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SUMMARY: One central task in precision medicine is to establish individualized treatment rules (ITRs) for patients
with heterogeneous responses to different therapies. Motivated from a randomized clinical trial for Type 2 diabetic
patients on a comparison of two drugs, i.e. pioglitazone and gliclazide, we consider a problem: utilizing promising
candidate biomarkers to improve an existing ITR. This calls for a biomarker evaluation procedure that enables to
gauge added values of individual biomarkers. We propose an assessment analytic, termed as net benefit index (NBI),
that quantifies a contrast between the resulting gain and loss of treatment benefits when a biomarker enters ITR
to reallocate patients in treatments. We optimize reallocation schemes via outcome weighted learning (OWL), from
which the optimal treatment group labels are generated by weighted support vector machine (SVM). To account
for sampling uncertainty in assessing a biomarker, we propose an NBI-based test for a significant improvement over
the existing ITR, where the empirical null distribution is constructed via the method of stratified permutation by
treatment arms. Applying NBI to the motivating diabetes trial, we found that baseline fasting insulin is an important
biomarker that leads to an improvement over an existing I'TR based only on patient’s baseline fasting plasma glucose

(FPG), age and body mass index (BMI) to reduce FPG over a period of 52 weeks’ treatment.
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Net Benefit Index

1. Introduction

Utility of the newly discovered biomarkers, such as omics-markers, from basic sciences to
facilitate better and more cost-effective clinical practice is of critical importance in transla-
tional medicine. In connection to the emerging field of personalized medicine, one central task
is to update the existing individualized treatment rules (ITRs) using new biomarkers with
the aim to receive better clinical benefit. A noticable shortcoming in the current statistical
literature of personalized medicine is a lack of such methods to evaluate the significance of
individual biomarkers in improving the existing ['TRs. Perhaps this has been regarded as
a small mathematical problem, but such methodological need is not easy to be addressed
appropriately given many practical constraints involved, such as clinical benefit and medical
cost associated with the inclusion of such biomarkers in daily clinical practice. This paper is
intended to fill in this technical gap with a specific objective of developing a new statistical
procedure to assess the usefulness of a biomarker in the context of personalized medicine.
Motivated from a randomized clinical trial comparing two drugs, i.e. pioglitazone and
gliclazide, on treating Type 2 diabetic patients, we propose, examine and illustrate a new
statistical framework, termed as net benefit index (NBI), to analytically and numerically
quantify added values of candidate biomarkers when they are used to update an existing
ITR. We consider an existing ITR involving age, body mass index (BMI) and baseline fasting
plasma glucose (FPG) to maximize the reduction of FPG after 52 weeks of treatment. With
several new variables like Hemoglobin Alc (HbAlc), fasting insulin, etc., we want to evaluate
their added values, and decide which one or ones can significantly improve the existing ['TR.
Added value of a promising biomarker is gauged by a contrast between the resulting gain
and loss of clinical benefits from reallocations of treatments through a revised I'TR with the
utility of this new biomarker. Reallocation is optimized by outcome weighted learning (OWL)

(Zhao et al., 2012). In addition, we consider an NBI-based test for significance of a certain
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added value in which the empirical null distribution is generated via stratified permutation by
treatment arms. Through this procedure, biomarkers that significantly improve an existing
ITR are sequentially selected to revise current allocation rules, where the biomarker selection
is controlled under false discovery rate (FDR) to avoid the issue of overfitting. Note that
overfitting in terms of the number of biomarkers is practically unattractive due to higher costs
and longer time spent on collecting samples that essentially produce redundant information,
which may undermine the accuracy and interpretation of an estimated I'TR.

While NBI allows to evaluate the contribution of new biomarkers under controlled FDR, it
avoids some other problems known in existing biomarker selection techniques in the context
of personalized medicine. In the field of decision-making, variable selection should target
primarily at prescriptive variables that help prescribe the optimal action, instead of the
predictive variables that reduce the variability and increase the accuracy of an estimator.
A prescriptive variable has to have a qualitative interaction with the treatment (Gunter
et al., 2011). A variable is said to qualitatively interact with the treatment if there exists at
least two distinct, non-empty sets within the space of the variable, for which the treatment
arms that maximize the expected clinical benefit are distinct (Gunter et al., 2011). Qian
and Murphy (2011) proposes a two-stage Q-learning (Q denoting “quality”) (Watkins, 1989)
procedure that employs the [i-penalty for variable selection to estimate an optimal ITR. Lu
et al. (2013) develops a penalized regression framework, known as a kind of A-learning (A
denoting “advantage”) (Murphy, 2003) that allows to simultaneously estimate an optimal
ITR and to selcet an important variables. However, neither of these two methods specifically
targets at the selection of prescriptive variables. Gunter et al. (2011) proposes two variable-
ranking criteria, U-score and S-score, for variable selection via quanlitative interactions. But
one limitation of these criteria is the ignorance of the correlations between the variables. To

overcome this issue, Fan et al. (2016) develops a sequential advantage selection (SAS) method
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based on a modified version of S-score. SAS sequentially evaluates additional values of new
variables via qualitative interactions, so that it can avoid identifying any variables marginally
important but jointly unimportant. However, SAS lacks its direct relevance in clinical practice
as it does not directly optimize treatment benefit objective for ITR, instead building models
with sequantially added interaction terms under a statistical criterion of mean squared error.
Different from these existing methods, NBI has the following advantages: (i) NBI directly
optimizes treatment grouping labels to maximize the expected clinical benefit; (ii) NBI selects
important prescriptive variables beneficial for treatment allocation; (iii) NBI is naturally
applicable for non-linear decision rules due to the invocation of support vector machine
(SVM); (iv) NBI sequantially selects biomarkers into an existing ITR through FDR control.

