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Confidence Intervals for Effect Parameters
Common in Cancer Epidemiology

by Tosiya Sato*

This paper reviews approximate confidence intervals for some effect parameters common in cancer
epidemiology. These methods have computational feasibility and give nearly nominal coverage rates. In
the analysis of crude data, the simplest type of epidemiologic analysis, parameters of interest are the odds
ratio in case-control studies and the rate ratio and difference in cohort studies. These parameters can
estimate the instantaneous-incidence-rate ratio and difference that are the most meaningful effect meas-
ures in cancer epidemiology. Approximate confidence intervals for these parameters including the classical
Cornfield’s method are mainly based on efficient scores.

When some confounding factors exist, stratified analysis and summary measures for effect parameters
are needed. Since the Mantel-Haenszel estimators have been widely used by epidemiologists as summary
measures, confidence intervals based on the Mantel-Haenszel estimators are described. The paper also

discusses recent developments in these methods.

Introduction

In the study of cancer or other chronic disease epi-
demiology, the most frequently used measure of disease
oceurrence is the instantaneous incidence rate, which is
the number of new cases per unit of person-time at risk
{also called the incidence density or hazard rate). As for
measures of exposure-disease association, attention is
centered to the rate ratio and difference between the
instantaneous-incidence-rates in the exposed and the
unexposed groups.

Both of these two parameters of interest are directly
estimated in cohort studies, while only the rate ratio
can be estimated by the odds ratio in case-control stud-
ies. For a long period statisticians considered that the
odds ratio could estimate the risk ratio for the ratio of
two cumulative incidence rates, given that the disease
under study is rare (I). However, it is explained that
the odds ratio estimates the rate ratio, and the rate
ratio can approximate the risk ratio if the disease is rare
@.

Many procedures have been proposed for calculating
approximate confidence intervals for the parameters of
interest in cancer epidemiology. The best-known ap-
proximation proecedure is Cornfield’s (3} method for the
odds ratio. In the analysis of crude (i.e., unstratified)
data, the approximate large-sample confidence inter-
vals, based on unconditional efficient scores including
Cornfield’s method, may perform well.

Although a crude analysis possesses a cogency, strat-
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ified or matched analysis is often needed to remove con-
founding. The approximate methods based on efficient
scores can extend in a straightforward manner to com-
mon effect parameters when the number of strata re-
mains fixed but sample sizes become large (large strata).
However, the unconditional score methods will fail
when fine stratification or matching has been made
{sparse data). Since the famous Mantel-Haenszel esti-
mators for the common odds ratio (4), and the common
rate ratio (5) and difference (6) are consistent in both
large-strata and sparse-data large-sample theories
(7,8), the approximate confidence intervals based on the
Mantel-Haenszel estimators have been developed in the
past 10 years. Both of the first-order Taylor series in-
tervals and Fieller-like intervals based on the Mantel-
Haenszel approach perform well, and the latter pos-
sesses relations to tests of null association.

Approximate Methods for Crude
Data

(dds Ratio from Case-Control Studies

Consider a pair of independent binomial observations
(X,Y) with denominators (n,m) and success probabili-
ties (py, Po). In case-control studies, X and Y denote
the number of exposed persons out of # cancer cases
and 7 controls. We wish to find approximate confidence
intervals for the odds ratio §y = p;(1 — p)pe(l — p1)]
based on efficient scores.

The unconditional log-likelihood may be the sum of
the logarithms of two binomials with parameters (p,,
o). When one reparametrizes by letting p, = Upy/(Upo
+ 1 — pg), then the score statistics are
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Sype) = aL(,polad = (X — np

and

Spo(d,’pﬂ) = é'L(‘f-', Po)/apo

[t — (mpy + mpo)l / [po(l — po)]
where { = X + Y. The maximum likelihood estimator
{MLE) of the nuisance parameter p, Do, 18 the solution
to the equation S, (U, Po) = 0. Usmg the conventional
notation that EA EAX;0) = np, and p, = WP,/ [P,
+ (1 — py)], E* could be determined as the appropriate
root of the quadratic equation

E4m — t + E*) = (n — EA)t — E®),
The score method is based on S (U fp) = (X — E*)Ab.
Its asymptotic variance is estimated by

Var (S, (b, po)l = @)™

where

)
np (1 — Py mpe(l — Po)
The approximate 1 — a confidence interval (U, Yy} is
thus the two solutions to the equation

T = (X — E¥ — ¢ Yo = 22, (L

where z,. is the 100(1 — o/2) percentile of the normal
distribution and ¢’ = 1/2, when a correction for conti-
nuity is needed, or ¢’ = 0, otherwise. This equation is
identical with that proposed by Cornfield (3), and some
algorithms te solve it iteratively are given by Gart (9)
and Fleiss (16). Gart and Thomas (11,12) showed that
Cornfield’s method with and without the continuity cor-
rection perform well in the conditional and unconditional
sample spaces, respectively.

