的資料採樣方式，且是更節省經費又能提供高效能的
模型。我們預計將此方法發展到其他模型，尤其是針對存活的資料，常見像是
癌症的資料，我們期望為大量的醫學資料分析貢獻更多的幫助。

4. 主要發現
本研究具有政策應用參考價值：□否　■是，建議提供機關衛生福利部,
（勾選「是」者，請列舉建議可提供施政參考之業務主管機關）
本研究具影響公共利益之重大發現：■否　□是　
說明：（以150字為限）
此研究結果將可提供生物醫學研究者一種新的資料採樣方式及相關統計模型的
應用。


