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In recent years risk-adjusted control charts have been increasingly studied for monitoring surgical out-
comes by accounting for patients’ health conditions prior to surgery. However, most existing research focuses
on phase II monitoring, and very little work has been done on phase I control of surgical outcomes. In this
paper, a general phase I risk-adjusted control chart is proposed for monitoring binary surgical outcomes
based on a likelihood-ratio test derived from a change-point model. Di!erent from the existing methods,
this paper further shows that the binary surgical outcomes depend on not only the patient conditions
described by the Parsonnet scores but also on other categorical operational covariates, such as di!erent
surgeons. The proposed risk-adjustment model is fitted by incorporating dummy variables to reflect dif-
ferent surgeon groups’ performance. The analysis of a case study and simulation results show that the
inclusion of surgeon groups as a categorical covariate in the risk-adjustment model can e!ectively reflect
the inherent data heterogeneity, thus improving the estimation of the risk-adjustment model parameters. As
expected, the proposed risk-adjusted control charts can achieve a better detection performance by including
the surgeon covariate.
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Introduction

STATISTICAL monitoring for e!ective detection of
the deteriorated mortality rate of surgical out-

comes has increasingly attracted researchers’ atten-
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tion. Such detection can be further used to assist
root-cause identification and decision making for
surgical-operation improvement. In order to more
e!ectively detect the performance anomalies that
go beyond the natural variability of surgical oper-
ations, the risk factor of each patient, which reflects
the patient’s health condition prior to surgery, must
be taken into account. Ignoring patients’ risk fac-
tors may lead to misjudgments about surgical per-
formance because a surgical outcome depends on
not only surgical-operation performance but also pa-
tients’ risk factors before surgery. For example, pa-
tients with high risk factors may result in a lower rate
of successful surgical outcomes. In the related litera-
ture, the monitoring charts that account for patients’
risks are known as the “risk-adjusted” control charts.

Vol. 44, No. 1, January 2012 39 www.asq.org



40 KAMRAN PAYNABAR, JIONGHUA (JUDY) JIN, AND ARTHUR B. YEH

Since Treasure et al. (1997) and Waldie (1998)
investigated cases in which poor performance of
cardiac-surgery centers remained undetected for a
long time, tremendous research interests in improv-
ing phase II monitoring of surgical outcomes have
emerged. The relevant research on this topic can be
divided into two groups, depending on the types of
surgical-outcome data used in the monitoring. The
first group of monitoring methods focused on each
patient’s binary survival status at a specified time
period after surgery. The second group of monitoring
methods used continuous measures of each patient’s
survival time, or a fixed right-censored time if a pa-
tient survives beyond a specified time period after
surgery.

In the first group of monitoring methods, vari-
ous risk-adjusted control charts have been developed.
Steiner et al. (2000) introduced a risk-adjusted cu-
mulative sum (RA-CUSUM) chart to monitor the
binary survival status of any given patient during a
30-day period after surgery. They adjusted the pa-
tient’s risk using a logistic regression model and uti-
lized a CUSUM chart to monitor the log-likelihood
score corresponding to each operation. Cook et al.
(2003) proposed a simpler control chart for moni-
toring binary surgical outcomes. They developed a
risk-adjusted Shewhart p-chart with variable con-
trol limits based on grouped patients. Spiegelhalter
et al. (2003) proposed a more general monitoring
approach, known as the resetting sequential prob-
ability ratio test (RSPRT) chart. They showed that
the RA-CUSUM chart is a special case of the risk-
adjusted RSPRT chart. Instead of directly monitor-
ing the binary survival status of patients, Grigg and
Farewell (2004a) proposed a risk-adjustment method
to monitor the number of operations between two un-
successful operations (two deaths). To evaluate the
e"cacy of the existing monitoring methods, Grigg
and Farewell (2004b) compared the performance of
the existing RA control charts in detecting changes
based on the binary outcomes. Grigg and Spiegel-
halter (2007) developed a risk-adjusted exponentially
weighted moving average (RA-EWMA) chart, which,
in addition to monitoring, can be used to estimate
the risk of unsuccessful surgery for each patient.

In the second group of monitoring methods, the
control charts are developed based on continuous
measures of the exact survival time or right-censored
time after surgery. Biswas and Kalbfleisch (2008)
proposed an RA-CUSUM chart to monitor contin-
uous survival time based on the Cox model. Sego

et al. (2009) used location-scale regression models
to monitor survival time, in which the correspond-
ing observations are considered as censored data if a
patient survives beyond 30 days after surgery. They
proposed a risk-adjusted survival time CUSUM chart
(RAST-CUSUM) based on the log-likelihood score
of each operation. Gandy et al. (2010) extended the
RAST-CUSUM to a more general setting, in which
they considered general alternatives and a head start
of the CUSUM chart. Steiner and Jones (2010) pro-
posed an updated EWMA chart for monitoring risk-
adjusted survival time.

All of the afore-mentioned research focuses on
phase II (prospective) monitoring, where it is as-
sumed that the parameters of the risk-adjustment
model are known or can be accurately estimated from
historical data collected from a stable process. The
phase I (retrospective) control, however, is crucially
needed in practice for checking the quality of histor-
ical data and for obtaining accurate estimates of the
model parameters, based on which the patient’s risk
factor can be correctly adjusted for phase II monitor-
ing. Despite the importance of phase I control, very
little work has been done in the literature on risk-
adjusted control charts for phase I control. Further-
more, for constructing risk-adjusted control charts in
phase I, because each sample represents an individ-
ual operation for each patient, it would be impos-
sible to fit a risk-adjustment model for each patient
based on individual observations. Therefore, it is nec-
essary to check whether individual observations can
be grouped together, which can then be adjusted by
the same risk-adjustment model.