As an alternative to Cornfield’s method based on un-
conditional scores, we may use more accurate approx-
imate mean and variance of X conditional on ¢ in Eq.
(1). The eonditional distribution of the data is the non-
central hypergeometrie distribution with noncentral pa-
rameter . Harkness (13) showed an exact relation be-
tween the mean and variance that E[X(m — ¢ + X)|t]
= yE[(n — X}t — X)|t], i.e., EX|t)m — t + EX]f)

Var(Xnt) = yl{n — EX[} {t - BEXH} + var
(X|t)] McCullagh (14} proposed approximate mean E,;
and variance ¥’ determined to satisfy simultaneously
the two equations

Efm -t + ER) + 7' =
Wl(n — Eap(t — Ef) + %' 1 (2)

and

o |2 11

" N-1|E4 n-Ef t-E& 3)
Lt 1
m—t+ Ef

where N = n + m is the total sample size. For ¢ =

1, the exact mean and variance satiszy Eqgs. (2) and (3).
Substituting Eft and ¥’ instead of E# and % in Eq. (1),
an alternative approximate confidence interval is ob-
tained as the two solutions to

Tml) = (X - Ef| — ¢/’ = 2% . &)

This equation may also be solved iteratively, but it is
easily calculated with the same manner to solve Eq. (1).

For a numerical comparison between Cornfield’s
method [Eq.(1)] and McCullagh’s methods [Eq. (4)], we
consider a crude case-control data from the Ille-et-Vi-
laine study of esophageal cancer that have been used
by Breslow and Day (15). Among 200 male cases di-
agnosed with esophageal cancer, 96 were exposed to
high daily aleohol consumption, while 109 among 775
controls were exposed to high daily alcohol consump-
tion. The (unconditional) maximum likelihood estimate
of the odds ratio is ¢ = 5.640. The approximate 95%
confidence intervals (iz, ;) are:

Cornfield’s method
with the eontinuity correction
MeCullagh’s method (3.995, 7.924)
with the continuity correction (3.935, 8.048)

For these data McCullagh’s intervals show close
agreement with Cornfield’s intervals, both with and
without the correction for eontinuity. Since Breslow and
Cologne (16) showed that McCullagh’s approximation
would be accurate whenever { is near unity or N is
large, calculations of the actual coverage rates of
MecCullagh’s methed for large r and moderate N will be
informative.

(4.033, 7.947)
(3.943, 8.071)

Rate Ratio and Difference from
Cohort Studies

In follow-up studies of dynamie populations, X and ¥
denote the number of persons contracting the disease
out of n exposed and m unexposed fixed person-time
denominators. Thus X and Y are modeled as a pair of
independent Poisson observations with means (nr,
mry), where r; and 1, are the instantaneous incidence
rates of the exposed and the unexposed. The parameters
of interest are the rate ratic w = 7,/r, and the rate
difference £ = v, — 7.

First we consider the approximate confidence interval
for the rate ratio based on efficient scores. Similar to
the odds ratio situation, by letting », = wr,, the scores
are

S.w, rg) = alw, ro)dw = (X — nr)le
and
S,(w, 10) = al{w, ro)dry = [t — (nry + mrg)] /7,

wheret = X + Y. The MLE of ry is o= t/(ne + m),
which is the solution to the equation S, (w, 7o) = 0. The
asymptotic variance of Swlw, 7y) is estlmated by

-1
wine +m) | nmt
N, winw + m)?

JariS. (o, 7)) = [
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Hence the approximate 1 — o confidence interval (wy,
wyy) is the two roots of the quadratic equation

(mX — nwY)?

T(w) =
anmt

= 23/2 (5)
This equation is identical with that derived from the
asymptotic normal approximation of mX — neY or X
conditional on £, or the conditional seore method (17).

