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Abstract

In method comparison experiments with replications, two measurement procedures (test method
and comparative method) are compared using regression analysis. The ordinary linear regression
approach often yields biased estimates of regression coefficients because the predictor (measure-
ments of comparative method) contains random error. Instead, a linear error-in-variables regression
model should be used. This work focuses on the approaches based on linear structural error-in-
variables model, called averaged Deming regression, and Linnet’s weighted Deming regression as
they are recommended by CLSI (Clinical and Laboratory Standards Institute) for the analysis of
method comparison data. Theoretical foundations of these approaches are analyzed and compared
with ML estimations for linear structural error-in-variables model and the performance of both
methods is investigated using Monte-Carlo simulations. The performance of different methods
of calculation of confidence intervals for the estimates of regression coefficients is also examined
using Monte-Carlo simulations. Simulation studies show that the averaged Deming regression and
Linnet’s weighted Deming regression approaches combined with jackknife or bootstrap quantile
confidence intervals yield reasonable estimations of regression coeflicients, even if the model as-
sumptions are considerably violated. The case of matrix effect in the test measurement procedure
is also considered. Simulation studies suggest biased estimates of regression parameters calculated
via averaged Deming regression or Linnet’s weighted Deming regression, if there is a strong matrix
effect in the test method. In that case, another approach based on the linear structural ME model
with error in equation may be used for the estimation of regression coefficients. The simulation

studies show proper results of this method if there is a strong matrix effect in the test method.



Chapter 1

Introduction

1.1 Method comparison study

The present master thesis deals with the problem of method comparison studies in cases when
there are replicated measurements. This is one of the most common techniques used by both man-
ufacturers and clinical laboratory users to measure the performance of in vitro diagnostic (IVD)
measurement procedures. The aim of a method comparison study is to analyze bias between two
measurement procedures using paired results from patient samples.

The main guideline document regulating measurement comparison study is called EP9: ”Mea-
surement Procedure Comparison and Average Bias Estimation Using Patient Samples” [18]. It
was developed by CLSI (Clinical and Laboratory Standards Institute). Realization and analysis
of method comparison studies should adhere to recommendations of this document as strictly as
possible.

The CLSI EP9 [18] lists the following primary purposes for measurement procedure comparisons:

1. Establishing the relationship between measurement procedures by the manu-
facturer. Manufacturers must establish the relationship of any candidate measurement
procedure quantification with a comparative measurement procedure. The primary goal of

such study is to analyze average bias between two methods.

2. Claim Verification by Manufacturer. The goal of such study is to show that the candi-

date measurement procedure meets the claims already established in an in-use situation.

3. Measurement Procedure introduction to the clinical laboratory. Clinical laborato-
ries typically perform measurement procedure comparison studies when introducing an IVD
product in their menu. The candidate measurement procedure typically replaces one that is

currently used in the laboratory.



In following we consider only the first purpose of a measurement comparison study.

1.2 Scopes

The main purposes of this work are

e to find theoretical foundations of methods for analysis of method comparison data, which are

proposed by CLSI EP9 [18].
e to implement the methods in the statistical programming language R.
e to evaluate the reliability of these methods using simulations.

e to evaluate performance of different methods for calculation of confidence intervals for the

estimated parameters of interest.

e to develop methodical recommendations for the analysis of method comparison data in case

model assumptions of methods suggested by CLSI EP9 are violated.

1.3 Outline

The master thesis is organized as follows. Chapter 2 deals with requirements concerning design
and analysis of measurement comparison studies. In chapter 3 theoretical foundations for analysis
of method comparison data are investigated and different methods of analysis are described. Great
attention has been focused on the modifications of Deming and weighted Deming regression in case
of data with replications. In chapter 4 reliability and performance of the considered methods of
analysis are investigated using Monte-Carlo simulations. In chapter 5, two examples of method
comparison data are considered. The real world data are used to illustrate the analysis methods

from the previous chapters.



Chapter 2

Design of measurement

comparison studies

In this section we consider briefly the recommendations of CLSI EP9 for design and analysis of

method comparison studies.

2.1 Requirements concerning the comparative measurement
procedure

Ideally, the comparative measurement procedure should be a reference measurement procedure.
In this case the desired result of the comparison is no significant average bias between the two
procedures. However, often a new (candidate) measurement procedure is developed as an improve-
ment over a comparative measurement procedure. In such situation the primary goal is to analyze
average bias between them. Generally an establishment study is successful, if the estimated bias is
within a predetermined acceptance criterion. The measurements of the comparative measurement

procedure should ideally have the following characteristics:
e lower uncertainty than the measurements of the candidate measurement procedure.
e be free of interferences (matrix effect) if possible.
e use the same units as a candidate measurement procedure,
e have known bias relative to standards or reference measurement procedures, if possible.

Note: More about matrix effect can be found in section 3.4



2.2 Requirements concerning samples

According to CLSI EP9, it is recommended that at least 100 patient samples with measurand values
spanning the common measuring interval of the two measuring procedures are used and that as
many influential factors as possible are included in the experimental design. Such factors may
include replicate, calibration, run, day, reagent, lot etc. It is generally expected that such factors
will not create a systematic shift in bias but only affect the variability of the bias estimate. An
experimental design that increases the replication over such factors will decrease the bias estimate
uncertainty and thus the confidence interval for the estimate of bias. It is not necessary, that the
study design provides enough measurements to truly measure the contribution of each factor to
the variability of results. That is not the purpose of the measurement comparison study. Instead,

its aim is to provide a robust estimate of bias by sampling all significant sources of variability.

2.3 Requirements concerning measurement replicates

Where possible, two or more replicates of both candidate and comparative measurement proce-
dure should be obtained. CLSI EP9 recommends to use the matched sample-to-sample averaged
replications for estimation of average bias performance. The underlying assumption behind of
this averaging of replications is the attempt to measure the same unchanging quantity. Then the
averaging of replications will reduce the uncertainty of the measurements. So we can conclude that

the measurement replications should be exchangeable.

2.4 Recommendations for the analysis of the outcome of

measurement comparison study.

CLSI EP9 requires manufacturers to conduct establishment or validation studies via regression
analysis. The initial goal of regression analysis in a measurement comparison study is to fit a
straight line through the data presented as an X-Y plot with the comparative procedure on the
x-axis and the candidate measurement procedure on the y-axis: y = a + b - x. The slope b models
systematical proportional bias and the intercept gives the systematical additive bias between two
methods. We observe a = 0 and b = 1 if there is no systematical bias between measurement
procedures. If a and b are known, the systematical bias between two methods at some medical

decision point X, can be calculated as
bias(X,)=a+b-X.—Xe=a+(b—-1) X.. (2.1)

The ordinary linear regression approach (OLS) is not suitable for estimation of regression co-

efficients a and b because the predictor X (comparative procedure measurement) is subject to



measurement error. In such situation one can use errors-in-variables models to estimate slope and
intercept.