Most of the previous research considered patient’s
risk factors as the only continuous covariates in risk-
adjustment models. However, there are often other
variables that may also significantly a!ect surgi-
cal outcomes. For example, in addition to the pre-
existing health condition of a patient, certain op-
erational variables such as surgeons, surgical pro-
cedures, and the type of surgery operations may
also influence surgical outcomes. Generally, the per-
formance of experienced surgeons may be di!er-
ent from that of inexperienced surgeons. As a re-
sult, the parameters of the risk-adjustment model
would be di!erent for surgeons with di!erent lev-
els of experience or skills. Hence, ignoring such im-
portant variables may result in an inaccurate es-
timation of the risk-adjustment model. In this pa-
per, we focus on the phase I control of binary surgi-
cal outcomes that are a!ected by heterogeneous risk
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FIGURE 1. Fitted Risk-Adjustment Models Based on Each Surgeon’s Group and All Surgeons.

factors and operational variables. Generally, these
operational variables are often recorded as categori-
cal covariates. Therefore, a logistic regression model,
which includes dummy variables for categorical co-
variates, is first employed in this paper to represent
a unified risk-adjustment model. Change-point mod-
els have been widely used in various phase I con-
trol chart-applications for continuous responses (see,
for example, Sullivan and Woodall (2000), Zamba
and Hawkins (2006), Mahmoud et al. (2007)). This
paper extends such work for binary responses with
the focus on the phase I control of risk-adjustment
models. Specifically, the phase I control chart is
constructed via a likelihood-ratio test derived from
a change-point model (LRTCP) based on the risk-
adjustment logistic regression. The proposed phase
I risk-adjusted control chart is the first to include
both continuous and categorical covariates in the
risk-adjustment model.

The rest of the paper is organized as follows. In
the next section, a motivating example is presented
to illustrate the importance of including categorical
covariates in risk-adjustment models. Then a gen-
eral risk-adjustment model that includes categorical
operational covariates is introduced. The detailed de-
velopment of the proposed phase I risk-adjusted con-
trol charts using LRTCP is also given. After that,
the proposed control charts are examined through
a case study of evaluating cardiac-surgery perfor-

mance. The e!ect of ignoring the categorical sur-
geon covariate on modeling and monitoring is also
analyzed and discussed. The section following that is
devoted to studying and comparing, through Monte
Carlo simulations, the performance of the proposed
phase I risk-adjusted LRTCP control charts with and
without considering categorical operational covari-
ates.

A Motivating Example

In this section, a motivating example is presented
to illustrate the potential drawbacks of model fit-
ting when categorical operational covariates are ig-
nored. We analyzed a cardiac-surgery dataset from
a single surgical center in the UK. This is the same
dataset that was used by various authors, including
Steiner et al. (2000), Sego et al. (2009), Steiner et
al. (2010), etc. The dataset covers a 7-year period
from 1992 to the end of 1998 and includes surgery
information for each patient such as the surgeon’s
code, the type of surgery operation, survival time, pa-
tient’s age, and patient’s Parsonnet score. The Par-
sonnet score, commonly used in cardiac surgery, is a
weighted score of preoperative variables that reflect
the health condition of a patient before surgery (Par-
sonnet et al. (1989)). This score is often used to ad-
just the risk associated with heterogeneous patients.
Similar to Steiner et al. (2000), we selected the first
2 years of data, years 1992 and 1993, as the initial
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phase I observations of three experienced surgeons.
The analysis of this portion of the dataset indicated
that the risk-adjusted mortality rate of patients op-
erated by surgeon 1 di!ers from that of the others.
Therefore, surgeon 1 was labeled as group 1 and the
rest as group 2. Two separate models were fitted for
these two groups of surgeons. Figure 1 shows the fit-
ted mortality rates obtained by fitting a logistic re-
gression model of the 30-day mortality rate on the
Parasonnet score as the risk factor. In Figure 1, the
dashed and dotted lines represent the two fitted mod-
els corresponding to group 1 and group 2 of surgeons,
respectively; and the solid line represents the fitted
model when the surgeon covariate is ignored (com-
bining two groups of surgeons together). As can be
seen from Figure 1, the fitted model without con-
sidering the surgeon covariate is di!erent, especially
from that of group 2. Therefore, the model that ig-
nores the e!ect of surgeons may not accurately reflect
the patients’ risk in surgical performance by the sur-
geons in group 2.

In addition, ignoring the important categorical op-
erational covariates (e.g., di!erent surgeons) in fit-
ting a risk-adjustment model may a!ect the control-
chart performance in phase I as well as in phase II.
The major reason is that this may lead to higher vari-
ances of parameter estimators and result in a poorer
performance in detecting possible changes. There-
fore, it is vital to consider important categorical op-
erational covariates in the risk-adjustment model for
examining historical data in phase I control. A naive
approach to account for the e!ect of a categorical op-
erational covariate is to fit a risk-adjustment model
for each level of the categorical variable. However, as
the number of levels in the categorical operational
covariates increases, the number of models and con-
trol charts required for monitoring the process also
quickly increases. This results in not only more com-
puting e!orts, but an increase in the overall Type
I error rate associated with the control charts. To
tackle this problem, we propose to incorporate the
categorical variables into one model by using dummy
variables.

Phase I Risk-Adjusted Control
Charts with Categorical Variables

A Risk-adjustment Model with Categorical
Variables

Consider a process with a binary outcome Yi,
where Yi = 1 if the process fails and Yi = 0 otherwise,
and i = 1, 2, . . . represents the time index. Suppose

!i denotes the process failure probability that is a
function of a set of risk factors denoted by the vector
xi. The risk-adjustment model is represented as

!i = g(!,xi), (1)

where ! is a vector of parameters and the func-
tion g(·) denotes a risk-adjustment function. Because
the outcome is binary, a logit function is an appro-
priate choice for g(·). The logit-function-based risk-
adjustment model can be written as

!i =

exp

!
p"

r=0

"rxir

#

1 + exp

!
p"

r=0

"rxir

# =
exp(!Txi)

1 + exp(!Txi)
, (2)

where xi = (xi0, xi1, . . . , xip)T represents the ith ob-
servation vector of p risk factors, xi0 = 1; !T =
("0,"1, . . . ,"p) denotes the vector of risk factors’ co-
e"cients, and the superscript T denotes the trans-
pose operator.

