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Abstract

Background: In many cases, the treatment of the patients is multi-
course, during which varying characteristics and indicators are pres-
ent. Therefore, the clinical data motivated by ongoing trials tends
to be high-dimensional. This is where longitudinal single biomarker
Covariate-Specific Treatment Effect (CSTE) curves are universally
employed to graphically explore the selection of optimal treatment
regimen and provide information about the effect of a therapeutic
intervention.

Methods: We extended the single biomarker clinical follow-up stud-
ies to multi-biomarker ones and devised the CSTE function using
separable univariate additive model, spline function, and the gen-
eralized estimating equation (GEE). When the data is increasingly
high-dimensional, penalised GEE is taken into account. At the same
time, the discretization of continuous variables is considered, the
sub-indicators of the CSTE curve of individual treatment are exam-
ined, and the confidence band is constructed by means of Hotelling
Tube methods.

Results: Simulation studies show that as the sample size increases,
the estimated values approximate the true values, the length of the
confidence intervals decreases while the coverage rate increases,
indicating good large-sample properties.
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Conclusion: The results of the simulation studies show that the pro-
posed method is feasible in handling high-dimensional covariates. It
can quantify variability associated with treatment selection and serve
as a reliable and uniform inferential tool in clinical follow-up studies.
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Background

In medical practice, doctors and patients will have to decide on the
best treatment regimen to maximize treatment benefit. In some cases,
it is a matter of “do or die”. Crucial as it is, the treatment selection
criteria suffer from “the curse of dimensionality”’, which means due to
factors known and unknown, some patients have higher likelihood of
cure after immediate surgery while others respond positively to less
invasive treatments. To tackle the problem of uncertainty associat-
ed with treatment selection, statistic techniques such as causal infer-
ence studies are conventionally employed, despite the fact that causal
effect is usually a constant rather than a function, hence a lack of
predictive ability of covariates in evaluating individualized treatment
selection of heterogeneous patients. In the literature, two approaches
and their hybrids made it possible to derive an optimal treatment rule.
The first approach targets at predicting the average result difference of
biomarkers in two comparison groups or multiple comparison groups.
Notably, the average result difference is not a constant but a biomark-
er-dependent function, and these biomarkers may be single, multiple
or even high-dimensional. For the selection of an optimal treatment
regimen based on a single biomarker, Ma and Zhou [1] proposed a
method using Covariate-Specific Treatment Effect (CSTE) curves,
which was followed up by Han et al., [2] based on the cases where the
outcome variables are binary.

Guo et al., [3] extended their research to high-dimensional data
which is cross-sectional rather than longitudinal, and failed to build
statistical inference upon the situation when the data was obtained
from actual treatments in multiple follow-ups and thus longitudinal.
To advance their study, Gao [4] investigated the longitudinal data
from repeated measurements of outcomes of a single biomarker by
using the spline-based Generalised Estimating Equation (GEE) meth-
od to estimate the CSTE curve, and identified its asymptotic nature.
Based on the asymptotic normality of CSTE curves, the confidence
bands in the CSTE curves were constructed. The results of numerical
simulation and case analysis show that the estimation of the CSTE
curve and its confidence band proved the efficiency of the estimators.

In practical scenarios, longitudinal follow-up studies often involve
multidimensional or high-dimensional covariates, attributable to the
inclusion of multiple biomarkers or high-dimensional biomarkers.
Based on this, an attempt was made to expend previous longitudi-
nal single-biomarker studies to multiple biomarker ones, and corre-
sponding CSTE curve estimation methods were presented. Regard-
ing the parameter estimation of CSTE curves for high-dimensional
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longitudinal data, the Smoothly Clipped Absolute Deviation (SCAD)
penalty was employed, specifically, the penalised GEE (PGEE) meth-
od utilized by Wang et al., [5] to estimate the parameters.