Figure shows an example of simulated data with a true slope of 1 and a true intercept of 0.
We can see that the OLS regression fit with intercept of 17.91 and slope of 0.91 is considerably
biased compared to the Deming regression fit (intercept of -2.91, slope of 1.01), which allows for
measurement error in the predictor variable (Method 1).

Note: We can use OLS regression for the analysis of method comparison data if the measurement
error of the comparative method is negligible. In this case, the measurements can be considered

to be error free. Such a method is called ”gold standard” [3, p. 203].

Linear Regression Fit

—— Deming Regression p
-2.91 + 1.01 * Method1 . . .
Linear Regression
17.91 + 0.91 * Method1 S

250
|

200
|

Method2

150
|

Pearson's r = 0.899

T T T
150 200 250

Method1

Figure 2.1: Example of simulated data with errors in both variables. The ”true” concentrations are
normally distributed with mean 200 and standard deviation 25. The both simulated measurements
have normally distributed errors with mean of 0 and standard deviation of 5. The true values of
the data are slope of 1 and intercept of 0. The Deming regression fit (blue line) is close to the

identity line (red dotted line), the OLS regression fit (orange line) is strongly biased.

The choice of an appropriate error-in-variables regression method depends on the sample data.

Generally three situations are possible:

1. Constant standard deviation. In this case the variation of differences between the two
methods does not change along the whole measurement range. An equivalent statement: the
variance of the measurement errors of both measurement procedures stays constant within the

whole measurement range. For such data the CLSI EP9 [18] suggests the Deming regression



approach (look at section [3.2.2)).

2. Constant coefficient of variation (CV). In this case, the variability of measurement
errors of both measurement procedures is proportional to the measurement level. The method

recommended for the analysis of this situation is Linnet’s weighted Deming regression (look

at section 3.3.4]

3. An other form of heteroscedasticity or presence of outliers. In this case, the CLSI EP9 [18]
suggests a nonparametric approach: Passing-Bablok regression (which is not subject of this

work).

For regression coefficients and estimates of systematical bias at some medical decision point X,
confidence intervals (typically 95%) should be computed. The analytical formulas to compute Cls
are given only for unweighted Deming regression. For other regression types, resampling techniques

such as jackknife or bootstrap should be used.



Chapter 3

Theoretical part

Measurement error models (ME) are a generalization of standard regression models. For the sim-
plest ME model, the goal is to estimate a straight line fit between the two variables, both of which
are measured with error. One can find several solutions for this problem: method of grouping,
using of instrumental variables, using of variance components in replicated cases, Berkson model,
estimation via cumulants, etc. (an overview of these methods can be found for example at Madan-
sky [18]).

Following the recommendations of CLSI EP9, we concentrate on structural error-in-variables mod-
els and corresponding maximum likelihood estimation of regression coefficients under the assump-
tion that the ratio of variances of measurement errors of both variables is known. It is the most
common approach used for regression analysis of bivariate data in biometry, known as ”Deming
regression” [7]. Then, analogously linear structural error-in-variables model with replications and
corresponding ML estimations are considered. Connection between ML-estimations and estima-
tions of averaged- and Linnet’s weighted Deming regression are assessed. The last two methods
are recommended by the CLSI EP9 document for the analysis of method comparison data with
replications.

The theoretical part is organized as follows:

1. First, general methods of parameter estimation, mentioned in this work (maximum likelihood
method and method of moments) are described (section 3.1). The description of the method
of moments is based on the book of Lagutin [12], for the description of the maximum likelihood

method the book of Held [4] is used.

2. In the second section (3.2), we consider linear structural models without replications and

concentrate on the Deming regression approach. The main source of information used here

is the book of Cheng and Ness [1] and the book of Miller [3].

(a) In subsection 3.2.1, the linear structural ME model is introduced.



(b)

In subsection 3.2.2, the Deming regression approach is described. ML estimations, their
important properties and analytical formulas for calculation of variances of estimations

(derived by Strike, cited by Looney, [13] and Kelly [11]) are given.

3. The third section (3.3) deals with the linear structural models with replications, which are

closely connected to the same models without replications described in the previous section.

(a)

(b)

In subsection 3.3.1, the general model formulation is introduced and ML estimations of

parameters of this model are given, derived from Chan and Mak [6].

In subsection 3.3.2, averaged Deming regression is described. This method can be
deduced from the linear structural model with replications. The sources used for the

description are papers of Chan and Mak [6] and the book of Miller [3].

The subsection (3.3.3) deals with the weighted version of averaged Deming regression,
which is recommended for the analysis of heteroscedastic data with constant CV. In the
following, we call this approach Linnet’s weighted Deming regression, because it was

developed by Linnet and introduced in his papers [7] and [8].

The last subsection (3.3.4) describes the approach of Barnett [15]. He derived ML
estimation for the linear functional model with replications, assuming that measurement
errors for each item can have different variances. This approach is not mentioned in

CLSI EP9.

4. The forth section (3.4) deals with modeling of matrix effects in test method with the help of

linear structural ME model with error in equation.

(a)
(b)

()

First (subsection 3.4.1), the term of matrix effect is briefly explained.

In subsection 3.4.2, the linear structural ME model with error in equation is formulated,

based on paper of Dunn et.al. [10] and book of Fuller [2].

In subsection 3.4.3, MM estimations of parameters of the linear structural ME model
with error in equation for the replicated case are given, which were derived from Oman

et.al. [9].

5. In section 3.5 different diagnostic plots are described, which can support correct model choice.

In this section ideas of Bland and Altman [14], Linnet [7], Oman et.al. [9], Carstensen [16]

and Fahrmeir [15] are introduced.

6. In section 3.6 some relevant nonparametric and semiparametric methods of calculation of

confidence intervals of parameter estimations are considered. The sources which were used

here, are the book of Efron and Tibshirany [5] and papers of Linnet [7] and Oman et.al. [9].



(a) In subsection 3.6.1, calculation of variance of estimations via jackknife method and

parametric and nonparametric bootstrap are discussed.

(b) In subsection 3.6.2, bootstrap quantile and BC,, methods are described.

7. In the last section (3.7), conclusions are formulated.



3.1 Methods of estimation

In this section, we consider briefly the methods which are used for derivation of parameter estima-

tions. They are
1. method of moments,
2. maximum likelihood estimation.

The description of the method of moments can be found at Lagutin [12]. For the description of

the maximum likelihood method the book of Held [4] was used.