The remainder of the paper is organized as follows. Section 2 introduces the motivating
diabetes clinical trial, followed by the framework of NBI for biomarker assessment in Sec-
tion 3. Section 4 evaluates the proposed NBI test through simulation experiments. The NBI
method is illustrated by the motivating clinical trial in Section 5. Section 6 contains some

concluding remarks. Some additional results are available in the Supporting Information.

2. Application: A Diabetes Clinical Trial

This is a randomized control and double-blind trial that aims to compare the therapeutic
effects of pioglitazone and gliclazide in treating patients with Type 2 diabetes. Pioglitazone
and gliclazide are two common oral medications with different therapeutic mechanisms for
the treatment of Type 2 diabetic patients. A total of 1,270 patients with Type 2 diabetes
were recruited into the trial. All the eligible patients were randomized to a 52-week treatment
period. The outcomes of interest is the change of FPG between the last post-treatment
meansurement and baseline. FPG was measured repeatedly at baseline and at week 4, 8, 12 up
to 52. Other variables measured at baseline included age, BMI, HbAlc, fasting insulin, high-

density lipoproteins (HDL), low-density lipoproteins (LDL), aspartate transferases (AST),
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alanine transferases (ALT), total cholesterol, triglycerides, creatinine, and gamma-glutamyl
transferase (GGT). After deleting subjects with missing data, a sample of 830 patients re-
mains available for analysis, with 424 assigned to pioglitazone and 406 assigned to gliclazide.
Due to loss of follow-up, some of the patients had the last post-treatment measurement
taken at week 32 or 42, resulting in a shorter period of treatment. Charbonnel et al. (2005)
performs a non-inferiority test for the differential treatment effects between these two drugs
on the reduction of FPG and illustrates a significantly greater mean reduction of FPG by
pioglitazone (2.4 mmol/L) than by gliclazide (2.0 mmol/L), with a treatment difference of
0.4 mmol/L in favour of pioglitazone (95% CI 0.1 to 0.7 mmol/L). The comparison of FPG
reduction rate illustrates that pioglitazone leads to a more effective FPG reduction (0.049
mmol/L/week) than gliclazide (0.038 mmol/L/week), with a treatment difference of 0.011

mmol/L/week (95% CI 0.003 to 0.019 mmol/L/week) (Figure 1).

[Figure 1 about here.|

The previous analysis finds a significant treatment difference on population average be-
tween pioglitazone and gliclazide in reducing FPG. However, for individual patients, some
taking pioglitazone may receive little benefit, while some taking gliclazide may receive
significant benefit. Given such heterogeneous responses to these drugs, an optimal ITR is
deemed necessary to increase the benefit by shuffling patients in a systematic way to assign
each patient to the “right” drug. This purpose of reallocation may be formulated and achieved
with the aim to maximize the expected FPG reduction via a revised drug allocation rule.
Consider a simple preliminary I'TR that involves only baseline FPG, age and BMI, denoted
by ITR(b.FPG, age, BMI). Age and BMI are two commonly used demographics for treatment
assignment, while baseline FPG is a key clinical factor representing a personal reference level
for the target endpoint. Among the available additional candidate biomarkers, we want to

determine which ones may provide significant added values to improve ITR(b.FPG, age,
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BMI); if there are some, the expanded ITR is expected to provide higher treatment benefit

than that given by the preliminary ITR.

3. Formulation

3.1 Outcome Weighted Learning and Optimal ITR

Consider a two-armed randomized clinical trial where each patient is randomly assigned a
treatment A € A = {—1,1}. A = —1 is the traditional treatment, say gliclazide. A = 1 is the
new treatmnet, say pioglitazone. Complete randomization implies that the treatment alloca-
tion scheme is independent of patients’ prognostic variables, denoted as X = (X1, ..., Xy4)T €
X C R% Potential clinical benefit B*(A) is the outcome that would result if a patient were
assigned to A. Since each patient takes only one treatment, the observed clinical benefit is
given by B = I(A = 1)B*(1) + I(A = —1)B*(—1), which is determined by A. The other
potential clinical benefit is latent with no data captured. Suppose that B is bounded with a
larger value of B being clinically more desirable. The primary aim of personalized medicine
is to establish a decision rule D(X), a mapping X — A, that maximizes the expectation of
the clinical benefit. The following three assumptions are typically required for computing the
expectation of the clinical benefit: a) Consistency assumption: B = [(A = 1)B*(1) + (A =
—1)B*(—1); b) No unmeasured confounders assumption: A L {B*(a)}.ca|X; ¢) Positivity
assumption: P{P(A =a|X) > 0} = 1,Va € A (Robins, 1997).

