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Complete pancreatic resection has been able to yield
actuarial 5-year survival rates of 15%-25% following
pancreaticoduodenoctomy®™* and 8%-14% following
distal pancreatectomy.®® The common failure patterns in
treating pancreatic cancer have been recurrence in the
locoregional tumor bed and/or the development of he-
patic metastases. We introduced extended radical pan-
createctomy combined with intraoperative radiation
therapy (IORT) in 1984. Compared with other treatment
modalities, this approach has provided the best control of
local recurrence,’ although it has not contributed to sur-
vival benefit. The cumulative survival curve after surgery
for advanced pancreatic cancer is characterized by a
steep decline in the early postoperative period followed
by a gentle downward slope. This indicates that most
patients die not long after resection. Our aim is to identify
the characteristics associated with early mortality in pa-
tients undergoing pancreatic resection for pancreatic
cancer.

PATIENTS AND METHODS

Patients and Surgical Technique

Between December 1984 and December 1999 at
Kumamoto University, we performed pancreatic surgery
on 88 patients with pancreatic cancer. Of the 88 pa-
tients, 41 underwent extended radical pancreatectomy
combined with IORT, because they had potentially
curable disease as assessed by physical examination
and the following objective imaging criteria: (1) no evi-
dence of remote metastases; (2) no evidence of tumor
extension to the celiac axis or the superior mesenteric
artery; (3) possible resection and reconstruction of the
superior mesenteric vein (SMV) or the portal vein (PV)
in cases of tumor extension to the SMV or PV. This
combined therapy, which had provided the best control
of local recurrence, involves the dissection of the juxta-
paraaortic and regional lymph nodes, together with the
connective tissue and nervous plexus around the aorta,
extending from the diaphragm above to the inferior
mesenteric artery below. After dissection, a dose of 30
Gy with 9-12 MeV electron beam radiation was
administered to the operative field, as described previ-
ously.” Four cases of hospital death were excluded
from this study. Twelve patients received preoperative
and/or  postoperative  5-fluorouracit  (5-FU)-based
chemotherapy. No patients received extra radiation
therapy.

Survival Curve Analyzed

The cumulative survival curve in this series was de-
picted using the Kapian-Meier method. Assuming that
there were two distinct arms of the survival curve below
and above the breakpoint, each part of the curve was
modeled as an exponential distribution. The exponential
model corresponded to an assumption of a uniform haz-
ard within that time period. Three parameters, the
breakpoint, the high hazard rate below the breakpoint,
and the low hazard rate above the breakpoint were esti-
mated by the maximum likelihood method. The model
fitness, the magnitude of -2 log likelihood was also
evaluated, changing the breakpoint and the case having
no breakpoint. The better fit model had a lower value of
-2 fog likelihood. The short survival group (SSG) was
defined based on analyses of the survival curve using
these statistical methods.

Characteristics Analyzed

Prognostic factors associated with early maortality after
surgery were evaluated for the following variables: clinical
and histological features, laboratory examination data,
and intraoperative factors. The analyzed factors were as
follows: clinical features (abdominal pain and/or back
pain, body weight loss, preoperative obstructive jaundice
and/or biliary infection); histological features (tumor loca-
tion, tumor size, tumor siage, residual tumor); laboratory
examination data (white bilood cell, lymphocytes,
hemoglobin, total protein, albumin, serum amylase level,
elastase-1, the 75 g glucose tolerance test, the N-benzoyl-
L-tyrosyl-P-aminobenzoic acid (NBT-PABA) test, tumor-
associated carbohydrate antigens, CA 19-9 and/or
DUPAN-2 and/or Span-1); intraoperative factors (opera-
tion time, bleeding volume, volume of blood transfusion).
We conducted an interview with each patient during clin-
ical course to inquire about the experience of abdominal
pain and/or back pain and body weight loss. Preoperative
biliary drainage (endoscopic stents or percutaneous
drains) was performed in the event of biliary infection and/
or jaundice (serum total bilirubin level more than 5 mg/dl).
Blood samples for the complete biood count, chemistries,
amylase, and tumor-associated carbohydrate antigens
were taken on admission. All but one patient were mea-
sured for serum tumor-associated carbohydrate antigens.
Within the normal limits of serum CA 19-9, DUPAN-1, and
Span-1 levels are 37 U/mi, 150 U/mi, and 30 U/ml,
respectively. The 75 g glucose tolerance test and the
NBT-PABA test were performed before operation. Diag-
nosis of glucose intolerance was made on the basis of a
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fasting venous blood glucose level of more than 110 mg/
di, and/or glucose level more than 140 mg/dl 2 hours after
uptake of 75 g glucose. The exocrine function of the
pancreas was assessed by the NBT-PABA test. Insuffi-
ciency of exocrine function was diagnosed by lower than
70% excretion of total PABA in the urine. Histopathologi-
cal examination of each resected specimen was con-
ducted. The resected specimens were fixed in a 20%
formalin solution. The paraifin sections for histological
examination were prepared and stained with hematoxylin
and eosin. According to the classification of pancreatic
cancer defined by the Japanese Pancreas Society,® we
evaluated histological characteristics including tumor
location, tumor size, tumor stage, and residual tumor.

Statistical Analysis' of Prognostic Factors

Prognostic factors associated with early mortality after
surgery were first investigated using univariate Cox pro-
portional hazards regression analyses, and significant
independent variables were subsequently tested in a
multivariate Cox proportional hazards regression analy-
sis. Statistical difference was considered to be significant
at P < 0.05.