3.1.1 Method of moments

The k-th moment of a distribution of any random variable X is a quantity
ar = B(X").

Not all distributions have finite moments. It is easy to show that if E'(|X|™) < oo then all moments
{ar |k =1,2,...,m} of the distribution of X exist.
We consider a random sample of independent and identically distributed variables { X1, X2, ..., Xp, }.

Assume that Ay = % Z?:l XEF. If the moment oy, exists then, according to the law of large numbers
P
n—oo = Ap — ag.

Suppose that we observe a realization {z1, 3, ...,z } of {X1, Xs,..., X,,}. If n is large enough we

can assume that
1 n
_ k
ap — n r; ~ Qf,
i=1

which means that each k-th empirical moment ay, k = 1,2, ...m is close to the corresponding k-th
theoretical moment «y. This reason is the foundation of the method of moments.
Assume that the distribution of X has m unknown parameters 61, 6o, ...0,,, where § = (01,05, ...0,,,) €
© C R™ and

Ve ® Eo(|X|™) < oo.

Then, all theoretical moments {ay |k =1,2,...,m} of the distribution of X exist. Thus we get a
system of m equations

ar®) = Ap, k=12, ..m. (3.1)

If this system has a unique solution = (él, 0, ém) continuously dependent of {a | k = 1,2, ...m},
then the components 6; of § are called estimations of method of moments (MM estimations).

MM estimations have the following properties [12, p.112]:

e they are consistent,

10



e if the dependence between 6 and {ay |k = 1,2,...m} is smooth, then the MM estimations are
asymptotically normal distributed.

In particular

V(A — ar) 5 € ~ N(0, agi — a2).

The MM estimations are easy to derive analytically in most cases but their asymptotic variance
is rather high, that is why the maximum likelihood method, which yields estimations with the

smallest possible asymptotic variance, is often preferred.

3.1.2 Maximum likelihood method

Suppose we observe a realization © = {x1,x2,...,2,} of a random sample X = {X;, Xo, ..., X,,}
with all random variables X7, Xo, ..., X,, independently and identically distributed. The density
function f(-;0*) of X; belongs to a certain family of distributions {f(-,6), 0 € © C R™}. The
values of the components of vector 0* = {05,603, ...,0% } are unknown. We would like to estimate
them. The idea of the maximum likelihood method is to find such 6* for which the probability to
observe data © = {21, za, ..., 2, } is maximal.

The sample X1, X5, ..., X,, have the following joint distribution:

n

f(x,0) =[] r(xi;0).

i=1
Replacing X; with observations x; we get a function of 6:

n

L) =[] f(zi:0) (3.2)

i=1

which is called likelihood function. The corresponding log-likelihood function is defined as
1(0) =) log f(x;0). (3:3)
i=1

The maximum likelihood estimation 63,; of parameter vector 6* can be derived via maximization

of the likelihood or the log-likelihood function:
0%, = argmaz geo L(0) = argmaz geo 1(6). (3.4)

Therefore we should find a solution of a system of m equations:

a1(0)
99,

=0, i=1,..,m. (3.5)

Given some regularity conditions (see, for example [4]) the system has a solution with proba-
bility 1. This solution has the following properties [4, p. 81].

11



1. The ML estimation is strong consistent:

P ( lim 0%, (X1, Xo, s Xp) = 9*) -1

n— oo

2. The ML estimation is asymptotically normal distributed [Held, s. 81]:

N approx * N* -1

T (NP FS] It (3.6)
where J(#) is expected Fisher information

J(0) = E(1(0)),
021(0
90

~—

1(0) = -

Often it is very difficult or even impossible to solve[3.5|analytically. In this case, some iterative pro-
cedure, for example the Newton-Raphson-algorithm or the expectation-maximization algorithm,

can be used to obtain the solution.

12



3.2 Linear structural model without replications

In this section, we first introduce the linear structural model. Then, the Deming regression ap-
proach is described, the derivation of the corresponding ML-estimations is given and the most
important properties of this estimations are discussed. Further, some analytical formulas for cal-

culation of confidence intervals for estimations are given.

3.2.1 Model formulation

The standard regression model with one explanatory variable, is given by

y=05+pi-z+e, (3.7)

where the independent variable x is fixed and the error € is normally distributed with mean zero

and is uncorrelated with £. Given a set of independent observations,

(fU1,y1) PR (xnayn)

the unknown intercept 8y, and slope (81 are estimated using least squares techniques.

The corresponding standard linear ME model assumes that the variables x and y are observed with
measurement errors and the true measurements £ and 7 of x and y are unobservable. Formally, we
can express this as follows:

xr=&+0 and y=mn-+te, (3.8)

where the measurement errors ¢ and e are uncorrelated with each other and with the true mea-
surements.

The true measurements & and n are related by
n=PBo+p1-¢& (3.9)

The unknown intercept 3y, and slope 5 should be estimated using observable data

(xlayl) PR (xnayn) .

The intercept [y is modeling the additive systematic bias between two measurement procedures
and the slope (; is modeling the proportional systematic bias. The assumption about linear
relationship between the true measurements should be verified using a special linearity test, which
we do not consider here.

For the sample size n, the linear univariate ME model can be formulated as follows [1, p.14].

nm=0+p1-& i=12,...n

=& +6 and yi=mni+e, i=12,...n

13



The measurement errors are assumed to be uncorrelated and have a mean of zero:

Vi wvar(s;) = o3, war(e) = o2,

Vi#j cov(di,d;) = cov(es,ej) = 0,

Vi,j  cov(d;,€5) =0.

The measurement errors are assumed to be normally distributed in most cases.

There are three separate models depending on the assumption about &:
e the functional model considers §; as unknown fixed value,

e the structural model considers ;s as identically distributed random variables with E(&;) =

w and var(&;) = o2,

e the ultrastructural model assumes that £; are independent random but not identically
distributed variables, having possibly different means p; and variance o2. Obviously, the

ultrastructural model is a generalization of the functional and structural models.

Model differs substantially from Trying to write |3.8}{3.9]in terms of an ordinary regres-

sion model one obtains

y=Po+B1-x+ (e—p10) = Bo+ fr-x+C. (3.10)

In the ME model the predictor x is a random variable which is correlated with the error term (:
cov(z,() = —B10%. This covariance is zero only if 02 = 0 which is equal to model Using an
ordinary regression model if ag is considerably higher than zero yields biased estimation of the
regression parameters.

An important problem which arises in ME models is identifiability. Formally, if Z is a random
vector whose distribution is from some family S = {Fy; 6 € O}, then the parameter 6;, the ith
component of the vector 0, is identifiable if and only if all its components are identifiable. The
model is said to be identifiable if 8 is identifiable [1, p.5].