In this paper, the optimal ITR refers to the decision rule D*(X) that maximizes the
expected clinical benefit V(D) = E {%B}, which according to Zhao et al. (2012)
may be formulated as a weighted classification problem that can be solved by SVM in the
context of OWL (see details in the Supporting Information). The optimization problem of
OWL has very relevant interpretations to our definition of NBI. For patients with large

observed benefits, the optimality encourages to allocate the same treatment type as the one
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previously assigned. Conversely, for those receiving small observed benefits, the optimality
tends to assign the alternative treatment type. Note that in the diabetes trial, the actually
implemented allocation is complete randomization, i.e. P(A|X) = P(A) = 1/2. But this
might not give the best personalized drug allocation rule as randomization primarily aims
to control confounding not to maximize treatment benefit. Clearly, the optimal decision rule

D*(X) will give a higher overall clinical benefit in comparing to completely randomized trial.

3.2 Treatment Reallocation

Let D(X) be a decision rule based on features X. The optimization for D(X) imposed by
OWL encourages concordant treatment assignment on patient who receives clearly treatment
benefit. In other words, with the invocation of OWL, patients who are assigned D(X) = A
tend to have larger benefit than those who receive D(X) # A. Denote an existing decision
function by f.(X,) and the corresponding decision rule by D.(X.) based on the existing
variables X .. Likewise, denote an updated decision function by f,(X., X,) and the cor-
responding updated decision rule by D,(X., X,) by involving new variables X ,. Under
decision rules D.(X.) and D,(X,., X,), there exist two subgroups of patients who receive
the same treatment allocation, i.e. D.(X.) = Aand D,(X., X,) = A, respectively. For those
patients who are assigned the same treatment by D.(X.) and D, (X., X,), the inclusion of
a new biomarker does not lead to any benefit gain. Thus they should be excluded from the
assessment of the difference caused by the biomarker. In other words, only thoes patients
who are assigned a different treatment by D, (X., X,) from that by D.(X.) should be used

to define an effective amount of clinical benefit.
[Figure 2 about here.|

Figure 2 illustrates a simple example showing the different groups of subjects included
in the calculation of V(D) when new biomarker X5 is used in the learning of an updated

decision function f(X;, X3) compared to f(X;). Subjects randomly assigned to A = 1 and
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A = —1 in the trial are denoted by circles and triangles. The sizes of circles and triangles
reflect the magnitude of clinical benefit, with a bigger size corresponding to a larger benefit.
Only those subjects in black are effectively included in the calculation of V(D) since they are
assigned the concordant treatment D(X ) = A. By comparing the black circles and triangles
in Figure 2(a) and 2(b), we can find that a circle and a triangle (pointed by arrows) are
newly included in the calculation of V' (D), indicating that there is a gain as the consequence
of reallocation by f(X7, X5). At the same time, another circle and another triangle (pointed
by arrows) are excluded from the calculation of V(D), indicating that there is a loss. Since
the newly included subjects have larger benefit (larger size), the gain exceeds the loss in
the expected benefit value. Note that only subjects with f(X;) x f(X1,X2) < 0 will be
included into the respective groups “gain” and “loss” since they have switching allocations
from D(X,.) to D(X,, X,). Technically, they are the ones responsible for a difference in the
calculation of V(D). It is conceptually appealing to quantify the contrast between “gain”
and “loss” to understand the influence of a new biomarker for added value in personalized
treatment allocation. We assume the following ethics conditional on reallocation treatment.
Assumption 1. Let D(X) be an allocation rule based on variable X, and let B(A|X) be
the observed benefit when D(X) = A. Suppose Ve > 0, 30(¢) < ¢, such that P{B(A%|X) >
B(A|X)|B(A|X) <€} >1—0(¢), where A° is the alternative treatment to A.

Assumption 1 implies that when the clinical benefit of a patient receiving treatment A
tends to zero, with probability approaching to 1 there is no loss of benefit for allocating the

alternative treatment A° to the patient.

3.3 Net Benefit Index (NBI)

Let B; be the observed benefit value for each patient, ¢ = 1, ..., n. Denote Sgain as the sample
of patients in group “gain”, and Sy as the sample of patients in group “loss”. A net benefit

index for a new biomarker X, is defined as follows:
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Definition (Net Benefit Index).

NBI(X,) = Ziesgain B;/P(A;| X5) B ZieSlogs B;/P(Ai| X;) "
v Ziesgain 1/P(Ai|Xi) Zie&oss 1/P(Ai|Xi) .

Remark 1. In the case of a randomized clinical trial, propensity P(A;|X;) = P(4;) =1/2

for i =1,...,n. Let nNgain = |Sgain| and niess = |Sioss|, NBI becomes:
NBI= } Bi/ngain = D Bi/nios = Bsun = B (2)
iesgain iesloss

which is actually the difference of the average observed benefits of Sgain and Siss. Clearly,
NBI > 0 suggests that a new biomarker is potentially valuable to improve I'TR.
Remark 2. To account for sampling variability, we propose a standardized NBI as:
standardized-NBI(X,) = (Bs,,. — Bs...)/ :E% + %, where s2,;, and sj are sample
variances of observed benefits for Sgain and Siess, respectively.

The calculation of NBI and standardized NBI for X, is given by Algorithm 1. Note that

the minimal sample size, Ngain = 5 and njees = 5, is required in the calculation of standardized

NBI to have numerical stability.

Algorithm 1 Calculation of standardized-NBI(X,,)
1: Establish models f.(X,.) and f,(X., X,) using OWL on a training dataset.

2: Get classifications D.(X.) and D, (X,, X,) for subjects in a NBI evaluation dataset.
3: Characterize samples Sgain and Sjoss by comparing D.(X,) and D, (X., X,,).