RESULTS

Patient Characteristics

The clinical characteristics of the 37 patients are out-
lined in Table 1. Study subjects included 15 women and
22 men. The average age of the patients was 59.1 years,
ranging from 37 to 75 years. The primary pancreatic le-
sion was located in the head in 30 patients and in the
body in 7 patients. Of these 37 patients, 28 were affected
by stage IVa disease. Twenty-three patients underwent
RO resection.

Analyses of Survival Curve

The cumulative survival curve in this series was de-
picted using the Kaplan-Meier method. Five-year actual
survival was 14.0%. This Kaplan-Meier survival curve
could not be approximately represented by an expo-
nential distribution with the constant hazard rate of 0.028
(-2 log likelihood was 311.851) if there was no break-
point. Assuming that there are two distinct arms of the
survival curve, below and above the breakpoint, each
part of the curve was modeled as the exponential dis-
tribution. Three parameters, the breakpoint, the high

Table 1.
Patients characteristics

No. of patients 37
Age (years)

Average 59.1

Range 37-75

Male/temale 22/15
Site of primary lesion

Head 30

Body 7

Tail 0
Tumor stage

| 0

Il 1

it 5

IVa 28

Vb 3
Pancreatectomy

PpPD 11

PD 17

DP 6

TP 3

PpPD, pylorus preserving pancreaticoduodenectomy; PD,
pancreaticoduodenectomy; DP, distal pancreatectomy; TP, total
pancreatectomy.

hazard rate below the breakpoint, and the low hazard
rate above the breakpoint were estimated by the maxi-
mum likelihood method. The magnitude of -2 log likeli-
hood was also evaluated, changing the breakpoint and
the cases having no breakpoint. Using the maximum
fikelinood estimate, if the breakpoint was 41, the value
of the -2 log likelihood was minimal (300.072) (Table 2).
Therefore, we estimated the breakpoint at 41 months.
This Kaplan-Meier survival curve could be approximately
represented by two distinct exponential curves with the
different hazard rates below and above the breakpoint
(Fig. 1). The hazard rate of the survival curves below
and above the breakpoint was 0.038 and 0.0072,
respectively. The difference of —2 log likelihood between
the constant hazard rate model and the two distinct
hazard rate model was 11.779, and it was highly sig-
nificant (P = 0.003).

According to these analyses, SSG was defined as
death earlier than 41 months after surgery, including 31
patients (73.0%). The long sutviving patient group (LSG)
consisted of 6 patients who were still alive more than 41
months postoperatively.

QOutcomes

All 37 patients were followed until death, or from 56 to
234 months for surviving patients. The median follow-up
for surviving patients is 82.7 months. The outcomes of
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Table 2.
Maximum likelihood estimate
Break point (BP) 20 30 41~ 50 60 none
-2 log likelihood 311.381 307.246 300.072 302.753 305.391 311.351
Hazard rate Before BP 0.0312 0.0359 0.0382 0.0381 0.0341 0.0278
Hazard rate After BP 0.0246 0.0159 0.0072 0.0081 0.0094 0.0278
BP=41 Table 3.

Cumulative survival rate

0.0 T

100 150 200

Times after operation (months)

Figure 1. The cumulative survival curve in this series was
depicted using the Kaplan-Meier method (a solid line). This
curve could not be approximately represented by an exponentiai
curve with a hazard rate of 0.028, if there was no breakpoint {a
light dotted line), but it could be approximately represented by
two distinct arms of the exponential curves that composed the
survival curves below and above the breakpoint (bold dotted
line). BP: breakpoint.
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these patients are described in Table 3. In SSG, there
were 29 (95.8%) cases of cancer-related death, com-
pared with 5 such cases (33.3%) in LSG. The most
striking outcome was that 18 patients (58.1%) died of
hepatic metastases in SSG, whereas no patients died of
hepatic metastases in LSG.

Prognostic Factors Associated with Early
Mortality

First, using a Cox proportional hazards model, a uni-
variate analysis was performed to determine whether any
of the characteristics were predictors of survival. Among
clinical and pathological variables, abdominal pain and/or
back pain during the preoperative clinical course was the
only significantly prognostic factor (Table 4). Among
laboratory data, preoperative elevation of serum amylase,
abnormality in NBA-PABA test, and elevation of tumor-
associated carbohydrate antigens levels were statistically
significant prognostic factors (Table 5). The intraopera-
tive factors, including operation time, bleeding volume,

Mode of recurrence in patients with extended pancreatic
resection with |ORT

SSG LSG
{31 patients) (6 patients)

Cancer-related Death
Liver metastases 1
Lung metastases
Peritoneal dissemination
Pleural dissemination
Recurrence of remnant pancreas
Local recurrence
Other cause of death
Alive

ON-=+=MNON®
Wt OO0 = 0O -0

SSG, short survival group; LSG, long surviving patients
group; IORT, intraoperative radiation therapy.

Table 4.
Univariate analysis of prognostic factors associated with early
mortality; clinical and pathological characteristics

Hazard
ratio 95% Ci P value

Abdominal pain and/or 3.216 1.517-6.817 0.0023

back pain
Body weight loss 1.330 0.660-2.681 0.4252
Obstructive jaundice 1.534 0.748-3.147 0.2434

and/or cholangitis
Tumor location thead) 1.118 0.481-2.596 0.7957
Tumor size (cm) 1.073 0.886-1.299  0.4691
Tumor stage IV 2.107 0.735-6.045 0.1655
Residual tumor (R1-2)  0.803 0.395-1.632 0.5438

and blood transfusion were also analyzed. No significant
predictive factor for early death was identified among the
intraoperative variables (Table 6).