Despite being a robust strategy, the CSTE curves cannot generate
optimal treatment policy without the estimation of confidence bands.
Song [6] determined optimal treatment regimens via the Selection In-
fluence Curve (SIC) and employed the bootstrap method to obtain the
confidence band. Ma and Zhou [1] used the Resampling (RS) tech-
nique to construct the confidence bands for the CSTE curve with con-
tinuous response variables. Moreover, Zhou et al., [7] proved the as-
ymptotic normality of the regression spline and applied the Hotelling
Tube method to construct the confidence bands. Subsequently, Loader
et al., [8] and Krivobokovaa et al., [9] followed a similar approach in
constructing the confidence bands of the estimators.

Han et al., [2] applied this method to construct the confidence band
of the CSTE curve for cross-sectional data of single biomarker with
binary outcome. Gao also applied it to construct confidence band of
the CSTE curves with longitudinal single biomarkers, and Guo et al.,
constructed confidence bands of the CSTE curves using the Spline
Back-Kernel (SKB) estimators. In this paper, we applied Hotelling
Tube method to construct confidence band of the CSTE curves for
longitudinal data of multiple biomarkers and high-dimensional bio-
markers.

This paper is organized as follows:

In Section 2, we introduce the optimal treatment regimen selection
method based on CSTE curves using multivariate and high-dimen-
sional clinical follow-up data. Section 3 presents the simulation study,
and a conclusion is given in Section 4.

Optimal Treatment Regimen Selection Based on
CSTE Curves with Multivariate and High-Dimen-
sional Clinical Follow-Up Data

Defining CSTE curve with multivariate clinical follow-up
data

Notations are given here for the sake of convenience in the follow-
ing discussions.

We consider a sample of N subjects (i = 1,2,---- ,N), each of
whom was observed for M times. Let Y, (k) be the outcome variable of
the j-th observation of the i-th individual receiving the k-th treatment
regeimen, and the indicator variable WU.] represents whether the i-th
subject select the 1-th treatment regimen in the j-th observation. A val-
ue of 1 indicates acceptance of the 1-th treatment regimen, and 0, oth-
erwise. (W,]. " Wiﬂ, ------ , VV,‘,‘ e W,-? indicates the d-th treatment regimen
available for the j-th observation of the i-th subject. If there is only
one treatment option available, each subject has a pair of potential
outcomes in the j-th observation, denoted as (Y, (0),Y, (1)). If the i-th
subject is in the control group, then Y, (1) is an unobservable latent
variable and Y, (0) is an observable variable. If the i-th subject is in
the treatment group, then the opposite is true. Namely, Y,=w,7, M+
(1- W, ) is the measurable outcome variable of the i-th individual’s j-th
observation. X represents that the covariate of the j-th measurement

of the i-th subject is a vector, denoted as X,= (X,-, p X Xip )

Underlying Hypothesis 1: Stable unit treatment value, which im-
plies that subjects who receive treatments do not interfere with each
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other’s potential outcome, and for any concerned subject, each treat-
ment corresponds to only one potential outcome.

Underlying Hypothesis 2: The ignorability assumption, denoted

as, W L(Y(0),Y()| X, also known as the unconfoundedness assump-
tion, was proposed by Rosenbaum and Rubin (1983), who observed
that the treatment assignment is ignorable and does not depend on the
potential outcome.

Single treatment programs: Based on these hypotheses, the out-
come variables in a single binary treatment program, W, are:

Y, =W, Y, (1) +(1-W,) Y, (0)

ij

Let E(YU )= K hypothetically, g(.) is assumed to be a joint func-
tion with strict monotonicity, and there exists an inverse function de-

noted by g (.), i, ~g( W B, )+h(x,).

The CSTE curve for a longitudinal univariate single-treatment
regimen is assumed to be (Gao, 2020):

CSTEX) =g W EXIX=x,W=1))-g (EXIX=x,W =0))

However, the above definition was based on single covariate,
when there are multiple covariates, which is often the case in practice,
we redefine longitudinal multivariate CSTE function as:

CSTEX) =g Y EXIX=XW=1)—-g Y(EXIX =X,W =0))
Here, X is a vector.