We extend the logistic regression model in Equa-
tion (2) to include the categorical covariates. Suppose
there are K categorical operational covariates, each
with ck levels, k = 1, 2, . . . ,K. As mentioned earlier,
one way to consider the categorical variables is to
group the dataset based on the levels of the categori-
cal variables and fit a risk-adjustment model for each
group. This requires an exhaustive model fitting ef-
fort, in which a total of

$K
k=1 ck models would need

to be fitted. In addition to the increased computa-
tional complexity, this approach is also problematic
in phase I control because the number of required
control charts is equal to

$K
k=1 ck, which results in

an excessive increase of the overall Type I error rate
of the control procedure. An alternative approach is
to account for categorical variables in a unified model
by incorporating dummy variables. In this case, the
categorical variable k is represented in the model by
(ck!1) dummy variables. The risk-adjustment model
with dummy variables, which can represent di!erent
levels of the categorical operational covariates, can
be written as

!i =

exp

%
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=
exp

)*K
k=1 "T

k dik + !Txi

+

1 + exp
)*K

k=1 "T
k dik + !Txi

+ , (3)

where dik = (di2k, di3k, . . . , dickk)T is the vector
of dummy variables and dijk, (i = 1, . . . ,m; j =
2, . . . , ck, k = 1, . . . ,K) corresponds to observation i
at level j of the kth categorical operational covariate,
which is equal to 1 when the kth categorical variable
is at level j and equal to 0 otherwise. By conven-
tion, if the kth categorical variable is at its first level
for observation i, dijk = 0, for all j (j = 2, . . . , ck).
"k = (#2k, #3k, . . . , #ckk)T is also the coe"cient vec-
tor of the kth dummy variables with ck categorical
levels, and #jk corresponds to level j of the kth cat-
egorical operational covariate. The vectors "k and !
can be estimated based on historical data using the
maximum likelihood (ML) approach (McCullagh and
Nelder (1989), pp. 115–117).

Phase I Risk-Adjusted Control Charts Based
on a Change-Point Model

Suppose there are m historical observations avail-
able, the ith of which is denoted as [Yi bT

i1 bT
i2 · · ·

bT
iK bi], where i = 1, 2, . . . ,m indicates the observa-

tions’ order. Let !i represent the failure probability
for observation i. In this section, we present a mon-
itoring approach for examining the historical data
and determining the baseline model in phase I con-
trol. This baseline model can be further used to mon-
itor process outcomes for incoming observations in
phase II monitoring. To develop the phase I control
chart, a likelihood-ratio test procedure derived from
a change-point model (LRTCP) is utilized in our ap-
proach.

The change-point models have been e!ectively ap-
plied in phase I control. For example, the LRTCP

model was developed for univariate normally dis-
tributed data (Sullivan and Woodall 1996) and
for multivariate normally distributed data (Wors-
ley (1979), Sullivan and Woodall (2000), Zamba
and Hawkins (2006)). Sullivan (2002) developed a
change-point model based on a clustering approach.
Zou et al. (2006) and Mahmoud et al. (2007) ap-
plied a change-point model to linear-profiles moni-
toring. The previous research (see, for example, Sul-
livan and Woodall (1996), (2000)) has shown that
the LRTCP control chart outperforms other phase
I methods such as the Shewhart and multivariate
T 2-control charts when sustained changes occur in
the process. Furthermore, the LRTCP model can also
provide an estimate of the time when changes oc-

cur in the process. These estimates can further be
used to assist in identifying the root causes of pro-
cess changes. For binary-data monitoring, Gurevich
and Vexler (2005) developed an LRTCP model by
using the risk-adjustment logistic regression model
with both known and unknown parameters wherein
the response risk is adjusted by the continuous-risk
covariates. Shang et al. (2011) used a similar LRTCP

combined with the EWMA chart for the purpose of
phase II monitoring of binary profiles. Nevertheless,
there is little research on developing the LRTCP for
phase I control of risk-adjusted binary outcomes with
the presence of both categorical covariates and con-
tinuous risk factors. As shown in the motivating ex-
ample, categorical covariates often exist and play a
very important role in constructing a risk-adjustment
model. Thus, ignoring important categorical covari-
ates may bring about misleading results. Therefore,
in the paper, we extend the LRTCP proposed by
Gurevich and Vexler (2005) to develop a phase I
monitoring method for risk-adjustment models with
categorical covariates. Henceforth, the proposed con-
trol chart is simply called the risk-adjusted LRTCP

(RA-LRTCP) chart.

As defined earlier, the binary outcome Yi follows
a Bernoulli distribution with P (Yi = 1) = !i =
1!P (Yi = 0). Suppose an assignable cause occurs at
an unknown time $ , which leads to changes of param-
eters of the risk-adjustment model. The distribution
of Yi, hence, can be written as

Yi !

,
----------------------.

----------------------/

Bernoulli

%

00000&
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!
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0 xi

#

'
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i " "
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1 xi

#
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1kdik + !T

1 xi
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11111(

i > ",

where #0k and !0 represent the parameters of the
risk-adjustment model before the change and #1k

and !1 represent these parameters after the change.
Define #(sl) as the vector of the risk-adjustment
model parameters for observations s + 1 to l.
Hence, #(0!) = [#T

01#
T
02 · · · #T

0K!T
0 ]T and #(!m) =

[#T
11#

T
12 · · · #T

1K!T
1 ]T. If all the data follow an iden-
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tical distribution, #(0!) = #(!m) then for all $ =
u, u + 1, . . . ,m ! u, implying that the process is in-
control, where u (u > the number of coe"cients) is
the minimum required sample size for estimating the
parameters of the risk-adjustment model. Therefore,
in order to control the process in phase I, it su"ces
to evaluate the following hypotheses:

2
H0 : #(0!) = #(!m)

Ha : #(0!) "= #(!m) , $ = u, u + 1, . . . ,m ! u.

(4)
The value of u is chosen so that at least one out-
come with value 0 and one outcome with value 1
exist among sampled data from 1 to u and also from
m ! u + 1 to m. Thus, a likelihood-ratio test can be
used to test the hypotheses in Equation (4).