A Multivariate Analysis of Prognostic Factors

A multivariate Cox proportional hazards regression
analysis of the factors that significantly predicted survival
in the univariate analysis revealed that abdominal pain
and/or back pain during the preoperative clinical course
was the only prognostic factor (Table 7).
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Table 5. Table 7.
Univariate analysis of prognostic factors associated with early ~ Multivariate analysis of prognostic factors associated with early
mortality; laboratory data mortality
Hazard Hazard
ratio 95% Cl P value ratio 95% Ct P value
White blood cell 1.000 . 1.000-1.000 0.7187 Abdominal pain 3.780 1.431-9.988 0.0073
Lymphocytes 1.000 1.000-1.001 0.4768 and/or back pain
Hemoglobin 1203  0.984-1.699 0.0649 Elevation of serum 1.630 0.619-4.289 0.3226
Total protein 1.051 0.563-1.961 0.8766 Amylase level
Albumin 1.339 0.566-3.169 0.5067 NBT-PABA test 1.781 0.662—4.793 0.2528
Elevation of serum 3.213  1.488-6.937 0.0030 Tumor-associated 1870 0.597-5.858 (.2825
Amylase level carbohydrate antigens
Elevation of Elastase-1 1.674 0.718-3.904 0.2332
Abnq:;am:;lg;mse 0.940  0.459-1.925 0.8652 early postoperative phase. This implies that improvement
NBT-PABA test 2613 1.165-5.861 0.0198 Of treatment causes the steep downward slope {o change
tumor-associated 2074 1.179-7501 00209 to a gentle downward slope in the survival curve.
carbohydrate antigens Improvement of short-term survival for pancreatic cancer
can be made by establishing means of preventing liver
metastases, but two crucial factors must be considered.
Table 6. First, is the need for more precise tools for preoperative

Univariate analysis of prognostic factors associated with early
mortality; intraoperative factors

Hazard
ratio 95% Ci P value
Operation time (hr) 1.089 0.935-1.269 0.2743
Bleeding volume (L) 1.204 0.886-1.636 0.2343
Blood transfusion (unit) 1.025 0.998-1.062 0.0671
DISCUSSION

Pancreatic adenocarcinoma remains a lethal disease.
A small coterie of patients can be salvaged, at least
temporarily, by surgical resection. Compared with other
treatment modalities, extended radical pancreatectomy
combined with IORT has provided the best control of local
recurrence,’ although it does not appear to have made a
contribution to survival benefit. The most crucial problem,
apparent in more than half the patients in this series, is
occurrence of hepatic metastases after operation, despite
the absence of any evidence of liver metastases by pre-
operative radiological imaging and intraoperative exami-
nation. Even after curative resection of 21 patients with
pancreatic cancer, liver metastasis occurred in 11 pa-
tients (52.4 %).? Liver metastasis occurred in a total of 18
cases (48.6 %) in this study, and these patients died of
hepatic metastases within 41 months after operation. ltis
suggested that the steep downward slope of the survival
curve in the early postoperative phase reflects the poor
prognosis of patients who died of hepatic metastases.

Generally, survival curves of malignant diseases with
poor prognosis do reveal a steep downward slope in the

diagnosis of liver metastases, because the high recur-
rence rate of liver metastases in the early period after
surgery indicates that liver micro-metastases might be
present at the time of operation. One advantageous
diagnostic tool to detect small liver metastases is com-
puted tomography during arterial portography combined
with computed tomography—assisted hepatic arteriogra-
phy (CTAP + CTHA). CTAP + CTHA has a higher sen-
sitivity than conventional CT for detection of liver
metastases.'® The second tactor is treatment for free
cancer cells in the blood and latent liver micro-metasta-
ses that may not be detected by preoperative radiological
imaging and intraoperative examination. Analyses of
slope of survival curve in this study can be useful to
evaluate the efficacy of current and future treatment for
liver metastases after surgery.

Prognostic factors associated with eatly mortality after
surgery were evaluated using univariate and multivariate
Cox proportional hazards regression analyses. if three
patients who had other causes of death were considered
censored, there was no difference in the statistical re-
sults. From the multivariate Cox proportional hazards
regression analysis, abdominal and/or back pain was
found to be the only statistically significant prognostic
factor in this study. The causes of abdominal and/or back
pain might be the occurrence of pancreatitis or invasion of
tumor into the retroperitoneal nerve. From the univariate
analysis, the preoperative serum amylase level was
found to be one of the prognostic factors. These findings
suggest that inflammation caused by obstruction of the
main pancreatic duct and its branches may promote rapid
tumor progression. The causative link between
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inflammation and cancer has been described, with evi-
dence presented for several cancers of the gastrointes-
tinal tract."" We have reported that a human pancreatic
cancer cell line, Capan-1, expresses the chemokine
receptor 2, which is an interleukin 8 (IL-8) receptor.'?
Interleukin-8 might contribute to tumor progression via
nuclear factor kappa B (NFxB) activation, because IL-8
activates NF«B. Overexpression of downstream genes of
NFxB, such as urokinase plasminogen activator, are
important in cancer metastasis.'® Moreover, pancreatitis
also promotes elevation of serine protease level in the
pancreas and blood. It was reported that serine protease
enhanced blood-borne metastases of tumor cells due to
tumor cell aggregation.' This evidence suggests that
there might be a strong correlation between inflammation
and tumor progression of pancreatic cancer.