It is common to assume that all the random variables in the ME model are jointly normal. In this
case, the structural model is not identifiable. [1, p.5]

To make ME identifiable one should formulate some additional assumption about model param-
eters. It will often be assumed that the ratio of the error variances A = 02/02, is known. This

model is normally called Deming regression.

14



3.2.2 Deming regression approach
Deriving ML estimations of parameters of Deming regression

Equations (3.8 and the assumption that & ~ N (,u7 02) give :

E(z) = E(§) = p,

E(y) = E(n) = Bo + Piu,

var(z) = 02 = var(€) + o2 = o + o3,

var(y) = oy = var(y) + of = fio” + o7,

CO’U(I, y) = Ogy = COU(&, 77) = [3102

The ML estimates for the corresponding parameters in the bivariate normal distribution are [1,

p.15]:
p=z,
,aw:ga
~92 1 —\2
crxzsxx:EZ(xi—x) ,
. 1 _\2
Uszsrr:EZ(ylfy) )

Using the invariance properties of ML estimates gives us

From 6% >0, 62 > 0 and 0% > 0 we obtain the following set of five restrictions [1, p.15]:

Szx = Sxy/Bla
Syy = Brsay,
Szw > G,
Syy = 5-627
sign (sqy) = sign (Bl)

Assuming that A is known from we get the quadratic equation [1, p.16]

B%smy + Bl (Aszx - Syy) - )\Smy =0.

15
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with two roots

By = Syy = ASgz + \/(Syy - )‘Sm)z +4As3, U
= 284y T 284y

From follows U > 0. Then the ML estimation for 3, is

Syy — ASzq + \/(syy — )\sm)2 + 4)\s§y

3 = 3.22
B - (322)
The ML solutions for the remaining parameters can now be derived from [3.11}3.15
Bo =7 - piz, (3.23)
OA'(% — Syy — 2/815333{ + /B%Sz:c7 (324)
A+ B2
6% = 84y/ b1 (3.25)

Some important properties of the ML-estimations of Deming regression:

e the ML estimations of 8y and (; for the functional model when A is known are the same as

those of the corresponding linear structural relationship [1, p.23],

e the estimation of regression coefficients via method of moments yields solutions which are
equivalent to the ML-estimations. That is why the estimation [3.22] is rather robust against
violations of the assumption of normal distribution of measurement errors. However, the

estimation can be biased by outliers [3, p.212-213].

e Maximum likelihood solution for Deming regression with A = 1 is equal to the orthogonal
regression estimation. Orthogonal regression minimizes the sum of squares of the orthogonal
distances from the data points to the regression line instead of the sum of squares of the
vertical distances, as in standard regression. If A # 1 we can rescale the data such that we
get A = 1 using the transformation & = v/ Az [1, p.9]. The squared distances 72 between data

points and their predictions can be calculated using Pythagoras’ theorem:
2_ %2, 2 . £\? L \2 £\ 2 L \2
T, =07 +é = (3% - §i) + (g — )" = A (3% - §z‘) + (yi —M:)” (3.26)
Estimation of variance of the estimations

Different formulas for estimation of variance of the estimations of regression coefficients can be
found in literature. Strike proposes following formulas (given in Looney [13]):

se (51) - W (3.27)

se (g()) = M (3.28)

n

cov (31,30) = -z {se (ﬁl)]z (3.29)

16



where

2 _ > (v —7)
VE @ -2 Y (5 - 9)°

Other formulas can be found at Kelly [11]. He calculates estimations of variances using the influence

r

functions:
.2
a o 61 [1 — 7"2]
se (51) =\ (3.30)
A 1 N N 2432
se (ﬁo) = lsyy — 2B1Say + BiSza + %ﬁéfl (SwwSyy — siy)] (3.31)
cov (Bl,ﬁg) =z [se (Bl)r (3.32)

In this work we evaluate performance of the both versions of formulas. The both analytical methods
of estimation of variances assume normal distributed measurement errors and should not be used
if this assumption is violated. In case of violated normality assumptions, resampling methods,
discussed in section yield more reliable results.

The confidence intervals for the estimations of the regression coefficients and of the bias at some

medical decision point X, can be calculated as follows:

Bo & t1- g2 se (Bo) (3.33)
B £ ti_gm_sse (31) (3.34)
N2 N2
Bo+(Br—1)-xc] £t1 g o- \/se (»30) + se (ﬂl) T, (T, — 27) (3.35)

Alternatively one can use nonparametric or semiparametric methods of calculation of Cls (see

section [3.6)).

3.3 Linear structural model with replications

In this section, the linear structural model with replications is formulated and derivation of the
corresponding ML estimations is briefly described. Then, averaged and Linnet’s weighted Deming
regression approaches are introduced. The last part of this section deals with Barnett’s method of

estimation of regression parameters in case the measurement errors can vary among items.

3.3.1 Model formulation

The proper design of a measurement comparison study should provide the following characteristics

of the data, which are important for model formulation:
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1. The variance of the true measurements of the reference method should be much higher than

the variance of the measurement error.
2. The measurand stays unchanged within every replication of measurement procedure.

3. The measurement errors of a measurement procedure are independent and identically dis-

tributed for all replications at the same item.
4. The measurement errors of a measurement procedure at the different items are independent.
5. The measurement errors of the test- and comparative method are independent.
6. The comparative method should be free of matrix effect.

First we consider the situation of constant standard deviation of measurement errors. It is equiva-
lent to say, that the variances of the measurement errors of both, test- and comparative methods,
do not change within the whole measurement range. As usually we assume the measurement errors
to be normally distributed and that neither the comparative method nor the test method contain
random matrix effect. The last assumption should be made about the true measurements of the
comparative method. We choose the structural model, which treats the true values as independent
identically normal distributed random variables. The structural model is advantageous for the
calculation of ML estimation for regression coefficients.