For the rate ratio, it is well known that the conditional
distribution of X given { is the binomial with success
probability nw/(nw + m} and size t. The exact confi-
dence interval may be obtained using the mathematical
link between the binomial and the F distributions (28).
That is,

mX
Y + DF ,2Y + 2, 2X) ®)

mX + DF . 2X + 2, 217))
nY

(w, wy) = (

where F (v, vy) is the 100(1 — o/2) percentile of the
F distribution with v, and v, degrees of freedom. Paul-
son (19) proposed an approximation to F.(v;, vs),
namely f(2/(%v,), 2/(9ug)), which is

fla, b) = [((1 -~ a)l — b +

szzva,(l — b)z + b(l — CL)2 - abz“fg) /

3
a - b)2 - bz§f2:| &)

We can thus obtain more accurate approximate interval
for w using Eq. (6) with Paulson’s approximation [Eq.
(N1

In making inferences about the rate difference it is
necessary to employ the unconditional distribution of
(X, Y). By letting r;, = 7, + £ we have

S(E, 1) = (X — nr)iny
where 7, = 7, + £ and

Fo = [t = NE+V(t — Ng? + aNYEl / 2N)

where N = n + wm. From Sato (17), we have

. . -1
Far[Sy(g, 7)) = (% + E)

m

The asymmetric confidence interval (§;, &) is the two
solutions to

2

T® = (@) (ﬁ 4 E) =2y, ®
1

n m

Sato (17) gave the Newton-Raphson procedure to solve
Eq. (8) iteratively. Alternatively, the usual first-order

Taylor series interval is given by

E-D)ean e ®

Toillustrate these confidence interval methods for the
rate ratio and difference, we use follow-up data on the
breast cancer for women with tuberculosis repeatedly
exposed to multiple X-ray fluoroscopies and women with
tubereculosis not so exposed (20). Among the exposed
group, 41 women suffered from breast cancer out of
23,010 person-years, while 15 women suffered from
breast cancer out of 19,017 person-years among the
unexposed group. The estimated rate ratio is @ = 1.856.
The approximate 95% confidence interval based on the
score method [Eq. (5)] is (1.036, 3.325), while that ob-
tained by Eq. (6) with Eq. (7) is (1.006, 3.611). The
lower limits are very close, but the upper limit by the
score method is smaller than that by the approximate
conditional method. It is because the normal approxi-
mation in the use of the score method will be inadequate
unless { is large. When the rate difference is of interest,
its estimate is £ = 67.50 per 100,000 person-years. The
approximate 95% interval based on the score method
Eq. (8) is (4.320, 129.0) per 100,000 person-years, while
that given by the usual method Eq. (9) is (7.498, 127.5)
per 100,000 person-years. Sato (17) showed that the
score method 8 gave nominal coverage rates under sev-
eral values for the parameters £, 1o, %, and m except
for £ = 0, ry = 0.2 per 1000 person-years and n = m
= 5000 person-years.

Stratified Analysis Based on the
Mantel-Haenszel Estimator

Stratified and Matched Case-Control
Analysis

Consider a series of K strata formed by pairs of in-
dependent binomial observations (X,, ¥,) with denom-
inators (n,, m,), suceess probabilities (p,z, poy) for k =
1,..., K, and common odds ratio . Let py, = X /n,
f)Dk = ij"mk, and Nk = Ny + Myg. NOting that E[ﬁlk
(L — Pow) — Wpoull —pP1)] = 0 either conditional on £,
= X, + Y, or not, an unbiased estimating function for
y is arrived at by assigning weights a; to py(1 — Por)
= Wpge(l — 1) such that

K

W) = kzl APl = Por) — Vporll — Pi)l.  (10)
Mantel and Haenszel (4) chose standard weights (1/n,
+ 1my)~' = nym, /N, as a; and proposed an estimator
that is the solution of W(§) = 0. The Mantel-Haenszel
odds ratio is explicitly defined by Ypm = Deo1 Ri/

ZK:lSm where B, = ;P11 — Por) = Xilmy — Yol

) Tk and Sk = akf)()k(l - ﬁlk) = Yk(nk - Xk)/Nk. All the
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other Mantei-Haenszel estimators are derived by the
estimating function simiiar to Eq. (10) with the standard
weights,