4: if Ngain = 5 and nyess = 5 then

5: Calculate standardized-NBI(X,,) based on the values of B in Sguin and Sposs.

6: else Set standardized-NBI(X,)=0.

3.4 Test for Significant NBI

NBI> 0 is only suggestive subjective to sampling uncertainty, which may further be made rig-
orous by hypothesis testing. For a practical point of view, we hypothesized that D, (X., X)

should not be inferior to D.(X.). Thus, we consider the following hypotheses: Hy: the new
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biomarker does not improve ITR; against H,: the new biomarker improves ITR. Let pigain
and [0 be the expected benefits in the “gain” and the “loss” population respectively. The
hypotheses can be stated as a two-sample mean comparison: Hy : figain = Hioss; against
Hy @ flgain > [ioss- We will apply the standardized NBI to perform the hypothesis of two
sample mean comparison. However, it is difficult to derive the distribution of standardized
NBI. Therefore, we invoke the empirical null distribution of the standardized NBI to generate
the p-values.

Remark 4. Different from the standard two-sample test, here Sguin and Sies are ran-
dom sets generated by a resulting optimal reallocation of treatments under a common
overall optimal benefit objective function. Thus, there exists a certain shared action in
group membership labeling, which leads to a dependence between these two sets. However,
when conditional on the memberships of Sguin and Siss, We have the conditional indepen-

dence, which leads to a standard unequal variance two-sample t-statistic, |Sgain, Sioss =

{6 = Buain = Biow)}/ \/5Zain/Mgain + St/ M1oss ~ 1), where § = figuin — fuoss and v =
V(Ngains Mosss sgain, 812055) is degrees of freedom. Clearly, the sizes of both sets, ngain and 1y,
are random and correlated in v. Since the labels in Sgain and Sioss have a rather complicated
and unknown joint distribution, the marginal distribution of the t-statistic is not available
to make inference. Thus, we invoke the empirical null distribution to obtain p-values.

To do so, we propose to create a null variable X,,; via the means of permutation with
projected residuals r; = X,,; — E(XM|XH),Z =1,...,n as detailed in Algorithm 2.
Assumption 2. The new variable X, can be expressed by an additive model X, = g(X.)+e
of the existing variables X . and the error term e. Discussion of violations of Assumption 2
is included in Section 6.

Algorithm 2 outputs the empirical null distribution of the standardized NBI, and the

p-value is given as p = #{standardized-NBI(X,;) > standardized-NBI(X,,)}/L. The invo-
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Algorithm 2 Generation of empirical null distribution for standardized-NBI(X,)
1. if X, # Null then

2: Model X, = g(X.) + €, where g(-) is a suitable function independent of A and B.
3 Get residuals 7, = X,,; — E(Xuyi]Xeﬂ-),i =1,...,n.

4: else Let r; = X, ;.

5: for [ =1,...,L do (L is the number of permutation replicates).
6: Permute the residuals conditional on A; get the permuted residuals 77,7 = 1,...,n.
7: Values of X, are generated as Xu;; = E(Xw'|Xe7i) +rlLi=1,...,n.

8: Calculate standardized-NBI(X,,;) using Algorithm 1.

cation of stratification by treatment arm in the permutation test is to retain the difference
between the underlying distributions of the residuals across two treatment groups. Pooling
the residual distributions together while performing permutation test would ruin the inter-
action effect between treatment and biomarkers. Since our major interest is to evaluate the
added value of a biomarker when we have an existing I'TR, we will focus our method on
the situation when X, # Null in the following simulation studies and real data analysis.
Simulations results with X, = Null are included in Table S.1 in the Supporting Information.

When there are several new variables under screening, say m, it is necessary to control
FDR to ensure a balance of sensitivity and specificity. To proceed, we propose a forward
selection method, Algorithm 3, that sequentially adds the currently most significant variable
with the smallest p-value into a current model at each step until no more variable to be
added. The significant variables at each step are identified as those passing the FDR control

through the Benjamini-Hochberg procedure.

4. Simulation Experiment

In this section, we conducted entensive simulations to evaluate the finite sample performance

of the proposed NBI method.
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Algorithm 3 Sequential forward variable selection based on NBI test
1: Set m = dim(X,,).

2. while m > 0 do

3: Get p; for X, j,7 =1,...,m with the existing model involving X, by NBI test.

4: Order p1) < -+ < pim), each corresponding to H;: X, ;) does not improve ITR.

5: Find jnax = mjax{j 1Dy < T%q}, where ¢ € (0,1) is the chosen target FDR control.
6: if jmax exists then Update X, = {X., X, ()}, Xy = X, \ Xy,1), and set m = m—1.

7: else Stop.

4.1 Single-variable-based Decision Rule Fvaluation

The first simulation concerns a setting in which an existing I'TR consists of two variables X;
and X, where X; vy U(0,1),7 = 1,2. Suppose that a new variable X,, ~ U(0, 1) becomes
available, which is correlated with X5, namely Corr(Xs, X,) = p with p € {0.0,0.2,0.5,0.8}.
The following types of X, are considered: (i) X, = X3, an important feature related to benefit
B; (ii) X, = X4, a noise variable unrelated to B. Our goal is to assess the sensitivity (i.e.
rate of detecting X3) and specificity (i.e. rate of not detecting X,) by the proposed NBI test.
Allocation of treatment A € {—1, 1} is independent of X with P(A|X) = 1/2. B is generated
from a normal distribution with mean p = 0.5+ X; +2.0Af(X) and standard deviation o =
1.0. Interaction term Af(X) specifies a bimodal expected benefit that generates bifurcated

benefit outcomes. We consider the following three scenarios of true decision function f:

1) (Linear) f(X) =1—- X; + X5 — 2X3;
9) (Binary) f(X) = 4{I(X; > 0.1 N X5 < 0.75 N X3 > 0.25) — 0.5};

3) (Nonlinear) f(X) =2.5{(X; —0.5)" + (Xy - 0.2)" — (X3 —0.1)"}.