Elevation of tumor-associated carbohydrate antigen
levels was also a predictive factor after surgery in this
study under a univariate analysis. Sialyl Lewis® antigen
(CA 19-9) was reported to play an important role in the
endothelial leukocyte adhesion molecule-1 mediated
binding between human cancer cells and activated
endothelial celis.'® It has been suggested that tumor cells
expressing Sialyl Lewis® antigen have a high degree of
adhesion to endothelial cells in the process of metasta-
ses. There are also reporis of a positive correlation be-
tween expression of the tumor-associated carbohydrate
antigens and the hepatic metastatic potential of pancre-
atic cancer.%'® These carbohydrate antigens might
facilitate metastasis of cancer cells to the liver.

In conclusion, the Kaplan-Meier survival curve after
surgery for advanced pancreatic cancer could be approxi-
mately represented by two distinct exponential curves, with
the different hazards rates below and above the breakpoint.
The high hazard rate in the early postoperative period was
closely linked with death from liver metastases. Therefore,
prevention and treatment of liver metastases should be a
goal in improving survival of pancreatic cancer patients.
The effects of prevention and treatment can be evaluated
by analysis of the survival curve in this study. The preop-
erative presence of local pain, which may be caused by
inflammation, was a prognostic factor associated with early
mortality. Thus the relation between this factor and tumor
progression should be precisely analyzed.
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A Simulation Study for a Linear Measurement
Error Model When Error Variances Vary
Between Measurements

Yasutaka CHIBA, Yutaka MATSUYAMA, Tosiya SATO, and Isao Y OSHIMURA

When predicting scores in the Draize eye irritation test based on measurements of in
vitro alternative tests, we are often faced with estimating parameters in a linear measurement
error model with heterogeneous error variances. This article proposes a new statistical
method for parameter estimation to address this issue. The proposed method is an extension
of an earlier proposal that applied a linear measurement error model with homogeneous
error variances, to cases with heterogeneous error variances. A simulation study to examine
the performance of the proposed method was conducted in a framework that was adaptable
to the data, which was obtained in a validation study of alternative methods to animal
experiments conducted in Japan. The proposed method reduced the biases of estimates in
comparison with an ordinary regression analysis method and three other methods under the
assumption of homogeneous error variances. Although the proposed method did not fit the
real data well, the resulting prediction formula was far better than those obtained by other
methods.

Key Words: Alternative method to animal experiments; Chorioallantoic membrane assay,
Draize eye irritation test; Estimating function; Functional relationship model.

1. INTRODUCTION

In the development of cosmetics, evaluation of eye irritancy caused by ingredients or
metabolites is indispensable. Although the Draize rabbit eye irritation test (Draize test)
proposed by Draize, Woodard, and Galvery (1944) has been conventionally used for this
purpose, its use has been restricted recently due to mounting concerns about cruelty to
animals. In the recent years, many methods that do not use animals have been developed
(see, e.g., OECD 1996). One such method is a chorioallantoic membrane assay by trypan
blue staining test (CAM-TB).
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An interlaboratory study to validate alternative methods including CAM-TB to the
Draize test was conducted. In the course of establishing a formula to predict Draize test
scores based on an alternative method such as the CAM-TB, a statistical issue arose. One
approach to establishing a prediction formula is to demonstrate a functional relationship
between the scores in the Draize test and the measurements in an alternative method. Each
of the paired measurements (the CAM-TB and the Draize test) was measured with error.
These measurements were governed by heterogeneous errors. This kind of problem often
arises in regression analysis with measurement error models (e.g., Fuller 1987) when error
variances are heterogeneous between measurements. This article proposes a new method
for analyzing these types of data.

In Section 2, the data obtained from the Draize test and the CAM-TB is described.
In Section 3, we formulate the problem for analyzing these data and propose a statistical
method to solve this problem. In Section 4, we conduct a simulation study to examine
the performance of the proposed method in comparison with other methods, which do not
assume heterogeneous error variances. The simulation study was conducted in a framework
that was adaptable to the data obtained in our application. In Section 5, we analyze the data
described in Section 2. Finally, we discuss the implications of the proposed method.

2. FORMULATION OF PROBLEM

The Draize test is a test designed to predict the eye irritation potential of chemical
substances (Draize et al. 1944). The focus of this test is an assessment of observable mucosal
and epithelial effects. Test scores represent damage caused to a rabbit’s eyes on a scale from
0 to 110. See Wilhelmus (2001) for a more detailed explanation.

Several parties, including scientists and the Society for the Prevention of Cruelty to
Animals, actively criticize the use of animal experiments based on the belief that experi-
ments such as the Draize test are inhumane. Accordingly, there is growing demanding for
alternative methods to animal experiments.

The CAM-TB is a test devised as an alternative method to the Draize test (Hagino et
al. 1991, 1993, 1999). A chorioallantoic membrane (CAM) assay evaluates blood vessel
reaction and damage to the CAM of a fertilized hen’s egg. A hen’s egg is recognized as
experiment material that lies between in vivo and in vitro. Consequently, the CAM assay is
considered to be less cruel than the Draize test.

In order to identify effective alternative methods, the Japan Cosmetic Industry Asso-
ciation (1994) conducted a validation study. In this study, the Draize test and the CAM-TB
were carried out using 36 chemical substances. For each chemical substance, three rab-
bits and five eggs were examined. The results provided three Draize test scores and five
CAM-TB measurements for each chemical substance.