The first formula for an asymptotic variance of {iyy
was given by Hauck (21) on the basis of large-strata
limiting model where the number of strata K remained
fixed but each N, tended to infinity. Breslow (?) pro-
posed the conditional variance, based on the noncentral
hypergeometric distribution, using a sparse-data lim-
iting model in which K tended to infinity but a finite
number of different configurations of (n,, m,) occurred.
A well-known example of this limiting model is (1, M)
matched case-control design. In both limiting models
Umu is consistent for | and asymptotically normal. Al-
though iy is not asymptotically fully efficient (22) un-
less | is unity, it maintains high efficiency relative to
the efficient estimators for ¢ under both large-strata
and sparse-data cases (23,24).

Because of the skewness of the distribution of iy,
the natural log transformation is usually used to con-
struct the confidence intervals for & (25). Robins et al.
{26) and Phillips and Holland (27} showed that the
asymptotic variance of Injimy under both limiting
models is given by

K
Z var(l; — USy)

var®(Infiyg) = 2=

K 2
[E E(Rk)}
k=1

and proposed an easily computed consistent estimator
of var*(Infiyy) defined by

Ve =

K
1 |:2PkRk
k=1

9 K
(YR
k=1

ML

K
QR. + PiS) S QuSe

lK +
>
k=

k

+ K

K
2
1R")(§1 S, (,;1 S an

where P, = (X, + m, — Y )N,and @, = (Y, + n,
— X, )N,, from a first-order Taylor's series expansion.
Flanders (28) proposed a congistent estimator similar
to Vrpg. Unfortunately, his estimator is not invariant
under interchange of the labels, i.e., the cases and the
controls, or the exposed and the unexposed. Under such
interchange, only the sign of Injiy, changes, and the
true variance cannot change. Obvicusly Vgpg has this
invariance property. An invariant version of Flanders’
variance is given by

which is the arithmetic average of an original estimator
and a recomputed one after interchange. The second
term of the right-hand side of the above equation is
equal to zero when N, are constant across strata, and
tends to zero when N, are increased as in large-strata
case. As a result, Flanders’ estimator may essentially
be the same as Vggg. The resulting 1 — o Taylor series
confidence interval for ¥ (In-method) is obtained by

lI’MH expl 22V Vieal - (12)

A Fieller-like interval prgposed by Sato (29} is based
on the statistic W) = Dpeo1 (Br — ¥S,). Using the
results given by Robins et al. (26), we find W) will be
asymptotically normal with asymptotic mean zero and
variance >, var(R, — \S,) under both sparse data
and large strata. An unbiased and invariant estimator
of var(R, — US,) is given by

varR, — WSy = (13)
1 1
w[(Qk + N_k)Rk + (P + E)Sk] .

K
If s is known, >, _, var(R; — S,) will be consistent
for Ef; L var(R, — 4S,). Hence the Fieller-like interval
(Yz, ;) is the two roots to the quadratic equation

2
| |
TW) = —

(e e (e o]
k=1|: Q@ + N, Ry + (P + N, Sk (14)

_ 2
= R

K
DR, — US,)
=

where ¢ = (1 + )/4, when the continuity correction is
needed, or ¢ = 0, otherwise. The correction value (1 +
/4 is chosen in order to hold the invariance under
interchange of the labels. In the matched-pairs case,
Eq. (14) with the continuity correction reduces to the
equation based on the normal approximation to the con-
ditional distribution given by Breslow and Day (75).
The Fieller-like interval [Eq. (14}] is closely related
to the Cochran-Mantel-Haenszel (4,30) test of null as-
sociation (29). Consider the problem of testing that
¢ = 1. For this null value, the following simplifications
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oceur:

Mg
Ri — Sk = Xy — ok =
k Sk z& tklvk
and noting that E{ Var(R, — bS] = var(R, ~
US|t} even if ¢, is fixed,

Efvar(R, — WSt & = 1] =
var(R, — wSilt,, 0 = 1) = var(X;[t,, & = 1)

where E(X,|t;,, ¢ = 1) and var(X,[t,, & = 1) are the
mean and variance of the (central) hypergeometric dis-
tribution. Consequently T'(¥%) under ¢ = 1 is asymptot-
ically equivalent to the Cochran-Mantel-Haenszel test
both in sparse-data and large-strata models. In the spe-
cial case of (1, M)-matching T(y) with the continuity
correction reduces exactly to the test statistie derived
by Miettinen (31) and Pike and Morrows (32), and so it
reduces to McNemar’s test in the matched-pairs case.