Multiple treatment programs

Gao (2020) assumed that the CSTE curves for the k-th treatment
option of longitudinal univariate are:

CSTE(x) =g HEXIX =x,W =1) —g Y EXI|X =x, W = 0))

In the above equation, the / is a vector with the k-th element be-
ing 1 and the remaining elements being 0. The monotonicity of g (.)
can be obtained from the monotonicity of g (.). However, the above
definition is only based on one covariant and become unapplicable in
case of multiple covariates; Accordingly, we provide a definition of
multivariate variables. Assuming the CSTE curves for the k-th treat-
ment regimen of the longitudinal multivariate are:

CSTEx(X) =g Y E(YIX =X, W =1)) — g Y (E(YIX =X, W = 0))
Here, X is a vector.

CSTE curve estimation based on multivariate clinical fol-
low-up data

Estimation of CSTE function: B-spline function approximation

Applying the B-spline function to approximate our estimation of
the CSTE function leads to the following assumptions:
Assumption 1: Xi,_= XI_/_ 1’Xi;z7
component is a compact set.

~~~~~~ ’)(ijP ), in which the domain of each

Assumption 2: The distance between r nodes of B-spline basis func-
tion with order m+1 on the interval [a, b] is equal.

Assumption 3: The CSTE curve CSTE, (X) is m+1 order continuous
in the defined domain.

Volume 11 -« Issue7 + 100626

DOI: 10.24966/ACIM-7562/100626



http://dx.doi.org/10.24966/ACIM-7562/100425
http://dx.doi.org/10.24966/ACIM-7562/100626

Citation: Selection of Optimal Treatment Regimen for Individuals Using Multivariate Assessments During Clinical Follow-up. HSOA J Altern Complement Integr Med

11: 626.

- Page3of6 -

Assumption 4: The presence of a C > 0 maker = CNV@m*D,

Suppose the biological indicators of the subjects are denoted as X,
then the value for each component is respectively [a,,b, ]+ [a,b,]:

T
Bu)(Xin),Y,n“ = (3(1)1(Xi;1). Bz (Xija ) B(l)r+m+1(Xiil)) <<<<<<

T
where Bip) (XijP):"H = (B(P)I(XUP)' Bepyz(Xije), rB(P)r+m+1(XijP)) is a vector of B-spline basis

functions of order m+1 with » nodes on each interval. Next, we use this vector to approximate:

T
Here, Vi = (V(1)1k » Vayzk o » V(@)yremsik ) . And others abide by the same token.

The original model can be approximated as follows:

CSTE((X) =g WE(IX =X, W = 1)) - g {(EIX =X, W =0))
= B0 = VayeBy(XDT + -+ VB (Xp)T
Also denoted as:
71X = (Wi By (X)) + -
+ Bipy(Xp)T ), Wiz (Bay(X)T + -+ 4 Bipy (Xp)T )T, - -, Wy (Biay (X1)T
4 sumes + By (Xp)T ), By (X)T 4 +ov e + By (X))
and V = (Vg, Ve ),

Thus, E(Y;) = myj = g B (X) + h(X)) = gmCO™V).
What is worth noticing is that the coupling function g(.) has strict

monotonicity and there exists an inverse function for that g'(.), both
of which have the same monotonicity.

Model parameter estimation

Denoting vur(}’ij) =g/ (WJ,B(XU) + h(Xlrj)) @ = g/ (@(X)"V) g, where Y;; covariance matrix is
assumed to be a function of marginal mean and parameter a:

COV(YIMKV) = C(.uiu,.u'w; a) =c (g(n(f'(iu)TV); g (E(Xw)TV)i a) = R(a)

where c(.) is a known function and u# and v are measurement No. u
and No. v respectively.

Assumption 5 Given V and @ , the estimation of the parameter  in
the work correlation matrix & has VN consistency.

Assumption 6 Given V" and ¢ , the estimation of the 9 has VN con-
sistency.

Assumption 7 9& (V. ¢) g;’ ) v, v) + 0(1)

The GEE method was applied for parameter estimation, while we
introduced several variables.

Let: A; = diag{g/(n(X;))™V), g/ (n(X)TV), -, g/ (x(Xip) "V}
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The estimated equation is as follows:
N fag(rC) V" L Nt
swon =Y (LEDD) (sr@ai) (4= o600 =0,

i=

where the estimation of the given work-related matrix in practice
is R(@) and the estimation of variance is 4;. In this case, the solution
for the estimated equation can be obtained by iterating using Fisher’s
scoring method for parameter estimation.

CSTE estimation of asymptotic normality

The asymptotic normality of the estimation of longitudinal uni-
variate CSTE curves was proven by Gao (2020). On this basis, under
the above assumptions in this paper, it was not difficult to obtain the
following properties of CSTEj:

CSTEx(X) uniform convergence in CSTE (X) and

CSTEx(X) = N(CSTEg(X), B(X)"ex X ex” B(X)),

Y ={3¥, D vt D3t B, DI Vi (Y; — g(m(X)™W))(Y; — H(W(Xi)TV))TVleiT{Zﬁl DI VDY,
Among them,

Ag(=(x)1V
D; = 9 ut ).

Next, we apply Hotelling Tube method to construct the confidence
band for the simultaneous promotion of CSTE curves over the entire
domain of definition.

Construction of confidence bands for the generalization of
CSTE estimation

In fact, if there are two covariates, the geometric meaning of the
CSTE function is no longer a curve but a surface. For the convenience
of research and to visually demonstrate how to select the optimal
treatment regimen as different covariates change, when we examine a
certain covariate, we might as well take other covariates as a certain
constant in the definition domain. For example, if there are two co-
variates, one is discrete as X, with values of 1 and 2, and the other is
continuous as X,. We set the value of X, as 1, CSTE (X) = CSTE (X,=
1,X, ) remains a curve, and the treatment regimen is selected based on
the change in the value of the biological indicators X,. Similarly, when
X, has a value of 2, CSTE (X) = CSTE (X, = 2,X, ) remains a curve,
and the treatment regimen is selected based on the change in the value
of the biological indicator X,

At the same time, as is well-known, continuous variables can be
discretised, especially in actual treatment. For the normal range of
some biological indicators, we may as well mark the value as 1, and
mark the non-normal range as 2. Therefore, the continuous variable
X, can be discretized according to the practical significance of its val-
ue. Assuming that the values are 1 and 2, respectively, we get CSTE
(X) = CSTE (X,X,=1) and CSTE (X) = CSTE (X,X,=2) separately,
and make the choice of treatment according to the change of the value
of the biological indicator X,. For multiple covariates, the method is
analogous. In the following discussion, we assume that the variable
which is not a constant in the multi-dimensional CSTE curve estima-
tion is X, with the value of and the domain of definition is [a,b].

Based on the assumptions of this paper and a sufficiently large
sample size, it was not difficult to obtain the following conclusions by
applying Hotelling Tube method:

P( sup |Br(X)-Br (X)) o

a<x<b W

>l —a
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where , satisfies:

o= meiT +2(1-g(c,))
T

Where by the confidence bands for the CSTE curve are:

CSTE curve estimation for high-dimensional clinical fol-
low-up data

In this section, we examined the CSTE curve estimation in the
case of high-dimensional data. The CSTE estimation is still in accor-
dance with the above discussed B-spline function approximation. In
addition, we resolved the high-dimensional problem using the SCAD
penalty in the parameter estimation, that is, we applied the PGEE