The suitable model formulation and derivation of the corresponding ML estimations can be found
in Chan and Mak [6]. Assume that £ and 7 are true comparative- and test measurement procedures
which cannot be obtained without error, § is the measurement error of the comparative method
and e is the measurement error of the test method. Then, the observed measurements are x = £ +46
and y = n+e. For each (&, n;) r repeated observations z;; and y;;, j = 1,...r are obtained. Then,

the model can be formulated as follows:

ni = Bo + & (3.36)

Tij =& + 0ij,  Yij =i + €ij (3.37)

&~ N (1,0%) (3.38)

8ij ~N(0,05), €~ N(0,0?) (3.39)

Vi VIi#k cov(dy, i) = cov(ey, €x) =0, (3.40)

Vi#j Vi k cov(bi,d;i) = cov(ei, €i) = cov(di, €j1) = 0. (3.41)

Now we can build a likelihood function for this model.
Let

Xi = (i1, Tig, - - - Tir
yi = (yn,yiz, - Yir
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ZiT = (XiT»YiT) .
Then z; ~ N (m, V), where
m” = (u1}y, (Bo + Bip) 1},)

21T o3l 0 T T
V=X+0°bb", X = . b= (1),41}),
0 o,
1,1 denotes the r X s matrix with all entries 1, and I,. denotes the r x r identity matrix. The log

likelihood of model B.36H3.41] is
InL = const — +nin V|- 1 > dfvld; (3.42)
2 2 " ¢ " '
where d; = z; — m. Chan and Mak [6] have shown that

1 1 1
InL = const — inln(ﬁ — 5 Inoi — UL Ino? — §nlna —3 Z (hi — cfa—l) ; (3.43)

with
h; = 05_2 Z (x5 — ,u)2 + 0;2 Z (Yij — Bo — 51#)2 )

r

ci=05° Z (zij — p) + Bro? Z (yij — Bo — Bip),

r

a=b"E""b+o 2 =roy? +rpio t + o2

3.3.2 The maximum likelihood solution

Chan and Mak [6] have proved the following lemma.
Lemma 1. The maximum likelihood estimate Gy and fi for By and p when 8y, 02, 02 and o2 are
fixed, satisfy

,U/:.i'“, Bo+ﬂlﬂ:g..7
where
=22 @iu/(r) 5= % v/ ).

n I n T
Thus to maximize In L, it suffices to maximize with p and By + S replaced by Z. and g,
respectively.
Let Ly denote the likelihood function L of [3:43] when p and 3y + 11 are replaced by z. and 3.,
respectively. By differentiating InL; with respect to the parameters 31, o2, a§ and o2 and equating

to zero, we get

B 52y + B1 (Aszw — 5yy) — Asay =0, (3.44)

02 + Bio? = ty,, (3.45)

02 4+ 0% = ty, (3.46)

(2r — 1)02 =7 (tee ) + tyy) — 7 (B15ey + ASuz) (3.47)
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where A = 02 /02. We are using following notation:

n T (l‘i'—f“)z n T (yz_g)2
baw = Z Z ’ o by = ZZ L (3.48)
i nr i nr
=1 j=1 =1 j=1
e (i) — 7))’ e (i — )’
Wex = Z Z y Wyy = ZZ — (3.49)
L £ ™ L £ rn
=1 j=1 =1 j=1
(@ - ) (5 —9.)° (@ —2.) (5.~ 9.)
S ek R 1 e D o ) )
i=1 i=1 i=1
Chan and Mak [6] have shown the following theorem.
Theorem 1. The maximum likelihood estimate B is a solution of
Pur(B) = r! (k064 + k153 + k2ﬁ2 + ki4) =0, (3.51)
where
ko = (T - 1)5mx3zytmxa (3.52)
ki = rsixwyy —(r— l)siytm —(r —1)SgaSyytas — rsiywm, (3.53)
ko = (3r — 1)(593y5yywzx - Szysxzwyy), (3.54)
ks = rsiywyy + (r— 1)siytyy + (1 = 1)sz28yytyy — rsiywm, (3.55)
ky = —(r — 1)saySyytyy (3.56)

if a real solution exists [6].

Other parameters can be calculated using equations -

Note. The polynomial p,, can have 0, 2 or 4 real roots. The exact real roots can be calculated
using the method of Ludovico Ferrari and formulas of Geralomo Cardano. The ML-estimation
(BAl7 62, &g, 52) should belong to the parameter space of the model. The parameter space is specified
with the help of several inequalities. The full specification of the parameter space of the error-in-
variables model with replications cannot be found in literature to our knowledge. Quite important

are the following inequalities:

sign(B) = sign(szy); (3.57)

0?2 >0;02>0;02>0 (3.58)

Our experience with this method of estimation have shown that if the data suits to the model
assumptions, the polynomial has two real roots with different signs in most cases. Using the condi-
tion sign(ff) = sign(sgy), we can get a unique solution. If the model assumptions are considerably
violated (for example there is a strong matrix effect in the test method), the polynomial can have

4 roots. If there is more than one root which satisfies inequalities [3.57H3.58, we can choose the

solution which yields the highest likelihood.
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Calculations of ClIs for estimations

Analytical formulas for calculation of variance of estimations can be found in Chan and Mak [6].
The corresponding confidence intervals (CIs) should be calculated using formulas 3.350 We

use nonparametric methods for calculation of Cls, described in section |3.6

3.3.3 Averaged Deming regression

The equation M, which was derived directly from din Ly/93; and Oln L1/00? is the familiar
equation in the linear structural relationship model when A is known (see . Instead of using
the full maximum likelihood procedure, one can first estimate A by wy, /w,,, and finally obtain the
estimate 5* of 5 by However, since the variance estimates r(r — 1)~ 'w,, and r(r — 1)~ tw,,
are independent while the maximum likelihood estimates 6. and 64 are related through
the values of BM 1, and B* are not identical [6].

Simply formulated, this means that we can take averaged replications for each item and calculate
the Deming regression fit using formulas with A estimated by wy,/ws,. This approach
was proposed by Miller [3, p.210] for the analysis of replicated measurements with errors in both
variables. The CLSI EP9 recommends his suggestion as a standard method for the analysis of
method comparison studies. In case of normal distributed measurement errors, one can use formulas

3.27H3.29] or [3.3013.32] for the estimation of the variance of regression parameters and bias at some

decision point X..
In the following, we will call this method averaged Deming regression.
Averaged Deming regression does not yield the true ML estimation but it has several advantages

over the ML estimation:
1. It is very simple to calculate.

2. It yields one solution which always lays in the parameter space of the Deming regression

model.
3. It’s estimations are in most cases very close to the true ML-estimations (see chapter 4).

4. The estimates of the averaged Deming regression are the MM estimates (one can derive
them using the method of moments). That is why they are robust against violation of the

normality assumptions [3, p. 212-213].

5. Taking the means of replications we reduce the variability of the data and gain thereby

additional robustness.
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Calculations of ClIs for estimations

For calculation of ClIs of estimations of averaged Deming regression, the corresponding formulas
for simple Deming regression can be used (3.2713.35|). If model assumptions are violated, nonpara-

metric methods for calculation of Cls, described in section [3.6] should be used.

3.3.4 Linnet’s weighted Deming regression

Now we consider the situation with constant coefficients of variation (CV) of measurement errors.
Similar to the weighted OLS regression, we can give some weight to each data point and calculate
the ML estimates for the weighted data. A procedure to calculate the weighted Deming regression
was discussed by Linnet ([7], [8]).