For a numerical comparison of the In- and Fieller-like
methods, we use two data sets that are examples of
sparse-data and large-strata cases. Table 1 gives the (1,
4)-matched case-control data that is the study of the
effect of exogeneous estrogens on the risk of endome-
trial cancer at Los Angeles (15). The Mantel-Haenszel
odds ratio is Jy = 8.462. We found the approximate
95% intervals (4., ) = (3.412, 20.99), (3.535, 20.25),
3.294, 23.53) for the In-method [Eq. (12)], the Fieller
interval [Eq. (14)] without and with the continuity cor-
rection, respectively. These methods give very close
intervals. Table 2 gives stratified data of the Ille-et-
Vilaine study (15) referred to previously. The Mantel-
Haenszel odds ratio is {jyg = 5.158. The approximate
95% interval based on the In-method is (3.562, 7.468),
while those obtained by the Fieller-like method without
and with the continuity correction are (3.580, 7.431) and
(3.498, 7.656). Again these intervals are reasonably
close.

X, — E(Xkltk: b = D,

Stratified Cohort Analysis

Consider now a series of K pairs of independent Pois-
son observations (X, Y,) with fixed person-time de-

Table 1. The Los Angeles endometrial cancer data.

Number of controls exposed

99

nominators (n;, m;) and means (n,r,, MuTFor), Where
71 and 7o, are the instantaneous incidence rates of the
exposed and the unexposed. First suppose that the rate
ratio @ = ry,fre, remains constant across strata. Let
"p.lk = Xk/nk, f.Ok = Ykllmk, Nk = My + My, and tic =
X, + Y,.. Similar to the odds ratio case, the Mantel-
Haenszel estimating function for w is arrived at

W = >

k=1

Ty 1
Ny

Hence the Mantel-Haenszel rate ratio (5) is the solution
of W(w) = 0 that dup = Do R/ Don-15k, where R,
= X, /N, and 8, = %, Y, /N,. In both sparse data and
large strata dyy is also consistent but inefficient; how-
ever, it maintains relatively high efficiency (8,33). Be-
cause of the skewness of the distribution of &y, the
log seale may be used to set the confidence intervals for
w. The asymptotic variance formula of Indyy is similar

[P — w'f'mc]

to that of Infyy. Noting that var(R, — wSy) =
onMyt/N2, we have

K

>, natd /Ne

k=1

var®(Inéyy) =
K K

[ > E(R,J] [ > E(Sk)]
k=1 k=1

Since var (B, — wS,) = var(R, — oSt and
E(R,t), E(S,|t,) are unbiased for E(R,) and E(S,),
Breslow (33) proposed a conditional variance estimator
defined by

K
E nkmktk/NlZ;
k=1

Vs

. (15)
NPty

2
w
MH[k—lNk('nk(;)MH -+ mk)]

Since R, and S, are also unbiased for E(R,) and E(S,),
respectively, Greenland and Robins (8) proposed a sim-
ple unconditional variance estimator given by

K
z Tt/ NE
EZ1

(Er)Es)

Egs. (15) and (16) are invariant under interchange of
the exposed and the unexposed. Thus 1 — « confidence

Ver (16)

Case status 0 1 2 3 4 b

Exposed 3 T 6 15 5 intervals for » based on the In-method are

Unexposed 0 4 1 1 1 Sy expl =2,V V7, i €{B, GR}. an
Table 2. The stratified 1lle-et-Vilaine data.

Age class ) 25-34 35-44 45-54 55-64 6574 7 +

Daily aleohol consumption High Low High Low High Low High Low High Low High Low

Case 1 0 4 5 25 21 42 34 19 36 5 8

Control 9 106 26 164 29 138 27 139 18 88 0 31
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The Fieller-like method also extends in a straight-
forward manner to the common rate ratio (29). Using
arguments that parallel those given in the odds ratio
case, the approximate interval (w;, w) is obtained as
the two solutions to the quadratic equation

2
| -
K = 3312 y
w[ > nkmktk/Nﬁ]
k=1

where ¢ = (1 + w)/4 with the eontinuity correction, or
otherwise zero.