Figure 1 shows a scatterplot of the scores in the Draize test by the measurements in
the CAM-TB, where dots denote means and whiskers denote standard deviations. Figure
2 shows the mean SD plots, which show the association between means and standard
deviations for the Draize test and the CAM-TB. In the Draize test, error variances of scores
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Figure 1. Scatterplot of the Draize Test and the CAM-TB: The vertical axis is the mean score of the Draize test
and the horizontal axis is the mean of the CAM-TB, and whiskers express standard deviations.

for nonirritants or severe irritants were generally smaller than those for moderate irritants
(top of Figure 2). In the CAM-TB, error variances of measurements increase in relation to
the level of severity of irritants (bottom of Figure 2). Thus, we assume that error variance
is dependent on the mean with a certain relationship. Because scores in the Draize test
have an upper limit (110) and a lower limit (0), it is reasonable to fit a curve with sigmoid
shape. Of all the curves with sigmoid shape, we choose the logistic curve because it is
flexible and relatively easy to work with. We assume that the relationship between true
scores in the Draize test, 7, and true measurements in the CAM-TB, &, is well modeled by
the logistic curve, n = 110exp (6o + Bi§) /{1 +exp(Bo + B1€)}. These actual data are
measured with error. The principal problem of the validation study then lies in the evaluation
of predictability of the CAM-TB to the Draize test. A suitable statistical method is required
to estimate the regression parameters on a measurement error model with heterogeneous
error variances. We employ the logit transformation, n* = log {n/(110 — )}, which yields
a linear relationship, to derive a suitable statistical method. This situation is formulated as
follows.

Let (x4, 2:),7 = 1,2,...,n, denote a pair of measurements, and &;, which is treated as
a nuisance parameter, denote an unknown true value of ;. A functional relationship exists
between x;’s and z;’s such that

z = &40
zi = [o+ B+,

where (B, and (3, are regression parameters, ¢; is the measurement error, and €; is the
disturbance term in a linear regression model. It is assumed that §; and &; are distributed
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It is necessary to estimate these variances.

3. PARAMETER ESTIMATION METHOD

In order to find a less-biased parameter estimation method for the model derived

in Section 2, we considered expanding Amari and Kawanabe’s proposal (1997). They
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Figure 2. Top: Mean SD plot of the Draize test (vertical axis is standard deviation and ho rizontal axis is meai),
Bottom: Mean SD plot of the CAM-TB (vertical axis is standard deviation and horizontal cixis is mean).
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discussed the problem that nuisance parameters increase with an increase in sample size. In
some cases in which such problems arise, the maximum likelihood method does not derive
consistent estimators (e.g., see Neyman and Scott 1948). The statistical analysis of linear
measurement error models poses the same problem, that is, nuisance parameters increase
with the increase of sample size. For this problem, Amari and Kawanabe (1997) defined a
family of estimating functions under the assumption of homogeneous error variances. We
extend their method to the case with heterogeneous error variances, and propose a parameter
estimation method that makes asymptotic variances of parameters smallest in an extended
family of estimating functions.

Under the common known variances, o2, = 02, = o, Amari and Kawanabe (1997)

zZ

showed that the estimating functions for By and B4, go(z, 2, 8) and g; (=, z, B), become

gy 2P
golz,z,08) = L (3.1)
and
__ﬁ _ﬁ ‘
gi(z,2,8) = h(s)i(l—:ﬂlz—)a—‘éf (3.2)

where s = {z+Bi(z — fo)} /(1 + B}) is the sufficient statistic for &, and h(s) is an
arbitrary function of s. The estimating functions (3.1) and (3.2) can produce consistent
estimators without depending on nuisance parameters £1, . . ., §,,. The asymptotic variance

of 35,7 =0,1, av.[y/n(B; — B;)), is given by
. [ﬁ (@ 5 )} limn—oo(1/n) Yy Bp, [95(w3, 21, 8)]
: ‘7 k2
’ {hmnHOO(l/TL)Z Eﬁ 3 [agj(xuzzaﬁ)/a/@]:l}

where Ej ¢,[] denotes the expectation with respect to the distributions specified by 4 and &;,
and Og,(-)/00; is the partial derivative with respect to ;. The derivation of the asymptotic

(3.3)

variance (3.3) is given in Appendix A.1.

We extend estimating functions (3.1) and (3.2) to the case with heterogeneous error
variances. In order to simplify the estimating equation, we constrained h(s) to a linear
function, h(s) = as + b. The resulting estimating equations become

- Zi”Bo—lei P - Zi_Blwi
Z_‘?—_—A’T:O@ﬁozzv—”—?? Z ) 322 G4
1 xi

i=1 U;i_i_ﬁl_a =1 0;1-‘*"510;”- i=1 T4

for By and

n 2 LA (D A B
Z aigzza’1+l6]0—fi(zl ﬂO) +b7, Zq /60 /3]931 —0

- (3.5)
02, + Bio; o+ Bio,

i=1
for 3;. Itis necessary to decide on a; and b; to estimate B, , while ﬁo is uniquely determined.