The sample size is set at n = 800, 1000, 1200. 5-fold cross-validation is used to determine the
training dataset to learn f and the NBI evaluation dataset to assess X,. We set type I error

rate = 0.05. Simulation is repeated for 1000 times.
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Table 1 summarizes the discovery rates of X3 and X, across different f based on the
proposed NBI method. It is shown that the sensitivity is high in detecting the useful
variable X3, and type I error has been well controlled for the noise variable X, at the
nominal level 0.05. Table 2 reports the NBI values for X3 and X,. Aligned with the high
sensitivity, the corresponding NBI(X3) are all positive, implying that the inclusion of X3
results in an improved ITR(X;, X3, X3), in which more patients are assigned into their
beneficial treatment arm in comparison to the previous ITR(X7, X5). In contrast, all the
NBI(X,) values are negative, indicating that the inclusion of Xy results in a worse updated
ITR(X1, X2, X4) that assigns more patients into their non-beneficial treatment arm. When
FDR is controlled, the chance of X, entering the updated ITR is slim, and the resulting

decline in outcome of benefit is indeed ingorable.
[Table 1 about here.]

[Table 2 about here.]

4.2 Multiple-variable-based Decision Rule Fvaluation

The second simulation uses the same setup of the base ITR(X7, X3) specified in Section 4.1.
Now we consider multiple signal and noise candidate biomarkers X; ~ U(0,1),j =3,...,12,
in which only X3 and X, are signal biomarkers involved in the optimal I'TR. The correlation
structure of the variables is that Corr(X3, X5) = Corr(Xy, Xs) = 0.5, and Corr(X, X;) =
0.2,s,t € {7,...,12},s # t. The mean parameter of benefit B is set as u = 0.5 + X; +

2.0Af(X), where f(X) is given as follows:

4) (Linear) f(X) = 0.5(1+ X; + X, — 1.8X3 — 2.2X,);
5) (Binary) f(X) =6{I(X; >0.12N X, < 0.88N X3 > 0.2N X, < 0.8) — 0.5};

6) (Nonlinear) f(X) = (X; —0.9)" — (X5 —0.78)" + (X3 — 0.1)* — (X4 — 0.22)".

We draw summary statistics under the FDR control set at 0.10. In addition to those basic
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performance measures considered in Section 4.1, we add a comparison of our NBI method on
biomarker selection with SAS mentioned in Section 1 and riskRFE (Dasgupta et al., 2019),
a backward elimination method for variable selection developed for SVM.

Table 3 reports some summary statistics, including (i) size: the total number of selected

biomarkers; (ii) true discovery rate (TDR): the number of correctly selected biomarkers over

size; (iii) Matthers correlation coefficient (MCC): MCC = \/(TP+FP§?;13XE§1\;)?§1:£§P)>)(TN+FN)’
where TP is true possitive, TN is true negative, FP is false positive and FN is false negative;
(iv) correct classification rate (CCR). The gold numbers are size = 2, TDR = 1, MCC = 1,
and CCR = 1. Our NBI test tends to give slightly conservative results with smaller size,
a known consequence of FDR, control (Benjamini and Hochberg, 1995). Clearly, SAS and
riskRFE pay a price of overfitting with a large number of noise features selected, resulting
in larger size and smaller TDR. One lesson we learn from the simulation is that we may
first run SAS or riskRFE to select a relatively large pool of potential biomarkers, and then
apply NBI to control FDR. In this way, we could reach a desirable balance of sensitivity and
specificity. In regard to MCC, the proposed NBI test outperforms SAS and riskRFE, except
for the linear scenario, where SAS gives the highest MCC. In addition, the estimated ITR
derived from the NBI method gives the highest CCR for the binary scenario, but not for the
linear and nonlinear scenarios, which is a limitation of OWL. Some additional simulation

studies, including the small sample cases where n = 200, the scenarios where X, = Null

and etc. are included in the Supporting Information.

[Table 3 about here.]

5. Analysis of Diabetes Trial Data

We apply the proposed NBI methodology to analyze the motivating diabetes trial described

in Section 2. The outcome of benefit is the average reduction rate of FPG over the 52 weeks
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of treatment. The base ITR is driven by three variables X, = {b.FPG, age, BMI}. Among
those candidate biomarkers listed in Section 2, we want to select some important ones and
evaluate their added values to improve I'TR.