The log-likelihood function of Yi under the alter-
native hypothesis in Equation (4) can be written as

la = log

3
!4

i=1

h
)
yi;#(0!),dT

i1,d
T
i2, . . . ,d

T
iK ,xi

+

#
m4

i=!+1

h
)
yi;#(!m),dT

i1,d
T
i2, . . . ,d

T
iK ,xi

+5

=
!"

i=1

3
yi

!
K"

k=1

"T
0kdik + !T

0 xi

#

! log

!
1 + exp

!
K"

k=1

"T
1kdik + !T

1 xi

##5

+
m"

i=!+1

3
yi

!
K"

k=1

"T
1kdik + !T

1 xi

#

! log

!
1 + exp

!
K"

k=1

"T
1kdik + !T

1 xi

##5

=
!"

i=1

{yilogit(!i0) + log(1 ! !i0)}

+
m"

i=!+1

{yilogit(!i1) + log(1 ! !i1)}, (5)

where h(·) is the Bernoulli probability mass function;
!i0 and !i1 represent the failure rates for the ith ob-
servation calculated by using #(0!) and #(!m), re-
spectively; and logit(a) = log{a/(1! a)}; 0 < a < 1.
Let #̂(sl) denote the ML estimate of the model
parameters that are obtained by fitting the risk-
adjustment model (3) based on observations s + 1
to l. Therefore, the ML estimates of #(0!) and #(!m)

under Ha are #̂(0!) and #̂(!m), respectively. Further-
more, !i0 and !i1 are functions of #(0!) and #(!m),
therefore, !̂(0!)

i and !̂(!m)
i , which are calculated by

substituting #̂(0!) and #̂(!m) correspondingly into
Equation (3), are ML estimates of !i0 and !i1, re-
spectively (Casella and Berger (2001)).

Under H0, the corresponding log-likelihood func-
tion would be

l0 = log

3
!4

i=1

h
)
yi;#(0m),dT

i1,d
T
i2, . . . ,d

T
iK ,xi

+5

=
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k=1
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0kdik + !T

0 xi

#

! log
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K"

k=1

"T
0kdik + !T

0 xi

##5

=
m"

i=1

{yilogit(!i0) + log(1 ! !i0)}. (6)

Thus, the ML estimates of #(0m) and !i0 under H0

are #̂(0m) and !̂i0, respectively.

Replacing !i0 and !i1 in Equations (5) and (6)
by their ML estimators, after simplification, the neg-
ative of the log-likelihood ratio for each $ ($ =
u, u + 1, . . . ,m ! u) can be expressed as

#($) = la ! l0

=
!"

i=1

3
yi log(R̂i1) + log

!
1 ! !̂(0!)

i

1 ! !̂(0m)
i

#5

+
m"

i=!+1

3
yi log(R̂i2) + log

!
1 ! !̂(!m)

i

1 ! !̂(0m)
i

#5
,

(7)

where R̂i1 and R̂i2 denote two odds ratios between
!̂(0!)

i and !̂(0m)
i and between !̂(!m)

i and !̂(0m)
i , respec-

tively. The odds ratio of a and b is defined as

a/(1 ! a)
b/(1 ! b)

; 0 < a, b < 1.

The RA-LRTCP chart plots the values of #($)
($ = u, u + 1, . . . ,m ! u) against time indexes,-
and each #($) is compared with an upper control
limit (UCL). If for all $ , $ = u, u + 1, . . . ,m ! u,
#($) < UCL, it will be concluded that the his-
torical data have been collected from an in-control
process; that is, the process performance has been
consistent during the time of data collection and
the model parameters estimated from the historical
dataset can be used to construct the control charts
for phase II monitoring. Otherwise, the process is
considered out of control, indicating that the pro-
cess performance has significantly changed at some
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time index $ . The value of $ that maximizes #($)
can provide an ML estimate of the change point, i.e.,
$̂ = arg max!=u,u+1,...,m!u #($). If the RA-LRTCP

chart detects a change, the dataset can be separated
into two groups based on the estimated change point.
Then, the RA-LRTCP chart can be applied to each
group to further check whether a change point exists
in each group. Using this iterative approach, multi-
ple change points can also be detected. Furthermore,
the estimated change points may assist practitioners
in identifying the root causes of the change for fur-
ther improvement. It should be noted that the pro-
posed RA-LRTCP chart is also applicable when no
categorical operational covariates exist. In this case,
to derive Equation (7), all terms related to categor-
ical variables are deleted, and model (2) is used for
estimating model parameters. The rest is the same
as the RA-LRTCP chart with categorical operational
covariates.

Determining the UCL Values
for the RA-LRTCP Chart

If the process is in control, for each fixed $ , the
asymptotic distribution of the monitoring statistic
#($) is independent of the values of "0k and !0 and
follows a chi-square distribution with degrees of free-
dom equal to the number of coe"cients in the lo-
gistic regression model (Myers et al. (2010), p. 112).
However, because the values of #($) across all dif-
ferent $ values are autocorrelated, determining the
exact distribution of #($) under H0 is intractable.
Therefore, a Monte Carlo simulation is used to de-
termine the UCL as follows. First, the entire phase
I data are used to fit the logistic regression model
in Equation (3). Then the obtained model is used
to generate m random observations and calculate
#($)’s, from which % = max!=u,u+1,...,m!u #($) is
obtained. This procedure is repeated r times and the

TABLE 1. Simulated UCL Values for & = 0.05 and & = 0.01

Number of regression coe"cients (v)

Sample size (m) 2 3 4 5 6 7 8 9 10

& = 0.05

500 4.20 4.95 5.91 7.20 8.09 9.20 10.08 10.67 11.50
1000 4.62 5.64 6.80 7.52 8.74 10.70 11.69 12.45 13.42
1500 4.89 6.42 7.56 8.87 9.57 11.04 11.83 13.05 13.64
2000 5.41 6.59 7.79 9.10 9.77 11.17 12.12 13.09 13.90
2500 5.73 6.77 7.95 9.28 9.81 11.39 12.14 13.44 14.02
3000 6.00 7.03 8.09 9.36 10.16 11.43 12.22 13.47 14.35
3500 6.07 7.14 8.25 9.47 10.22 11.72 12.52 13.52 14.46
4000 6.27 7.17 8.48 9.51 10.38 11.79 12.63 13.66 14.52
4500 6.27 7.27 8.59 9.57 10.53 11.81 12.80 13.67 14.87
5000 6.29 7.49 8.65 9.69 10.66 11.85 12.83 13.74 14.92