Next we consider the situation in which the rate dif-
ference £ = 7, — 7o remains constant across strata.
Let &, = #1;, — #ox- The Mantel-Haenszel rate difference
(6) is defined as the solution to the estimating equation

> B, -0 = 0,

leading to fwu = [Zkc1 X, — mY)INY
K

O k—1mxm,IN,). Using that E[m2X, + 2iY,] =

var(mX;, — n,Y,), Greenland and Robins (8} proposed

a variance estimator of &y analogous to Eq. (16) that
is defined by

K
> Ry — wSk)
k=1

Tw) = {18)

Ty, MMy,

K
weE = 3, N,

K
L;(miXk + n}‘iYk)/Nﬁ]

¢ 2
( > nkmkwk)
k=1

The 1 — o Taylor series interval for £ is thus obtained
by

‘{“;TA@MH) =

gMH * 2V varA(éMH) (19)

As an alternative to the Taylor series interval, we
propose a Fieller-like method similar to Eqgs. (14) and
(18). We may easily give

AN
var(mX, — n.Yy) = Elngmy(m, — m)E + ngmyt,]
If £ is known, -S[Zf: 1nk7£/k(mk — m)IN; + Ef=1 Rt/

N2 is consistent for (2 w1/ NP var® (). Hence

the Fieller-like interval for £ is the two solutions to the
quadratic equation
2
-]

) =
K K
&[glnkmk(mk - nk)/Ni] + k;nkmkt,,/Ni

K K
> Xy, — m YN — g(kzlnkmkwk)
k=1 =

|

=22 20)

where ¢’ = 1/2 with the continuity correction, or oth-
erwise zero.

It is noteworthy that the Fieller-like methods Egs.
(18} and (20) have elose relation to test of null exposure-
disease association. When testing null assocciation that
w = 1 and ¢ = @, both T(w} and T(£) can reduce to

T(wlo = 1) = TEE = 0) \
]

|

which is identical with the efficient score test of null
association given by Shore et al. (34).

To illustrate the confidence intervals methods for the
rate ratio, we consider the Montana study of arsenic
exposure and respiratory cancer (35). Table 3 gives ob-
served deaths and person-years of the Montana study
stratified by age, class and calendar period. We find a
summary rate ratio estimate of &dpy = 3.138. The con-
ditional and unconditional variance estimates of Indyy
are calculated according to Eq. (15) of Vg = 0.0501 and
Eq. (16) of Vg = 0.0520. The approximate 95% con-
fidence intervals based on the In-method [Eq. (17)] are
(2.023, 4.867) with the conditional variance and (2.007,
4,907) with the unconditional one, while those obtained
by solving Eq. (18) are (2.014, 4.889) without the cor-
rection and (1.948, 5.102) with it. Similar to the odds
ratio situation, these intervals are quite close.

Although both the rate ratio and difference cannot
remain constant in a data set, in order to illustrate the

K
gl(Xk — Mati/Ng)

K
2 Nt/ N, :%
E=1

Table 3. Deaths from respiratory cancer among Montana smelter workers.

Period
19381949 1950-1959 1860-1969 19701977

Age Arsenic exposure Deaths Person-years Deaths Person-years Deaths Person-years Deaths Person-years
4049 High ¢ 337.29 0 121.00

Low 2 3075.27 0 936.75
50-59 High 4 626,72 3 349.53 1 142.33

Low 2 2849.76 3 2195.59 3 47.77
60-69 High 9 672.09 7 441.10 3 244.82 1 100.64

Low 2 2085.43 7 1675.91 10 1501.73 1 440,21
70-79 High 1 277.25 2 268.27 1 197.20 2 92.75

Low 3 833.61 6 973.32 6 1027.12 6 674.44
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methods for the rate difference we use the same Mon-
tana data. A summary rate difference is ¢y = 589.8
per 100,000 person-years. The approximate 95% inter-
val based in Eq. (19)is (288.1, 891.4) per 100,000 person-
years, while the Fieller-like intervals are (320.3, 936.9)
per 100,000 person-years without the correction and
(306.5, 954.7) per 100,000 person-years with it. The in-
tervals for the Fieller-like method are shifted to the
right of that for the first-order Taylor series interval.

10.

11.

12

13,
14.

15.
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