If we choose «; and b; to minimize the asymptotic variance (3.3), we get a; = Oand b; = &;.
Equation (3.5) then becomes

ﬁlmz
Zg z1+ﬁl )

i=1
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B, cannot be estimated by Equation (3.6) because it includes the unknown parameter
&;. Accordingly, we estimate [, by substituting the maximum likelihood estimator éi =
{agixi + 8102, (2 — BO)} (02, + Blo2,) of & into Equation (3.6). This &; is consistent
with the sufficient statistic s; for £;. As the result, a; = 0 and b; = &; derive h(s;) = s;.
The estimating equation for 3, becomes

A

n {Uzﬂi + Blaii(zi — Bo)} (2 — Bo — Brz;)

(Ugi + 1312‘73-1')2

(3.7)

i=1|

Incidentally, ,30 and ,31 in Equations (3.4) and (3.7) are the same as the maximum likelihood
estimators (Walter 1997). The derivations of Equations (3.4) and (3.7) throu gh the maximum
likelihood method are given in Appendix A.2. The variances of 8, and (3; are given by

> fil?
1Y it = (D fig)
var(f)) = z;fi 5
2 i & (Z fifi)
where f; = 1/(03.1' + Biog;) and 3- = > it

var( Bo) =

4. SIMULATION STUDY

We conducted a simulation study to evaluate the performance of the parameter estima-
tion method proposed in Section 3. The simulation study was conducted in a framework that
was adaptable to data obtained in a validation study described in Section 2. The following
four parameter estimation methods were compared:

1. Ordinary least squares (we call this method OLS).

2. Estimating Equations (3.4) and (3.7) under the assumption of homogeneous error

variances, and the error variance of response variables are equal to that of explanatory
2, = 0% = o* (we call this method EV1).

3. Estimating Equations (3.4) and (3.7) under the assumption of homogeneous error
variances, and the error variance of response variables are not equal to that of

variables, that is, o

explanatory variables, that is, 02, = 02 and 02, = 02 (we call this method EV?2),
4. Estimating Equations (3.4) and (3.7) under the assumption of heterogeneous error
variances, and all error variances of response variables and explanatory variables
vary between measurements (we call this method NEV).
We substituted the Equation (3.4) into Equation (3.7) to find B] in EV1,EV2, and NEV.
The Newton-Raphson algorithm was used to solve estimating equations. The initial values
were set to be OLS estimates. The conditions and steps for the simulation study were as
follows:

1. Generate a uniform random number with a range between 5 and 15. This value is
set as &, which denotes a true measurement in the CAM-TB.
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Figure 3. The Results of ,@. for a Simulation Study: Biases (true values minus the means of estimates). Dia-
monds: (SDx, SDy) = (.5€,.0025 n(110 — 1)), squares: (SDy, SDy) = (.5¢, .005 n(110 — n)), triungles:
(8D, SDy) = (£, .0025 n(110 — m)), and circles: (SDy,SDy) = (£, .005 (110 — 1)).

Calculate n = 110exp(¢ — 10)/{1 + exp(§ — 10)} (true model). This 7 denotes a
true score in the Draize test.

Generate normal random numbers with mean £ and standard deviation SD; = .5¢
or £. The number of generated random numbers is 5 or 10, which is assumed to
be the number of eggs used in the CAM-TB. Set the mean and standard deviation
calculated from these random numbers as a measurement and its according standard
deviation in the CAM-TB. Similarly, generate normal random numbers with mean
n and standard deviation SDy, = .00257(110 —n) or .0057(110 — n). If a generated
value is smaller than 0 or larger than 110, the value is replaced with O or 110. The
number of generated random numbers is 3, which is the same as the number of
rabbits used in the Draize test. Set the mean and standard deviation calculated from
these random numbers as the score and its according standard deviation in the Draize
test.

Repeat Steps 1-3 36 times (in correlation to the number of chemical substances) or
1,000 times. This yields one dataset.

Estimate parameters ((Jy and ) by the four methods described (OLS, EV1, EV2,
and NEV).

Repeat the above steps 1,000 times, and calculate means, biases (true values minus
means), and mean squared errors (MSEs) of parameter estimates ([30 and B ).
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110 —m)), squares: (SDq, SDy) = (.5¢, .005 n(110 — n)), triangles: (SDy, SDyy = (& .00257(110 —
1)), and circles: (SDg, SDy) = (£, .005 n(110 — n)).

The results of the simulation study are summarized in Figures 3 and 4. We show only
the results of 3, since fy was uniquely determined as a result of 3. Figure 3 indicates
biases on the four methods under 4 x 2 x 2 = 16 conditions (pairs of standard deviations
(SDg, SDy) = (.5€,.00257(110 — 7)), (.5¢,.0057(110 — 7)), (£,.0025n(110 — n)) or
(£,.0057(110 — 7)); the number of chemical substances = 36 or 1,000; and the number of
cggs = 5 or 10). Figure 4 indicates mean squared errors.

The following results were obtained from Figure 3. First, magnitude of biases for the
four methods was examined. All four results in Figure 3 show that NEV, EV2, EV1, and
OLS generated smaller order biases. However, the biases of EV2 are a little larger than those
of EV1 under (SDy, SDy) = (.5€,.0057(110 — 1)) (symbols in Figure 3 = squares). The
biases of EV2 are also similar to those of NEV under (SDy;, SD,,) = (€, .00257(110 — 7))
(symbols in Figure 3 = triangles).