& = 0.01

500 6.20 6.37 8.19 8.99 10.54 11.77 12.91 13.05 14.94
1000 6.48 7.85 9.43 10.01 10.79 12.60 13.61 15.02 16.01
1500 6.99 8.31 9.65 10.86 11.77 13.30 14.56 15.52 16.13
2000 7.42 8.43 9.76 11.08 11.80 13.36 14.67 15.80 16.48
2500 7.46 8.56 10.12 11.12 11.89 13.76 15.07 15.85 16.50
3000 8.01 8.61 10.23 11.33 12.44 13.80 15.14 15.93 16.76
3500 8.22 9.16 10.33 11.42 12.64 13.87 15.24 16.12 17.17
4000 8.30 9.39 10.35 11.45 12.82 13.95 15.50 16.47 17.44
4500 8.31 9.50 10.40 11.57 12.88 14.06 15.58 16.72 17.48
5000 8.33 9.90 10.57 11.64 12.93 14.25 15.91 16.91 17.55
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values of % are recorded in each repetition. Finally,
the UCL can be determined as the 100(1!&)th per-
centile of the recorded %’s, where & is the desired
Type-I error rate.

In order to simplify the UCL calculation for prac-
titioners, the simulated UCLs of the RA-LRTCP

chart for di!erent sample sizes (m), di!erent num-
bers of regression coe"cients (v), and & = 0.05, 0.01,
obtained from 1,000 replications are reported in Ta-
ble 1.

A Case Study:
Phase I Control of

Cardiac Surgery Outcomes

In this section, the proposed RA-LRTCP chart is
applied to the cardiac-surgery data discussed in the
introduction. Following Steiner et al. (2000) and Sego
et al. (2009), we use the first 2 years of data (corre-
sponding to 1992 and 1993) as the phase I data. It
should be pointed out that Steiner et al. (2000) and
Sego et al. (2009) assumed that the first 2 years of
data were collected from an in-control process. They
used the data to estimate the parameters of the risk-
adjustment model in order to monitor the rest of the
phase II data from 1994 to 1998. In contrast, we ap-
ply the proposed control chart to check whether the
cardiac-surgery process was in control during phase
I data collection. If a change is detected, the out-
of-control data are removed and a risk-adjustment
model is fitted to the remaining phase I data. Clearly,
the fitted model can be further exploited to imple-
ment an RA-LRTCP chart for phase II monitoring.

In phase I data, there are a total of six surgeons
each designated as either a trainee or an experienced
surgeon. The cardiac-surgery data corresponding to
the three experienced surgeons are chosen. This is
because trainee surgeons operated on only relatively
simple cases. Furthermore, during an operation by a
trainee surgeon, an experienced surgeon was always
present to take over the operation if serious di"cul-
ties occurred. In this case, the operation performance
may not consistently reflect the performance of in-
dividual trainee surgeons. There are 1,112 records
in the phase I data related to the selected experi-
enced surgeons. The numbers of patients operated
on by surgeons 1, 2, and 3 are 565, 286, and 261,
respectively. The numbers of deceased patients are
54, 27, and 18 (99 in total) corresponding to sur-
geons 1, 2, and 3, respectively. The Parsonnet score
is used as the risk factor in the model because it has
been shown that it can e!ectively reflect the patients’

risks prior to operation, taking into account factors
such as hypertension, diabetic status, and renal func-
tion (Steiner et al. (2000)). The Parsonnet scores of
patients operated on by the selected surgeons range
from 0 to 69.

Because the performance of the surgeons may be
di!erent from one another over time, surgeons should
be included in the risk-adjustment model as a cat-
egorical operational covariate. In order to demon-
strate the important role of the surgeon covariate
in phase I control, two risk-adjustment models are
used to develop the RA-LRTCP chart; i.e., one model
without the surgeon covariate and the other with the
surgeon covariate. Henceforth, the RA-LRTCP charts
based on the former and latter models are called
the RA-LRTCP1 chart and the RA-LRTCP2 chart,
respectively.

To construct an RA-LRTCP1 chart, the risk-
adjustment model in Equation (2) is fitted to the
data. Because the Parsonnet score is the only risk
factor in this study, the risk-adjustment model in
Equation (2) reduces to

!i =
exp("0 + "1xi)

1 + exp("0 + "1xi)
,

with xi as the Parsonnet score of patient i, and the
parameters are estimated as !̂CP1 = ["̂0 "̂1]T =
[!3.471 0.073]T. Furthermore, the RA-LRTCP2

chart can be developed based on the risk-adjustment
model in Equation (3), which considers the surgeon
covariate. Because the categorical covariate consid-
ered in this study consists of three surgeons, two
dummy variables are included in the risk-adjustment
model, i.e.,

!i =
exp("0 + "1xi + #2di2 + #3di3)

1 + exp("0 + "1xi + #2di2 + #3di3)
,

where di2 and di3 are dummy variables correspond-
ing to surgeons 2 and 3, respectively, i.e., if patient
i is operated on by surgeon 2, di2 = 1, di3 = 0;
if patient i is operated on by surgeon 3, di2 = 0,
di3 = 1; and if he/she is operated on by surgeon 1,
di2 = 0, di3 = 0. In this case, the parameters are
estimated as !̂CP2 = ["̂0 "̂1]T = [!3.376 0.073]T
and "̂ = [#̂2 #̂3]T = [!0.079 ! 0.324]T, respectively.
"̂0 = !3.376 can be interpreted as the logit of mor-
tality probability for a healthy patient with the Par-
sonnet score equal to zero, is operated onby surgeon
1. "̂1 = 0.073 is the e!ect of the Parsonnet score on
the mortality logit when the Parsonnet score changes
one unit. #̂2 = !0.079, and #̂3 = !0.324 indicate the
di!erence between the performances of surgeon 1 and
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surgeon 2, and surgeon 1 and surgeon 3 in terms of
mortality logit, respectively.