Linnet assumes that the variances of the are proportional to the squares of the average of the true

measurement values &; and 7;. Then

2
Var(s,) = £2 [& ;"} , (3.50)
2
Var(e;) = 2 [@’ ;””] (3.60)

Under this assumption, \* = f2/ fy2 is constant.

Note: Linnet considers A as the ratio of the variance of the measurement error of the comparative
method X to the variance of the measurement error of the test method Y. Most books and papers
designate )\ as the ratio of variance of measurement error of Y to the variance of the measurement

error of X. That is why we denote Linnet’s version as A*. Then:
A= 2"1 (3.61)

A weighted modification of the slope estimation procedure is to minimize the sum of squares

Sw =

n
1=

2\ 2 L2
l:wi (Jii - fi) + Nw; (yi — i) } ;
1
where the weights

Wi = {&‘er}_?
L 2

and
i = Yuw + B (éi—fw)-

The estimation of the regression coefficients can be carried out using the following formulas:

(Vg — )+ (= A7)+ 4N
b= *
2X* py

Bo = G — 1w (3.63)

(3.62)
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Here

Ty = Zwixi/zwiz Yuw = Zwiyi/zwi7
' i i
uwzzwi(xi_fw)Qv szzwi(yi_gw)27
i
Pw = wi (i — Tw) (Vi — Ju) -

i
In order to estimate A\*, Linnet suggests to use duplicate measurements. Let the data contain n pairs
of duplicated measurements ((x;1, Z;2) , (yi1,¥i2)). For the calculation of regression coefficients, the

means of duplicates (x;.,y;.) should be used. Then \* should be estimated as follows:

RS (3.64)
T 9n - w? ’ ’
o 1 (yin — y2)”
=52 ylﬂ)# (3.65)
A= f2/f2. (3.66)

In case of more than two measurement replicates we can generalize formulas Assume

that we have r replications (r > 2) of each measurement method. Then:

n T

Pomrp oY el (367

i=1 k=11:k<l ?

with a similar expression for f??

Note that from [3.59
2
2 2,2 2 _ Os;
Jéi:fmwi <~ fr :w721
K2

Assume that w; are the true weights of the data points. Then

p(rp et -
nr(r—1) w? N

i=1 k=1101:k<l

nr(rl— 1) zn: ZT: Z E <(6ik w26i1)2> -

i=1 k=11:k<l

n

1 r(r—1) 203\ 1 o5\ 2
oD 3 ZE(wg —a 2 Blu) =

i=1

In order to get unbiased estimations of regression coefficients, we should know the true weights of

the data points w;. We can use

;= (0.5 (2. +y:.))° (3.68)

as estimations for the weights. Linnet has shown that if we use such weights, the estimation of the
slope is biased [7]. He has suggested an iterative procedure for calculation of regression coefficients.
This procedure estimates weights using estimations éz and 7); of the true error free measurements

for the i-th data point. The procedure should be carried out as follows:
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1. Take as initial weights w; = (0.5 (z;. + yz))2 Calculate X* using formulas

and regression coefficients 31 and BO using formulas [3.621{3.63

2. Update the estimations of the weights:

where
N ~ A Sk 02 -1
&=z + N Prd; (1 + /\*51) )
R 1
M = Yi. — d; <1+>\*5%) )

d; =yi. — (Bo + 5’1%)

3. Update estimations X using new weights and estimate regression coefficients.

4. Tterate the procedure to estimate better values of weights to improve the weights in each iteration

Note: Later, Linnet gives better estimations for the weights [8]:

w = .
1+ A

7

We will use these estimations for the calculation of weighted Deming regression fit.
Note: Linnets algorithm converges correctly only if all measurements of the both measurement

procedures are positive.

calculation of CIs for estimates

For the estimation of variances of regression coefficients, Linnet suggests jackknife method [7],[8]
(look at section . In order to prove performance of this method for estimation of variances of
regression coefficients he has conducted a series of simulations which confirmed good performance
of jackknife estimations. Another nonprametric methods, described in section [3.6] can also be used

for calculation of CIs of the parameter estimates.

3.3.5 Barnett’s approach for inhomogeneous error variances

This approach was developed for the investigation of the relationship between protein content of
the urine and the administered dose of a particular drug [14]. The corresponding data contained
replicated measurements with inhomogeneous variances. The model Barnett uses for his approach
suits to the method comparison data with heteroscedastic errors where the CV is not constant.

Barnett considers the following model:
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Assume that we have two variables X and Y. Both of them are measured with error. There are
n items, for each item n; replicated measurements of X and Y are available. Denote &; the true
measurement of X and 7; the true measurement of Y. Let §;; be a measurement error of X for item
i by j-th replication and €;; be a measurement error of Y for item i by j-th replication. Then the

observed measurements x;; and ¥;; can be written in the following form:

rij = & + 0y,
Yij = N + €55,
ni = Bo + B1&i.

Measurement errors are assumed to be uncorrelated and normal distributed:
(Sij ~ N(O,O’ZZ) s
eij ~ N (0,\07)

Thus it is a functional model (the true measurements of X are fixed constants). The variances are
different for each item. The ratio between variances of the measurement errors of X and Y (\) are
constant.

The log-likelihood is

L (Ivylﬂovﬂh >\a a, g) = const — anlo.g (0—12\/X) -
=1
n ng

- %iﬁ: {(xij -&)’ 052} - %ZZ {(yij — Bo — i&)’ (AG?)_I} (3.69)

i=1 j=1 i=1 j=1

Barnett derives the following formulas for calculation of ML estimates:

N
52 = 2 (@i — i)’ + A7 > Wij — yi.)” N (yz —Bo — 513%.)

2 _ i=1,..p, 3.70
’ 2n; 20A P (3.70)
A _ “ _ Nn; N N 2
A=n"! Z(U?) ! Z (35 — vi) + Z; (Z/zt —Bo — /31331“) (3.71)
i J
) 52
A=14+5L (3.72)
A
Then, denoting
P
o n; xX;. -
N — - i = P = —5 3.73
; 5 G=57 M= (3.73)

§.= Z&'; n. = Zm— (3.74)

one gets ML estimators for regression coefficients:

Bo = 125 _Nﬂlg” (3.75)
B—orori o im— A% (3.76)

23715
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The formulam gives two roots. The root with the same sign as s,¢ should be chosen.