Second, we examined how the difference of standard deviations (SD, or SD,) influ-
enced biases. All four results in Figure 3 show that biases for SD,, = ¢ (symbols in Figure 3
= triangles and circles) are larger than those for SD,, = .5¢ (symbols in Figure 3 = diamonds
and squares). On the other hand, the difference of SD,, that is, SD, = .00257(110 — n)
(symbols in Figure 3 = diamonds and triangles) or SD,, = .0057(110 — 7) (symbols in
Figure 3 = squares and circles), does not generate much difference in biases except for
EV2. These results imply that error variances in the CAM-TB have more influence on bi-
ases than those of the Draize test. This is especially true for OLS and EV1. It seems that
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Table 1. Parameter Estimates and Their Standard Errors by Four Estimation Methods (OLS: ordinary
least squares; EV1: 02, = o5, = 0% EV2: 02 = 0% and 02, = o2 but 6% # 02; and NEV: all
error variances vary between measurements)

Bo se (Bo) Bi se (B1)

OLS -6.189 673 277 .047
EV1 -6.399 1393 .298 .098
EV2 —6.281 1.633 .287 114
NEV  —10.619 .380 .864 .150

error variances in the Draize test have no relevance to biases. However, the biases of EV2
are small when error variances in the CAM-TB are large.

Third, we examined how differences in the numbers of chemical substances or the
number of eggs influenced biases. The comparisons between the same numbers of chemical
substances and different numbers of eggs (the comparisons between top and bottom in Figure
3) show that on all of four methods, biases when the number of eggs = 5 are larger than
those for when the number of eggs = 10. On the other hand, the comparisons between
the different numbers of chemical substances and same numbers of eggs (the comparisons
between left and right in Figure 3) show that the magnitude of bias does not change with
changes in the number of chemical substances. These results imply that biases become
smaller if the number of eggs used in the CAM-TB increases but not smaller even if the
number of chemical substances increases.

In Figure 4, we can see that MSEs also have features similar to biases. However, NEV
produces large MSEs in the case in which the number of chemical substances is 36 and the
number of eggs is 3.

5. APPLICATION OF THE PROPOSED METHOD TO REAL DATA

We applied the proposed method and the other 3 methods to the data described in
Section 2.

Table 1 summarizes the regression parameters and their standard errors estimated by
the four methods described in Section 3. Figure 5 shows their fitted curves. BO and B,
by OLS, EV1, and EV2 (solid line, large broken line, and small broken line in Figure 5)
provided almost identical results. Those provided by NEV (solid thin line in Figure 5) were
considerably differed from the other three methods. As Figure 5 indicates, the four methods
do not fit the data well.

Our objective is to formulate a model to predict the score in the Draize test by the
measurement in the CAM-TB. Accurate prediction of Draize test scores is much more im-
portant when CAM-TB produces moderate measurements. Large CAM-TB measurements
indicate high Draize test scores, even though the prediction is not very precise. Though the
prediction is loose, it is possible to identify chemical substances that have strong toxicity. A
chemical substance having strong toxicity cannot be adopted for use in cosmetics. When the
CAM-TB test produces moderate measurements, however, we should be careful to avoid
underestimating the toxicity of the chemical substance being tested. This is what happens
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Figure 5. Fitted curves (solid line: OLS, large broken line: EV1, small broken line: EV2, and solid thin line: NEV).

when the score in the Draize test is underestimated.

Figure 5 shows that OLS, EV 1, and EV2 underestimate the score in the Draize test when
the CAM-TB test produces moderate measurements. Figure 5 also shows that NEV makes
the degree of underestimation smaller in the moderate measurements in comparison with the
other three methods. NEV is a worse fit than the other three methods for large measurements.
Asdiscussed earlier, however, it is not important that the fit for these measurements is wrong.
Consequently, we consider that the proposed method, NEV, results in a better prediction
formula than the other three methods.

6. DISCUSSION

In this article, we extended the estimating function method proposed by Amari and
Kawanabe (1997) to the case in which error variances vary between measurements. The
estimators for the proposed method were incidentally identical to the maximum likelihood
estimators.

We also conducted a simulation study to compare the regression parameters estimated
by the proposed method with those estimated by three other methods under the assumption
of homogeneous error variances. The parameters estimated by the proposed method, NEV,
may be imprecise when sample size is small and error variances are large. However, the
results of the simulation study suggest that, in comparison to the other three methods, NEV
results in smaller biases and MSEs. As shown in Figure 4, NEV produced large MSE in
the case in which the number of chemical substances was 36 and the number of eggs was
5. The reason is that there are few cases in which NEV takes a very large value of /31 when
the error variances are large. For example, under (SD,, SD,,) = (£, .0057(110 — n)), NEV
took 16.93 as the maximum value of /31.
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In the simulation study, normal random numbers were generated on the original scales
before the logit transformation, while the scales after the logit transformation were modeled.
Our primary objective was to see if the proposed method could have worked in the validation
study. In the validation study, measurement errors occurred at the original scale. This was
because we considered normal error structures at the original scale in the simulation study.
If we knew the true error structures, it would be appropriate to use a nonlinear measurement
error model. Note that to develop such a nonlinear measurement error model is troublesome
with heterogeneous error variances. As a result, in the simulation study, we used somewhat
misspecified models. Nevertheless, the simulation study showed that the proposed method,
NEV, gave the smaller biases and MSEs than the other three methods.

The goal of the validation study was to predict Draize test scores from CAM-TB values.
When a fitted curve shows greater deviation in the direction of underestimating the score
in the Draize test, there is a greater risk of underestimating a chemical substance’s toxicity.
From the results of the simulation study shown in Section 3, it is reasonable to conclude
that the proposed method is less biased than the other three methods in the validation study.
The results of the simulation study also indicate that we can make bias and MSE smaller
if larger numbers of eggs are used in the CAM-TB. This shows that if alternative methods
such as the CAM-TB are carried out with large numbers of experiment materials for each
chemical substance, we can estimate the regression parameters more precisely.