We first performed a prescreening of these candidate biomarkers using SAS. Under the
cut-off point 0.01 for the proportion of the incremental sequential advantage, SAS selects
five variables potentially useful to update ITR, including baseline HbAlc, fasting insulin,

AST, triglycerides and creatinine, denoted by X EAS. The resulting decision rule is

Foas(X., X54%) = 0.13 — 0.14b.FPG — 0.02age — 0.17BMI — 0.05HbA1c
— 0.12b.fasting insulin — 0.13AST + 0.04triglycerides + 0.18creatinine,

We would allocate a patient with Type 2 diabetes to take pioglitazone if f > (0 and to take
gliclazide if ]/”\< 0. ]?s As(Xe, X EAS) assigns 586 patients to pioglitazone and 244 patients to
gliclazide. Following Murphy et al. (2001), we further calculate the estimated value function
by Ef[I(A = D(X))B/P(A|X)|/E:[I(A = D(X))/P(A|X)], where E! is the empirical
average value. In order to make the comparison from the same baseline, the same method
(e.g. SVM, which is the learning algorithm for both NBI and riskRFE) is used to calculate
the estimated value function. ﬁAS(X e, X549) gives an estimated value function of 0.049,
meaning that the expected average FPG reduction rate would be 0.049 mmol/L/week over
52 weeks if J?s as(Xe, X SAS) were implemented for the whole population. The estimated value
functions given by complete random allocation and J?s as(X ) are 0.048 and 0.052 respectively,
indicating that X EAS does not improve the existing decision rule as far as the estimated
value function concerns. We then performed a biomarker screening using riskRFE, which
selected three variables potentially useful to update the existing ITR, including baseline

fasting insulin, creatinine and GGT. The estimated decision rule is

Frisirrr (X, XUERFEY - — 1 48— 0.08b.FPG -+ 0.37age + 1.09BMI

+ 0.45b.fasting insulin 4 0.53creatinine 4+ 0.97GGT,
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f:iskRFE(X ey X ijkRFE) assigns 527 patients to take pioglitazone and 303 patients to take
gliclazide. The estimated value function given by frscrre (X, XUSERFE) 450,051, even slightly
smaller than that given by f:iskRFE(X ¢), which is 0.052, indicating that X ijkRFE is not
actually improving the existing ITR.

A clinically relevant question to the above estimated decision rules is whether the selected
candidate variables in X EAS and X ijkRF E are really influential to ITR, or whether we may
further reduce X545 and X 6 achieve a more cost-effective ITR. We then applied the
proposed NBI test. It turns out that baseline fasting insulin is the only candidate variable

selected by our NBI method. This gives a simpler decision rule,

Fapi(Xe, XNBY) = —1.30 — 0.07b.FPG + 0.39%ge + 2.04BMI + 0.35b.fasting insulin,

which assigns 481 patients to pioglitazone and 349 patients to gliclazide. The estimated value
function of this OWL-updated treatment regime is 0.053, which is higher than that given
by fs As(Xe, X EAS) and ﬁiSkRFE(X e, X ﬁSkRFE), although fNBI(X ¢, XB) only uses a single
biomarker, baseline fasting insulin, to improve ITR. The estimated value functions given by
ﬁ\IBI(X ¢) 1s 0.052, indicating that the inclusion of X SBI in the decision rule also improves
the ITR with respect to the expected average FPG reduction rate.

Comparing the coefficients in the estimated decision rules, we notice that the signs of the co-
efficients for some common variables are different in fg As(Xe, X iAS), f:iSkRFE(X e, X ijkRFE)
and fupi(X., XYP!) (e.g. age has a negative coefficient in fsas(X., X54%) but positive
coefficients in ﬁiSkRFE(Xe,ijSkRFE) and ]?NBI(XG,XSBI)). It may due to the following
reasons. First, loading coefficients are estimated by conditioning on other variables in the
decision rule, and thus signs of these coefficients are possibly different with different sets
of predictors (which are correlated) used in the construction of the decision functions.
What matters the most is indeed the maximum treatment benefit, which is the primary

objective of this learning procedure. Although the signs of the coefficients are not directly
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interpretable in this type of methodology, we would still see a great deal of concordance, in
particular between ﬁiskRFE(X e, X SSkRFE) and ]/”I\IBI(X e X SBI). This is because that NBI and
riskRFE are both based on support vector machine (SVM), while SAS is based on regularized
linear regression. Thus, the training procedures and estimating criteria are different between
SAS and NBI/riskRFE. With the inclusion of the selected variables X P! fNBI(X o, X NB)
improves the estimated value function by about 10% compared to complete randomness.
In regard to the clinical impact of our results, we would think that the demonstrated
improvement is clinically meaningful, especially for people on the border line of diabetes, i.e.
the so-called prediabetes. It is known that approximately 88 million adults - more than 1 in
3 - have prediabetes in the US. Of those with prediabetes, more than 80% don’t know they
have it. The 10% change may help pre-diabetic people whose diagnostic values just cross the
border line to be controlled at the normal level.

In addition to the expected reduction rate of FPG, we also compare the expected reduction
rate of HbAlc, another outcome of interest in the trial. Preliminary analysis identifies no
significant difference between the HbAlc reduction rates for patients receiving pioglitazone
or gliclazide. The inclusion of XYB' X545 and XTRFE qo not improve the existing ITRs
with all the existing and updated decisions rules giving the same estimated reduction of
HbAlc, which is 0.031 mmol/L/week over the 52-week treatment. But it is still slightly

higher than the value of 0.029 given by complete random allocation A.