method in the parameter estimation:

U) = S(v) — p, (IV])sign(V)

=Z(WJ [AER(«)AE] (¥, - g@(X )Y V) - PV Dsign(V) =0

where
pi(6) = A{1(6<2) +£=2:1(0> 7).

(a—1)2

Simulation Study

In this section, we investigate the feasibility and large sample
property of our proposed method via simulated datasets.

Simulation study of the multivariate clinical follow-up data

300 datasets were randomly generated in order to examine the
three covariates, then, the specific covariates and the treatment pro-
gram indicator variables were generated as follows:

X, ~Uniform(0,0.8), X,~Uniform(0,0.9), X;~N(0.5,0.16), T~B(0.6)
where the outcome variables are: Y,.j=g(X) T+h(X)+.9l.j
g(X) = 0.1(X1)% + 0.2(X2)* + 0.3(X3)*and h(X) = 0.3(X1)* + 0.1(X2)° + 0.2(X3)?

£, ~N(0.Z)

)

where » for the structural correlation matrix is as follows:

L1 [2] [:3] [4] [.51
[1.] 1.0000000 0.667000 0.444889 0.296741 0.1979262
[2,] 0.6670000 1.000000 0.667000 0.444889 0.2967410
[3.] 0.4448890 0.667000 1.000000 0.667000 0.4448890
[4,] 0.2967410 0.444889 0.667000 1.000000 0.6670000
[5.] 0.1979262 0.296741 0.444889 0.667000 1.0000000

HSOA J Altern Complement Integr Med ISSN: 2470-7562, Open Access Journal

The evaluation of the goodness-of-fit of the GEE adopts the QIC
and QICC criteria based on the quasi-likelihood function, as the like-
lihood function is no longer applicable to the GEE. Here, QIC was
used to select the correlation matrix under a given model, while QICC
was used to select the model under a given correlation matrix. For
both indices, the smaller the value, the better the corresponding struc-
ture or model.

Factoring in the estimation method of the correlation matrix to
three settings, namely, independent structure, unspecified structure
and autocorrelation structure when generating simulation data. 300
experiments were conducted for each setting to observe the estima-
tion of the parameters and the CSTE curves. In the experiments, the
smoothing parameters, m and », were determined by cross-validation,
and the QICs estimated by different combinations of m and » were
compared to select the smoothing parameter combination that mini-
mises the QIC. table 1 shows the mean square error (MSE) and mean
absolute error (MAE) in the CSTE curve estimation.

Sample Associated
. MSE MAE Ccp Length
size array types
Exchange-
ble 0.03231677 | 0.12751007 | 0.99031200 | 0.91701638
al
Autocorrela-
X 0.01602450 | 0.07993835 | 0.98682800 0.53886455
tion structure
500
Independence 0.1071688 0.2419963 0.9958240 1.7860859
Without
specifying 0.1052969 0.2000057 0.9866958 6.9972548
the structure
Exchange-
ble 0.02048433 | 0.09591628 | 0.99368200 | 0.67388231
al
Autocorrela-
. 0.01221517 | 0.06345883 | 0.98803200 0.39740128
tion structure
1000
Independence | 0.05670803 | 0.17538938 | 0.99692600 | 131077785
Without
specifying 0.06650566 | 0.14969630 | 0.98200419 3.31338835
the structure
Exchange-
ble 0.01458137 | 0.07549826 | 0.98989300 | 0.49166377
al
Autocorrela-
X 0.01042161 | 0.05396849 | 0.97826800 0.29541488
tion structure
2000
Independence | 0.03272665 | 0.12897410 | 0.99672700 | 0.95677027
Without
specifying 0.03545137 | 0.11072930 | 0.98594726 1.67024123
the structure
Table 1: Estimates of the CSTE function for Simulation 1: Multivariate
clinical follow-up and confidence bands.
Abbreviations: CP, coverage probabilities; MAE, mean absolute error;
MSE, mean square error.

It can be seen from table 1 that as the sample size increases, the
MSE and MAE decrease, the length of the confidence interval de-