The RA-LRTCP1 and RA-LRTCP2 control charts
are constructed using the likelihood-ratio test of
Equation (7) based on the fitted models. The UCLs
for the RA-LRTCP1 and RA-LRTCP2 charts, which
are obtained from the simulation procedure de-
scribed earlier, are 5.99 and 6.86, respectively. These
control charts are depicted in Figure 2. As can be
seen from Figure 2, the RA-LRTCP1 chart indi-
cates that the process is in control, while the RA-
LRTCP2 chart that accounts for the surgeon covari-
ate shows out-of-control signals. According to the
change-point estimator of the RA-LRTCP2 chart, the
time of change in the process is estimated to be
$̂ = 400. Clearly, this contradiction in the results
is due to the fact that the performance of surgeons is
not the same over time. To further explore this, the
data before and after the estimated change point are
used to separately fit a risk-adjustment model with-
out the surgeon covariate and to fit three separate
models for each of the three surgeons. The plots of
mortality rate versus Parsonnet score are shown in
Figure 3. It can be seen in Figure 3 that the mortality
rate of surgeon 1 decreases after the estimated change
point 400. For surgeon 2, this rate also decreases for
patients 401 to 1,112 with high Parsonnet scores. On

the other hand, an increase in mortality rate is evi-
dent for surgeon 3 after patient 400, even for patients
with relatively low Parsonnet scores. However, if the
surgeon covariate is ignored and all data are com-
bined, the decrease in mortality rates corresponding
to surgeons 1 and 2 is compromised by increased mor-
tality rates of patients operated on by surgeon 3, and
consequently, as shown in Figure 3(d), the mortality
rate curves do not significantly change when all pa-
tients are combined without considering the surgeon
covariate. This is the reason that the RA-LRTCP1

chart did not detect the change.

After receiving a signal from the RA-LRTCP2

chart, the phase I data are divided into two segments
based on the estimated change point 400. Each seg-
ment is examined by similar procedures to check if
additional out-of-control observations are detected.
The results, however, indicate no additional change
point in the phase I data. Therefore, the first data
segment is discarded and the second data segment
from patients 400 to 1,112, which reflects the cur-
rent state of the cardiac-surgery operations, is used
to fit a baseline model for implementing the phase
II monitoring. The parameters of the fitted model
using the second data segment are estimated as
!̂CP2 = [!2.957 0.065]T and "̂ = [!0.323 !0.955]T.
To check the significance of each coe"cient, a Wald

FIGURE 2. RA-LRTCP1 (Top Panel) and RA-LRTCP2 (Bottom Panel) Control Charts of Surgical Data.
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FIGURE 3. The Mortality-Rate Plots for Di!erent Surgeons and the Model Without the Surgeon Covariate Before and
after the Change.

hypothesis test is conducted (Myers et al. (2010),
pp. 109–112). The p-values corresponding to all pa-
rameters except #̂2 = !0.323 are less than 0.05.
This indicates that surgeon 2 performs as well as
surgeon 1, and the data corresponding to surgeons
1 and 2 should be combined into one group. In
other words, the number of levels of the surgeon
covariate is reduced to 2. The parameters of the
new risk-adjustment model with one dummy vari-
able are estimated as !̂CP2 = [!3.050 0.064]T and
#̂ = !0.849. This model can be used as a baseline
model for monitoring the cardiac-surgery process in
phase II. Furthermore, it can help assess whether in-
cluding the surgeon covariate in the risk-adjustment
model is essential in terms of the goodness-of-fit cri-
terion. This is done by comparing model (2) and
model (3) using likelihood inference (Myers et al.,
2010, p. 112). The test statistic can be calculated as
!2 log(L1/L2) = 5.7061, in which !2 log(L1/L2) fol-
lows a chi-square distribution if the surgeon covariate
is not significant. The estimated likelihood functions
L1 and L2 are obtained for model (2) and model (3),
respectively, based on the data set after the change

point of 400. Because the test statistic is larger than
the critical value '2

1,0.05 = 3.8415, there is significant
evidence to suggest that the risk-adjustment model
that includes the surgeon covariate is better.

If the RA-LRTCP1 chart were to be used to control
the phase I data, the entire data would be employed
to estimate the parameters of the baseline model,
because no out-of-control point was detected by the
RA-LRTCP1 chart. In this case, the estimated param-
eters are !̂CP1 = [!3.471 0.073]T, which is very dif-
ferent from the baseline model estimated by the RA-
LRTCP2 chart. Figure 1, presented in the introduc-
tion, is based on these two estimated baseline models.
Such an obvious di!erence between these two mod-
els, as shown in Figure 1, implies that ignoring the
surgeon covariate in the risk-adjustment model may
produce misleading results in both the mortality-rate
modeling and phase II monitoring.

Generally, two approaches can be used for phase
II monitoring. One is to construct a set of control
charts corresponding to each group of surgeons (i.e.,
at one level of the categorical covariate). In this way,
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each control chart at phase II is constructed with
a di!erent risk-adjusted baseline model that is esti-
mated based on each group’s data at phase I, i.e.,
observations 400 to 1,112 of each surgeons’ group.
The other approach is to construct a single control
chart using all groups of surgeons’ data, in which a
categorical covariate is added to the risk-adjustment
model to represent di!erent group levels of surgeons.
Such a risk-adjustment model is estimated at phase
I based on all groups of surgeons’ data. The advan-
tage of the first approach is that it is more explicit
than the second approach in identifying which group
of surgeons’ performance has changed after receiv-
ing an alarm at phase II monitoring. On the other
hand, the overall Type-I error rate corresponding to
the first approach increases as the number of groups
(i.e., the levels of the categorical covariate) increases,
while the second approach has a fixed Type-I error
rate. We recommend using the second approach for
phase II monitoring because of its simplicity in re-
quiring only one chart construction. For the purpose
of identifying which level of the categorical covariate
has changed, we suggest using a postalarm analysis
similar to the one illustrated in Figure 3.