6. Concluding Remarks

In this article, we proposed a new biomarker assessment tool, termed as NBI, that enables
to evaluate added values of biomarkers for improving existing [TRs. This new method
can be used in both single and multiple-variable-based decision rule evaluations. Extensive
simulation studies demonstrate that our method can correctly identify signal biomarkers

under various scenarios with desirable performances in comparison to existing methods.
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Application of the proposed method to a real diabetes clinical trial reveals that baseline
fasting insulin is an important biomarker that can significantly improve an existing I'TR
involving age, BMI, and baseline fasting FPG, for the allocation of pioglitazone or gliclazide
to patients with Type 2 diabetes. It results significant clinical benefit of average reduction
rate of FPG during the 52 weeks of treatment.

NBI is an analog to net reclassification improvement (NRI), a seminal index that has been
extensively used to evaluate the usefulness of new markers for predicting risk of developing
diseases (Pencina et al., 2010). The proposed NBI is fundamentally different from NRI in
the sense that NBI pertains to reclassification with respect to treatment group when class
labels are not directly observed, rather based on outcome of treatment. Pepe et al. (2014)
demonstrated that false-positive conclusions based on the NRI statistic were unacceptably
high. However, our simulation studies have illustrated that the false discovery rate is well
controlled using the NBI method. Vickers and Pepe (2014) pointed out that NRI weights
reclassification (i.e. false positive and false negative) inappropriately, which may also be
an underlying problem of NBI. However, with no information of true label available in the
setting of NBI, appropriate weighting of false positive and false negative may be infeasible
in practice. Decision curve analysis (DCA) (Vickers and Elkin, 2006) is another commonly
used method for comparing multiple treatment decision rules to select the optimal one that
maximizes the outcome of interest. The formulation of DCA relies on the calculation of a
net benefit, which is the relative harm of a false-positive and a false-negative. Similarly, it
is infeasible to apply DCA in our setting since we never know the underlying true labels for
patients in a clinical trial in practice.

NBI is naturally appliable for non-linear decision rules due to the invocation of SVM, in
which different kernels (e.g. Gaussian kernel) can be easily applied. We would like to clarify

two points in the usage of kernels: (i) kernel is used exclusively to model the conditional
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distribution of R given X, and (ii) the assumption of additive errors in the generation of X,y
is imposed on the conditional distribution of X, given X .. Thus, the additivity assumption
does not influence the relationship (or the decision rule) between R and X characterized
by kernel in the generation of the empirical null distribution. In order to generate the null
distribution for NBI, a certain assumption on the influence of random errors on signals is
inevitable. In this paper, we adopted the classical additive error assumption, which can be
violated in the practice. In order to check the validity of the additive error assumption,
we suggest first to run a residual diagnosis. If it indicates that the error is not additive, i.e.
X, = f(Xe, €), we can apply Taylor Expansion to the function f(X., €) and use a generalized
additive model (GAM) to model X,, on X .. Then permutation test can be performed based
on the new error term ¢ = X, — m(Xe), or € = {X, — m(Xe)}/\/é\(Xe) if we
assume the variance of ¢’ can be modeled by a function 6(X.).

One future direction of this study is to extend this methodology to multiple treatment
settings since clinical trials sometimes have more than two treatments in practice. In addition,
it may be desirable to extend the method to situations where clinical benefit outcomes are
categorical or time-to-event. With increasing interest and research in dynamic treatment
regimes, we may also extend the NBI test to settings with multiple decision time points.
Due to the number of replicates required by the proposed permutation test as well as the
computation time needed for SVM, the proposed method may run into high computational
demand. The algorithm can become faster if a theoretically justified null distribution is

available for the NBI test statistic, which is worth an exploration in our future research.
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Figure 1. (a) Effects of pioglitazone and gliclazide on reducing fasting plasma glucose
(FPG) during the 52-week period. (b) Average reduction rate of FPG by pioglitazone and
gliclazide in the 52-week period.
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Figure 2. Changes of the subjects included in the calculation of V(D) when new biomarker
X5 is included in the estimation of the decision function. Sizes of the circles and triangles
reflect the magnitude of the clinical benefit B. Black circles and triangles are the subjects
included in the calculation of V(D) since they have D(X) = A. Subjects in group “gain”
and “loss” are pointed by arrows. (a) Decision function f(X;) estimated only on the existing
biomarker X;. (b) Decision function f(X;, Xs) estimated on X; and Xs.
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Table 1
Discovery rates for Xs and X4 in the single-variable-based decision rule evaluation. (Discovery rate for Xa equals
1-specificity.)

p=0.0

p=0.2

p=0.5

p=0.8

scenario n

X3

Xy

X3

Xy

X3

Xy

X3

X4

linear 800
1000
1200

0.987
0.998
0.999

0.047
0.054
0.059

0.991
0.997
1.000

0.056
0.043
0.051

0.984
0.992
0.998

0.057
0.051
0.052

0.931
0.958
0.974

0.053
0.055
0.053

binary 800
1000
1200

0.932
0.956
0.968

0.051
0.049
0.054

0.946
0.967
0.975

0.049
0.034
0.048

0.956
0.971
0.972

0.050
0.046
0.045

0.815
0.866
0.927

0.050
0.051
0.050

nonlinear 800
1000
1200

0.977
0.984
0.995

0.053
0.055
0.043

0.987
0.996
0.997

0.055
0.058
0.049

0.973
0.983
0.994

0.055
0.042
0.054

0.854
0.906
0.934

0.050
0.044
0.036
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Table 2
NBI values for Xs and X4 in the single-variable-based decision rule evaluation.
p=0.0 p=0.2

scenario  n X3 mean (sd) X4 mean (sd) X3 mean (sd) X, mean (sd)
linear 800 1.708 (0.547) -0.150 (0.636) 1.724 (0.556) -0.136 (0.653)
1000 1.700 (0.517) -0.139 (0.622) 1.693 (0.509) -0.194 (0.611)