creases, and the coverage rate increases. Whether the correlation ma-
trix type is correctly specified or not, both MSE and MAE are rela-
tively small, and they are the smallest when the correlation matrix
type is correctly specified.

In figure 1, we discretised variables X, and X, If both <0.5, they
take the value of 1, otherwise, 0. We consider the case where X takes
the value of 1 and X takes the value of 0. By examining the CSTE
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Figure 1: Simulation 1: CSTE curve.

curves with the change of X, it can be seen that the curves are all >0
within the range of the X values, so the treatment regimen should be
selected.

Simulation study of high-dimensional clinical follow-up
data

300 datasets were randomly generated in order to examine the
three covariates, then, the specific covariates and the treatment pro-
gram indicator variables were generated as follows:

X,~U(0,0.1), X,~U(0,0.5), X;~U(0,0.1), X,~U(0,0.2)
X5~U(0,0.3), X,~U(0,0.4), X,~U(0,0.5), Xg~U(0,0.6)
Xo~U(0,0.7), X;,~U(0,0.8), X;,~U(0,0.15), X;,~U(0,0.8), T~B(0.6);
The outcome variables are: Yj; = g(X)T + h(X) + ¢;;
g(X) = 0.1X, + 0.2X, + 0.3X5 + 0.2X, + 0.1X5 + 0.3X + 0.2X, + 0.1X, + 0.1X, + 0.3X,, + 0.2X,,
+0.1X;,

h(X) = 0.3X1 + 0.1X, + 0.2X3 + 0.1X, + 0.3Xs5 + 0.2X¢ + 0.1X7 + 0.3Xg + 0.3Xo + 0.2X10
+0.1X,, + 03X,

£,~N0.3)

where } for the structural correlation matrix is as follows:

(1] (2] [3] [4] [51

[1.] 1.0000000 0.667000 0.444889 0.296741 0.1979262
[2,] 0.6670000 1.000000 0.667000 0.444889 0.2967410
[3.] 0.4448890 0.667000 1.000000 0.667000 0.4448890
[4,] 0.2967410 0.444889 0.667000 1.000000 0.6670000
[5.] 0.1979262 0.296741 0.444889 0.667000 1.0000000

As can be seen from table 2, MSE and MAE are decreasing as the
sample size increases, and both MSE and MAE are smaller with or
without the correctly specified correlation matrix type, with the small-
est in the correctly specified case.

Conclusion

In this paper, we proposed the estimation method for multivariate
CSTE curves in clinical follow-up by taking account of the definition
of longitudinal univariate CSTE curves and using GEE and spline
function estimation with an additive model. The confidential band we

HSOA J Altern Complement Integr Med ISSN: 2470-7562, Open Access Journal

Sample size Associated array types MSE MAE
Exchangeable 0.04512008 0.14262900
Autocorrelation structure 0.1081171 0.2149774
500 Independence 0.02697552 0.12490880
Without specifying the
0.1081171 0.2149774
structure
Exchangeable 0.02715838 0.10864697
Autocorrelation structure 0.07464237 0.1698040
1000 Independence 0.02402516 0.11848331
Without specifying the
0.07464237 0.1698040
structure
Exchangeable 0.01604547 0.08131358
Autocorrelation structure 0.05775575 0.1392986
2000 Independence 0.01240049 0.08403477
Without specifying the
0.05775575 0.1392986
structure
Table 2: Estimates of the CSTE function for Simulation 2: high-dimen-
sional clinical follow-up.
Abbreviations: MAE, mean absolute error; MSE, mean square error.

constructed may grant a higher percentage of success in therapeutical
decisions. As for high-dimensional CSTE curves, PGEE is exploited
to model the selection impact curve. Simulation studies show that as
the sample size increases, the estimated values approximate the true
values, the length of the confidence intervals decreases while the cov-
erage rate increases, indicating good large-sample properties.
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