Performance Evaluation of
the RA-LRTCP Charts

In this section, the performance of the proposed
RA-LRTCP1 and RA-LRTCP2 charts for binary sur-
gical outcomes are further compared through Monte
Carlo simulations. The probability of detecting a
change in the mortality rate and the average of the
estimated change time (¯̂̄$) are two criteria used for
the performance comparison.

To generate the simulated data, the risk-adjust-
ment model presented in Equation (3) is utilized.
The Parsonnet score is the sole risk-adjustment fac-
tor and the surgeon is the categorical operational co-
variate with two levels. The estimated parameters of
the baseline model from the cardiac-surgery exam-
ple, as obtained in the previous section, are used in
the risk-adjustment model. The model that is used
to generate the simulation data in this section can
be written as

!i =
exp(!3.050 + 0.064xi1 ! 0.849di1)

1 + exp(!3.050 + 0.064xi1 ! 0.849di1)
. (8)

Based on the risk-adjustment model in Equation
(8), the logit of the mortality rate is denoted by
logit(!j

i ), j = 1, 2, where logit(!1
i ) = !3.899 +

0.064xi1 and logit(!2
i ) = !3.050 + 0.064xi1 corre-

spond to two levels of the surgeon covariate, respec-
tively.

In order to simulate a random binary outcome,
the level of the categorical operational covariate di1

is first randomly chosen based on an assigned prior
probability of each level, denoted by (j , j = 1, 2.
Then a random Parsonnet score xi1 is generated in-
dependently from the empirical distribution of Par-
sonnet scores obtained from the phase I surgery
dataset. The reason for using the empirical distribu-
tion is that Parsonnet scores in the surgery dataset
follow no known probability distribution. After that,
the randomly generated and xi1 and di1 are substi-
tuted into Equation (8) to calculate the mortality
rate !i. Finally, the obtained mortality rate !i is used
to generate a binary outcome through a Bernoulli
distribution. In each replication, m binary outcomes
are randomly generated using this procedure.

To assess the performance of the RA-LRTCP1 and
RA-LRTCP2 charts in detecting changes in the mor-
tality rate, two out-of-control scenarios with di!erent
magnitudes are examined.

Scenario 1

The logit of the mortality rate corresponding to
each surgeon increases, i.e., logit(!j

i1) = logit(!j
i0) +

)j ; )j > 0, j = 1, 2, i > $ . The expected change in the
logit of the overall mortality rate can be calculated
as ) = (1)1 + (2)2.

Scenario 2

The logit of the mortality rate corresponding to
each surgeon changes in the opposite directions,
while the expected change in the logit of the overall
mortality rate (1)1+(2)2 is positive, i.e., logit(!j

i1) =
logit(!j

i0) + )j ; )1 > 0, )2 < 0, j = 1, 2, i > $ .

In both scenarios, )1 and )2 are set to be pro-
portional to the standard errors of ("̂1 + #̂1) and
"̂1, respectively, and (1 is equal to 0.5. The UCL
is set so that the estimated Type I error rate & is
approximately equal to 0.05. The value of & is es-
timated by the proportion of simulation runs where
at least one of #($), $ = u, u + 1, . . . ,m ! u val-
ues is plotted beyond UCL. The 95th percentile
of the max!=u,u+1,...,m!u #($) values obtained from
1,000 simulation runs when the process is in con-
trol is chosen as the UCL. Furthermore, to inves-
tigate the sensitivity of the control chart’s per-
formance, the simulations are carried out for dif-
ferent values of simulation parameters. We com-
pare the performance under two sample sizes of
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FIGURE 4. The Detection Probability of “RA-LRTCP1” and “RA-LRTCP2” Charts Under Di!erent Shift Scenarios.

m = 1000 and 2000 and two di!erent change-point
positions of $ = 0.5m and 0.75m, with 1,000 replica-
tions in each case.

The obtained detection probabilities of both con-
trol charts for di!erent change magnitudes and sce-
narios are shown in Figure 4. From Figure 4, it can
be seen that, under both scenarios and di!erent pa-
rameters of m and $ , the RA-LRTCP2 chart out-
performs the RA-LRTCP1 chart. For instance, under
Scenario 1 with m = 2000, and $ = 0.75m, the detec-
tion probability corresponding to ) = 1.6 of the RA-
LRTCP2 chart is about 0.78, while it is 0.64 for the
RA-LRTCP1 chart. Because the RA-LRTCP2 chart

can distinguish di!erent surgeon groups, it generally
provides more precise parameter estimates, and thus
leads to better detection power.

The performance of both charts improves as the
sample size of phase I data (m) increases. Clearly,
the model parameters can be better estimated with
a smaller standard error when m is larger, thus re-
sulting in a higher detection power. Another param-
eter that can be influential in the performance of
both control charts is $ . It is obvious from Figure
4 that, when $ = 0.5m, the performance of both
charts is better than when $ = 0.75m. For example,
under Scenario 1 with m = 2000 and $ = 0.5m,
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TABLE 2. The Mean and Standard Error of Estimated Change Point of Proposed Charts Under Di!erent Scenarios

) 1.20 1.40 1.60 1.80 2.00 2.50 3.00

Scenario 1

m = 1000 $ = 500 CP1" 572.16 520.55 518.57 513.47 505.05 503.25 503.38
(8.1) (5.76) (4.46) (3.54) (2.02) (1.17) (0.73)

CP2 544.63 512.10 511.80 509.82 505.77 503.61 503.09
(8.1) (5.5) (4.33) (2.94) (1.8) (0.98) (0.57)

$ = 750 CP1 583.81 661.30 714.48 738.03 742.72 750.00 751.27
(9.23) (7.53) (5.19) (3.92) (3.04) (1.42) (0.98)

CP2 599.30 671.79 716.25 740.20 744.15 750.08 750.26
(9.23) (7.34) (4.62) (3.54) (2.43) (1.14) (0.82)

m = 2000 $ = 1000 CP1 1052.51 1031.52 1017.86 1008.78 1008.44 1004.40 1003.47
(17.11) (10.37) (6.74) (4.11) (2.56) (1.26) (0.76)