1200 1.657 (0.445) -0.161 (0.614) 1.655 (0.442) -0.140 (0.611)

binary 800  3.139 (1.553) -0.155 (1.922) 3.192 (1.489) -0.217 (1.815)
1000 3.090 (1.449) -0.127 (1.827) 3.121 (1.382) -0.160 (1.835)

1200 3.075 (1.386) -0.081 (1.779) 3.069 (1.287) -0.046 (1.776)

nonlinear 800  1.793 (0.883) -0.224 (0.888) 1.862 (0.804) -0.265 (0.894)
1000 1.793 (0.791) -0.227 (0.883) 1.856 (0.740) -0.293 (0.889)

1200 1.770 (0.723) -0.228 (0.827) 1.855 (0.695) -0.277 (0.791)

p=0.5 p=038

scenario  n X3 mean (sd) Xj; mean (sd) X3 mean (sd) X, mean (sd)
linear 800 1.594 (0.628) -0.127 (0.651) 1.125 (0.677) -0.158 (0.688)
1000  1.551 (0.552) -0.148 (0.626) 1.154 (0.563) -0.145 (0.626)

1200 1.503 (0.487) -0.171 (0.616) 1.152 (0.511) -0.132 (0.618)

binary 800  3.329 (1.499) -0.224 (1.855) 2.285 (1.888) -0.208 (1.760)
1000 3.172 (1.318) -0.056 (1.751) 2.345 (1.685) -0.154 (1.813)

1200 3.252 (1.231) -0.029 (1.756) 2.573 (1.622) -0.139 (1.653)

nonlinear 800 1.791 (0.796) -0.284 (0.903) 1.188 (0.832) -0.264 (0.932)
1000 1.801 (0.689) -0.329 (0.873) 1.293 (0.743) -0.343 (0.912)

1200 1.823 (0.672) -0.277 (0.841) 1.336 (0.692) -0.310 (0.811)
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Table 3

NBI
scenario  n size (sd) TDR (sd) MCC (sd) CCR (sd)
linear 800 1.745 (0.709) 0.906 (0.222) 0.801 (0.242) 0.835 (0.081)
1000 1.813 (0.689) 0.922 (0.194) 0.828 (0.225) 0.852 (0.076)
1200 1.904 (0.622) 0.934 (0.170) 0.868 (0.202) 0.870 (0.070)
binary 800 1.844 (0.747) 0.894 (0.232) 0.813 (0.248) 0.765 (0.098)
1000 1.917 (0.705) 0.906 (0.215) 0.847 (0.232) 0.786 (0.095)
1200 1.924 (0.650) 0.919 (0.199) 0.863 (0.222) 0.805 (0.090)
nonlinear 800  1.805 (0.744) 0.904 (0.220) 0.802 (0.245) 0.818 (0.081)
1000 1.926 (0.738) 0.910 (0.199) 0.833 (0.225) 0.832 (0.075)
1200 1.913 (0.616) 0.929 (0.186) 0.869 (0.217) 0.847 (0.073)

SAS
scenario  n size (sd) TDR (sd) MCC (sd) CCR (sd)
linear 800 2.817 (0.887) 0.774 (0.212) 0.831 (0.165) 0.971 (0.012)
1000 2.525 (0.732) 0.846 (0.193) 0.887 (0.146) 0.976 (0.010)
1200 2.339 (0.609) 0.898 (0.169) 0.926 (0.126) 0.979 (0.010)
binary 800 3.662 (1.244) 0.613 (0.215) 0.693 (0.187) 0.743 (0.014)
1000 3.286 (1.095) 0.677 (0.219) 0.751 (0.180) 0.744 (0.014)
1200 3.052 (1.007) 0.723 (0.217) 0.790 (0.174) 0.744 (0.014)
nonlinear 800  3.238 (1.102) 0.688 (0.219) 0.760 (0.180) 0.943 (0.013)
1000 2.915 (0.942) 0.752 (0.215) 0.813 (0.169) 0.948 (0.012)
1200 2.654 (0.817) 0.814 (0.205) 0.862 (0.157) 0.949 (0.011)

riskRFE
scenario  n size (sd) TDR (sd) MCC (sd) CCR (sd)
linear 800 3.091 (1.003) 0.660 (0.222) 0.704 (0.222) 0.852 (0.056)
1000 2.815 (0.895) 0.732 (0.221) 0.773 (0.209) 0.869 (0.057)
1200 2.586 (0.781) 0.797 (0.218) 0.828 (0.204) 0.883 (0.052)
binary 800 3.498 (1.135) 0.636 (0.211) 0.716 (0.178) 0.737 (0.123)
1000 3.200 (0.990) 0.686 (0.209) 0.761 (0.169) 0.755 (0.124)
1200 2.909 (0.847) 0.745 (0.206) 0.810 (0.159) 0.779 (0.117)
nonlinear 800 3.142 (1.083) 0.651 (0.235) 0.689 (0.243) 0.834 (0.061)
1000 2.837 (1.009) 0.723 (0.230) 0.755 (0.219) 0.844 (0.059)
1200 2.576 (0.823) 0.791 (0.224) 0.812 (0.215) 0.857 (0.055)
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