In validation studies, both the measurements in animal experiments and in alternative
methods are measured with error. We need to adopt measurement error models when we
predict measurements in animal experiments by alternative methods. In order to investigate
whether or not the method proposed in this paper is useful in evaluating alternative methods,
we need to examine other alternative methods in addition to CAM-TB.

APPENDIX

A.1 THE DERIVATION OF ASYMPTOTIC VARIANCE (3.3)

If the estimating equation for Bj (j = 0,1), >0, gi(wi, Zi,Bj,,Bk) =0(j # k), is
expanded with a Taylor series on the true parameter fJ;, we get

O:Zg(xi,zvz,/j’)““zag—(%;i;m (Bj—5‘7> +Op<
j

i=1 1=1

Bj—ﬂjr) (A1)

ﬁj takes the almost same value as 3; when n becomes very large. Then, since the higher

2
order terms, Oy, O Bi — Bj

), are negligible, Equation (A.1) is transformed as

% 1 . 1 & 0 1y “1y
Vn (51‘ - ﬁj) =/ Zg(fﬁi,zi,ﬁ) - Z g—@aﬁz-—@ : (A.2)
i= J

i=1
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By applying the law of large numbers, the denominator on the right hand side in Equation
(A.2) converges to

lim — Z Eg [MJ

n—00 71 /8]

By the central limit theorem, the numerator on the right hand side in Equation (A.2) is
distributed according to

77_; lZ:l:gj (i, 2,8) ~ N (O, Ege, l:gj (T4, 24, ,3)2]) .

Therefore, Bj is also asymptotically normally distributed with the asymptotic variance

limy, oo (1/n) 3700 Ep e, [95(2i, 2, B)?]
(iMoo (1/n) X0 Ep e, (09 (i, 2, 8) /0B;]

v. [\/ﬁ (Bj - 53‘)} =

A.2  THE DERIVATIONS OF EQUATIONS (3.4) AND (3.7) THROUGH THE MAXIMUM
LIKELIHOOD METHOD

A pair of measurements, (z;,2;),1 = 1,2,...,n, have a functional relationship
T = &+
zi = o+ Bié +e,

where §; and g; are distributed according to

C((8) (5 2)

The log-likelihood function, log L, is given as

I | (@ =6 (= By — &)’
IOgL:C‘—EZ{ 5 _l‘ 02 l }7

a=1 T T

where C denotes a set of constant terms that does not depend on the parameters 3y, 3, and
&i- Olog L/O¢; = 0 gives the maximum likelihood estimator

~ _ Ug,iSC'—f—B;GQ ( ﬂ())
_,_/620._

By substituting this &; into dlog L/OBy = 0 and Hlog L/9B; = 0, Equations (3.4) and
(3.7) are derived.
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We developed a method to assess the similarity of pharmacokinetic data between
ethnically different populations. An evaluation of confidence intervals for the mean
difference in pharmacokinetic parameters, such as area under the concentration-
versus-time curve (AUC), between populations is often used. We propose the use of
the overlap coefficient (OC), which represents the proportion of overlap between
two probability distributions, as a measure of the similarity between distributions.
We considered five OC estimators — two parametric ones and three nonparametric
ones. Simulation studies were conducted to compare the performance of the five OC
estimators and their bootstrap confidence intervals. Results showed that
nonparametric estimators with fixed-bandwidth kernel density estimation had a
smaller mean squared error in almost all situations, and their coverage probabilities
were close to the nominal level. The proposed method was applied to
pharmacokinetic data from a bridging study of a combination therapy for
metastatic colorectal cancer patients in the USA and Japan. From the analyses of
this study, it was suggested that the distributions of the logarithmically transformed
AUC for leucovorin and 5-fluorouracil were similar between the two populations.

Clinical Trials 2005; 2: 174-181
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1 Introduction

In the development of new medical products,
clinical trials are required to be standardized and
conducted efficiently and quickly on a global scale.
In an effort to address these issues, the International
Conference on Harmonization of Technical
Requirements for Registration of Pharmaceuticals
for Human Use (ICH) was initiated in 1990. One
outcome of the project was the development of the
guideline on “Ethnic Factors in the Acceptability of
Foreign Clinical Data” [1], known as the ICH ES
guideline. One of the concerns of ES is a bridging
study to allow extrapolation of foreign clinical data
to a new region. The E5 guidance is based on the
premise that it is not necessary to repeat the entire
clinical drug development programme in the new
region; bridging studies should allow for new

medicines to be supplied expeditiously to patients
for their benefit.

When evaluating the extrapolation of clinical
data from one region to an ethnically different
region, it is important to assess whether the
pharmacokinetic data are similar across the popu-
lations. Pharmacokinetic studies are conducted to
characterize the absorption, distribution, meta-
bolism, and excretion of a drug either in blood or
in other pertinent locations. The pharmacokinetic
profiles of two populations are compared in terms of
the appropriate parameters, which are measures of
systemic exposure such as peak concentration and
area under the concentration-versus-time curve
(AUC). However, there are no standard methods
for assessing the similarity of pharmacokinetic
parameters. Graphical presentation of data and the
evaluation of confidence intervals for the difference
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