CP2 1038.49 1017.93 1009.21 1000.03 1006.65 1003.93 1002.07
(16.19) (9.23) (5.63) (3.16) (1.9) (0.85) (0.57)

$ = 1500 CP1 1249.87 1457.88 1467.35 1480.43 1496.91 1505.24 1504.45
(18.88) (11.04) (7.49) (5.06) (3.26) (1.2) (0.76)

CP2 1252.60 1460.51 1477.32 1489.09 1499.79 1504.64 1503.42
(17.65) (10.28) (6.39) (4.14) (2.25) (0.95) (0.54)

Scenario 2

m = 1000 $ = 500 CP1 575.16 525.06 522.65 512.38 504.82 500.05 497.78
(7.72) (5.38) (4.14) (3.16) (2.06) (0.7) (0.66)

CP2 569.29 514.63 511.67 506.14 504.51 499.47 497.34
(7.62) (4.87) (3.57) (2.5) (1.52) (0.66) (0.63)

$ = 750 CP1 576.91 682.31 717.20 740.65 745.79 748.30 749.66
(9.11) (7.08) (4.84) (3.29) (2.21) (1.17) (0.76)

CP2 592.85 683.82 719.21 739.13 745.64 748.47 748.55
(8.98) (6.32) (4.08) (2.78) (1.87) (0.85) (0.63)

m = 2000 $ = 1000 CP1 1069.72 1035.19 1016.15 1010.55 1009.24 1003.74 1002.88
(16.82) (9.58) (5.41) (3.26) (1.8) (0.95) (0.51)

CP2 1028.04 1011.45 1008.50 1004.01 1005.04 1002.69 1001.44
(14.51) (8.03) (3.98) (2.25) (1.33) (0.57) (0.38)

$ = 1500 CP1 1292.85 1467.94 1484.14 1494.26 1498.58 1503.09 1504.73
(18.12) (9.87) (5.6) (3.6) (2.62) (0.82) (0.54)

CP2 1306.38 1473.26 1489.42 1495.97 1502.28 1502.98 1502.14
(15.72) (8.7) (4.49) (2.88) (1.45) (0.63) (0.41)

" CP1 and CP2 represent RA-LRTCP1 and RA-LRTCP2, respectively.

the detection probability corresponding to ) = 1.6
of the RA-LRTCP2 chart is about 0.88, while this
detection probability decreases to 0.78 for the case
with $ = 0.75m. This is due to the fact that, when
$ = 0.5m, there are equal observations available from
each group before and after the change, which makes
two groups more distinguishable from each other,
leading to better model estimation for both groups.

In order to study the performance of the change-
point estimator, the mean values of the change-point
estimates obtained from simulations are calculated.
These estimated means, along with their standard
errors (given in parenthesis), for each of the RA-
LRTCP1 and RA-LRTCP2 charts are reported in Ta-
ble 2. As can be seen from Table 2, the change-point
estimates in the RA-LRTCP2 chart are more accu-

Vol. 44, No. 1, January 2012 www.asq.org



52 KAMRAN PAYNABAR, JIONGHUA (JUDY) JIN, AND ARTHUR B. YEH

rate and precise than those in the RA-LRTCP1 chart.
As an example, under Scenario 1, with m = 2000,
$ = 1500, and ) = 1.6, the mean of the estimated
change point is 1477.32 with a standard error of 6.39
for the RA-LRTCP2 chart, while these values are
1467.35 and 7.49, respectively, for the RA-LRTCP1

chart. The performance of the change-point estima-
tion and the detection probability in both charts are
improved when m increases. Generally, the higher
the detection probability is, the more accurate and
precise is the change-point estimator. The estimated
change points for which biases are more than 5% of
$ are underlined in Table 2. Both RA-LRTCP1 and
RA-LRTCP2 charts produce biases within this range
in most cases considered. Therefore, the change-point
estimator performance of both control charts is quite
reasonable.

Conclusions and Discussion

This paper proposed a general risk-adjusted con-
trol charting scheme for phase I control of surgi-
cal performance, which can account for not only
patients’ health conditions as described by Parson-
net scores, but also other categorical operational co-
variates, such as the surgeons’ group factor. The
proposed phase I risk-adjusted control chart was
developed based on a likelihood-ratio test derived
from a change-point model. The risk-adjustment
model is fitted by incorporating dummy variables
to represent di!erent surgeon groups’ performance.
To demonstrate the importance of including rele-
vant categorical operational covariates in the risk-
adjustment model, a cardiac-surgery dataset was an-
alyzed. The discovered data clusters of the mortal-
ity rate indicate that the inclusion of the categorical
surgeon covariate in the risk-adjustment model can
e!ectively model the heterogeneity of the surgical-
outcome data. Monte Carlo simulations were fur-
ther conducted to demonstrate that, by including
the surgeon covariate, the phase I risk-adjusted chart
provides better detection power. It is expected that
the improved estimation of model parameters based
on the proposed phase I control will lead to better
phase II monitoring performance. It is worth noting
that the proposed RA-LRTCP chart can be poten-
tially used for other applications in which a binary
response variable follows a logistic regression model
involving either continuous or categorical covariates,
or both. For example, in the aluminum electrolytic-
capacitor manufacturing process considered in Shang
et al. (2011), the probability that an inspected capac-
itor passes a test is a function of leakage current and

dissipation factor, which also depend on work shift,
machine, and/or operator and can be generally mod-
eled by categorical covariates.

Recently, research has been conducted on con-
structing phase II risk-adjusted control charts based
on continuous measures such as patients’ survival
time. It would be worthwhile to extend the pro-
posed phase I risk-adjusted charts to patients’ sur-
vival time. Moreover, the logit model used in the
current paper is similar to the model used in Yeh
et al. (2009) for monitoring profiles with binary out-
comes. One of the assumptions made in their paper
was that the subgroup size is larger than one. How-
ever, the change-point model adopted in this paper
allows one to construct control charts for statistical
profile monitoring of a binary outcome in both phase
I and phase II when subgroup size is one. This line
of research would be worth pursuing in the future
for binary profile monitoring with individual obser-
vations.
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