Here
52 &
Sne = Z Eglnz - N (3.77)
2 2
07 o &
See = TS T oo (378)
;" N
67 5 -t
Sy = Z ;ﬁ - (3.79)

Barnett notes, that the solution is analogous to the solution of the problem for the unreplicated
case. In fact, the ML estimates of the regression coefficients are calculated using averaged replica-

ng

tions of X and Y which are weighted with ;. The quantities & can be considered as sample size
for the different groups of observations.

It is not feasible to obtain closed-form expressions for the ML estimations BO, ,5’1, 5\, 62 by the
observations (z;;,¥;;) alone. That is why Barnett suggests an iterative procedure for the compu-

tation of ML estimates:

1. First, the starting values for the estimates 67 and k° should be calculated:

2
6) =n;t Z (wij — aci.)2 A0 =pnt Z Z (Wi — i) (3.80)
i g

=0
i i

2. Then the starting estimates BO and Bl can be obtained directly from and
3. These can be developed iteratively by using equations [3.70] [3.71] [3.76}, [3.75] in that order until

the estimates become stable in value.

Barnett admits that his algorithm is not ideal. Often it converges quite slowly.

Our experience with Barnett’s algorithm have shown that the algorithm sometimes needs more than
100 iterations until it converges, especially in cases of data with only 2 measurement replications.
Simulation studies (see chapter IV, simulation 1.2 ) have shown that the algorithm gives biased
estimates. The variance of estimates is relatively high. Centering of data reduces the bias of
Barnett’s approach considerably, but the variance of estimates stays much higher than the variances
of the other methods described in this work.

Unfortunately, no more information about this approach was found in the literature. So there are
no references which could help to validate our implementation of Barnett’s algorithm or support

the results of our simulations.

calculation of CIs for estimates

In his paper [15] Barnett gives calculation of the inverse Fisher matrix of estimates. Thus, it

is possible to calculate analytical Cls for the estimates. All nonparametric methods described
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in section may be also used for calculation of CIs. The performance of different methods of

calculation of CIs has not been analyzed for Barnett’s method.

3.4 Modeling matrix effect in test method

This section deals with modeling of the matrix effect in the test method. First, the idea of the
matrix effect is briefly explained. Then, the linear structural ME model with error in equation
is described, which can be used for modeling of a matrix effect in test method. After this, MM

parameter estimates for this model are given.

3.4.1 Matrix effect

In chemical analysis, matrix refers to the components of a sample other than the analyte of interest.
The matrix can have a considerable effect on the measurement results; such effect is called matrix
effect.

Roughly speaking, absolute matrix effect is the difference between the response of equally concen-
trated analytes in solvent and in matrix extracts (urine or blood, for example). The matrix may
cause signal enhancement or signal suppression that negatively affect the measurement quality.

A relative matrix effect is the variation of absolute matrix effects between several lots of the same

matrix.

3.4.2 Model formulation

Discussion about modeling of the matrix effect in method comparison studies can be found at
Carstensen [16] and Dunn et.al. [10]. In both sources, the matrix effect is considered a random
effect which affects the true measurements. We consider the model from the paper of Dunn and

Roberts:

T = & + m; + i,

Yij = Bo + B1& + i + €5

Here

i=1,2,...,n - denote the items,

j =1,...n; - denote the measurement replications.

0;; and ¢;; are normal distributed and uncorrelated measurement errors,
m; ~ N(0,02,) is the matrix effect of method X,

¢; ~ N(0,0?) is the matrix effect of method Y.

Matrix effects are independent of measurement errors and of each other. Dunn et.al. mention that
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this model is under-identified. That is why we need any assumption about the variances of matrix

effects. There are two possibilities:

2 _ 2
1. o, = 0%,
2 _

2. 0;,=0

One should take the restriction which better suits to the data. Since CLSI EP9 requires that the
comparative method should not contain any matrix effect in the following we consider the second
restriction.

Dunn et. al. use SEM (structural equation models) for estimation of this model. Our experience
have shown that the computations using SEM were rather slow. That is why we use more simple
methods of estimation.

The estimates of the regression coefficients for the model with matrix effect only in the test method

were derived by Fuller [2, p.106-110]. He considers the following model:

Tij = &+ 6ij7 (3.81)
ni = Bo + B1&i + ci. (3.83)

This model is called the model with an error in the equation. Fuller gives ML estimates of the

regression coefficients of this model assuming that the variances of the measurement errors Ug and

2

2 are known. He recommends this model specially for laboratory experiments with replicated

o
measurements, where variables x and y do not have the perfect linear relation to each other.
He suggests to use the replications for the estimation of variances of measurement errors. The

calculation of regression coefficients should be conducted using means of replications. Then

T, =&+ 5_1', (384)
Yi- = ni + €, (3.85)
ni = Po+ L& + ¢ (3.86)

The estimates of 3 = (fp, 41) in case the measurement errors are uncorrelated can be calculated

using following formula [2, p. 110]:

B = (Mayy — Ss5)"" My, (3.87)
where
n 1z - y 0
M;E;t = Z (17 xi)T (1; xz) = _ 5 Ma:y = Z (laxi)T Yi = 5 566 =
i—1 T a? i=1 TY 0 o3

6§ is an unbiased estimate of the variance of measurement error of X.

Note: As in case of the averaged Deming regression, the B is not a full ML estimation.
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Oman et.al [9] use Fuller’s results for the analysis of the relationship between the two methods
of measurement of glomerular filtration MCC and ECC. They extend his result for unbalanced
design (the number of replications m; for each item can be different) with correlated errors using

the method of moments. It is easy to adapt their formulas for the case with uncorrelated errors.

Denoting
n  m; n o m;
2 2
Seww =P (@ij —2i)", Syyw =YY (Wi —vi)°,
i=1 j=1 i=1 j=1

Sx;ﬂb = Zmz ('rl - '/E")Q ) Syyb = Zmi (yz - y)Q P
i=1 i=1
Sy = Zmi (5 —x.) (Y —y..)
i=1

N:imia t:N72im?7 f:(nfl)/(Ni]-)?
=1 =1

we can use following MM estimates for the model with matrix effect in the test method [9]:

63 = N w00 = 7Sy, (3.88)

7 = S 1S = S} (3.80)

B = Smbs_x% (3.90)

oo = ﬁ {Syyb — [Syyw — Smﬁg%} (3.91)
p=z., Bo=y.— Bz (3.92)

Equations [3:89] [3.91] may give negative variances, indicating that the model is not appropriate for
the data at hand. Oman et.al. interpret negative variance estimates as diagnostics. In particular,

&2 < 0 suggests that & = 0 and thus that By and B; are not identified.

Calculation of CIs for estimates

Deriving asymptotic standard errors using the delta method was shown to be very complicated,
that is why Oman et.al. [9] suggest using parametric or nonparametric bootstrap, described in
section [3.6] One may also use other nonparametric methods of calculation if Cls for estimates

considered in section [3.6]

3.5 Diagnostic plots for checking the model assumptions

It is important to choose the correct model for the data. In this section we consider some diagnostic
plots which can support this decision. Examples of diagnostic plots can be found in the practical

part of the master thesis, where they are applied to the example data (see chapter 5).
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3.5.1 Checking exchangeability of replications

Replicate measurements by a method on a given item are exchangeable if the distribution of data
is invariant under permutation of replicate numbers within method and item [16, p. 50]. This
is typically the case if the replicate measurements are made independently. Exchangeability of
replications cannot be determined on the data alone; it is a function of study design [16, p. 64].
The design of method comparison data should provide exchangeable replications.

If there are doubts about the exchangeability of measurement replications we can make a random
permutation of the replicates within method and item and see if the plot of the two methods
against each other look the same [16, p. 51]. Results of regression analysis for original data and
data with permuted replications should be similar.

If the replications were conducted during a particular period of time, the following recommendation
of Oman et. al.[9] can be useful. In order to check whether the assumption about exchangeability
of replications is violated they suggest to plot within-individual paired differences d;x) = ij — @ik
for the points in time of the measurements ¢;; > t; vs. t;(x) = ti; — ti. If the measurements are

exchangeable, the graph should pick up a monotone trend.

3.5.2 Checking assumption about normality and homoscedasticity

of measurement errors before model was fitted
To check this assumptions we can plot

1. absolute differences of averaged replications (z;. — y;.) by two methods against the average

levels (x;. + y;.) /2,

2. relative differences of averaged replications ((zi'fyi') by two methods against the average

levels (x;. + y;.) /2.
These are the Bland-Altman plots, which belong to the standard empirical analysis of the method
comparison data [14]. If the first scatter plot has trumpet shape and the points of the second plot
disperse randomly around zero, then the measurement errors are heteroscedastic with constant
CV.
Additionally, we can use the differences between replications within each item to check the model
assumptions about variances of measurement errors. If the data contain duplicated measurements,
the following plots, suggested by Linnet [7] can be useful:
3. differences between replicates (z;1 — x2) vs. (241 + x42) /2,
4. differences between replicates (y;1 — yi2) vs. (yi1 + vi2) /2.
If the data contain more than two replications for each item, we can use plots suggested by Oman
et.al. [9]:

5. absolute values of the within-individual deviations z;; — ;. vs. individual means w;.,
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6. absolute values of the within-individual deviations y;; — v;. vs. individual means y;..
If the differences get larger with increasing values of the measurements, then the data have pro-

portional errors.

3.5.3 Residual plots

After the regression model was fitted, we can check the model assumptions using residual plots.
Generally, in regression analysis residual plots can help to prove the following model assumptions

[see 17, pp. 64-T1]:
e assumption about normality and homoscedasticity of error terms,
e assumptions about independence of error terms,
e linearity assumption.

In case of OLS regression, the residual plot is a scatter plot with model residuals on the y-axis

and (in most cases) fitted values of the response variable on the x-axis. A residual is defined as
yi — i = yi — (Bo + o).

Linear regression models with errors in both variables yield three kinds of residuals:
1. horizontal residuals z; — Z;,
2. vertical residuals y; — ¥,

3. optimized residuals (the distances between data points and their predictions which were

minimized by estimation of regression parameters).

Residual plot for the ML-approach, averaged- and weighted Deming regression

For averaged and weighted Deming regression, we can use Linnet’s suggestion [7] and plot the
optimized residuals vs. the mean of predicted values of the test- and comparative method. Assume,
éi is the predicted value of x; and 7); is the predicted value of y;.. We can calculate the predicted

values using the following formulas [9]:

di = yi. — (Bo + Bll‘i.)

Here \* = A~!. The x-axis of the residual plot contains the mean of the predicted values
(éi + ﬁi) /2.

The y-axis contains the optimized residuals. For Deming regression with A = 1 we consider as
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optimized residuals the square roots of euclidean distances between data points and their predic-
tions. The sign of the residual indicates if the data point lays above or below the regression line.

If \ # 1 the distance should be slightly changed (see :

. 1/2
r; = Sign - |:(:171 — fl) + ¥ (yl — 771)2:| . (393)

For the weighted Deming regression the residuals should be additionally weighted [7]:

N2 R 1/2
(3.95)

The sign of r; is identical with the sign of the vertical distance d; from the regression line.
If the residuals disperse randomly around the zero line we can conclude that the model assumptions

hold.

Residual plot for the model with matrix effect in the test method

Oman et.al. [9] suggest to plot the predicted values fl VS. Tp = ;. — By — ﬂAlyl They have shown
that if the model assumptions hold, &; and r; should be independent. él can be calculated using

the following formulas:

R N R N .o\ —1
& = 0Tz (0TWA) (3.96)
where
;. . 1 . m;lﬁg 0
z = s 0= .|, Wi=
yi. — Bo B 0 624+m;'6?
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3.6 Nonparametric and semiparametric approaches for the
calculation of confidence intervals

In section 2.3.1 we have considered analytical intervals for regression parameters for the averaged
Deming regression. This confidence intervals should only be used if model assumptions about
homogeneous variances of the measurement errors hold. Otherwise one should use nonparametric
methods of estimates. For other regression methods which are considered in this master thesis
(Linnet’s weighted Deming regression, Barnett’s method and MM-estimation for the model with
matrix effect in test method) we will use only nonparametric methods for calculation of confidence
intervals.

Now we consider some methods of nonparametric and semiparametric estimation of the confidence
intervals (CIs). For general description of this methods we use recommendations of Efron and
Tibshirani [5]. Specific recommendations for method comparison data were found at Linnet [7],
[8] and Oman et.al. [9]. It is interesting to consider suggestions of Oman et.al.[9] in more detail,
because to our knowledge it is the only source talking about the bootstrap for bivariate regression
model with errors in both variables. Additionally, R.Tibshirani has discussed the paper with the
authors, that is why the suggested bootstrap methods should agree with his opinion about it.
There are some possibilities to calculate Cls for estimates of regression parameters. First, we can
use the fact, that if we have only one predictor, the regression coefficients have t distribution with

n-2 degrees of freedom [17, p.]. So the (1-a)%-confidence interval can be calculated using formula
0 %ty o319 se(h), (3.97)

where ¢,,_2;1—2 denotes 1 — S quantile of t distribution with n-2 degrees of freedom.

For the estimation of se(f) we can use resampling methods (jackknife or bootstrap).

3.6.1 Estimation of variances of regression parameters

The idea of resampling estimation of the variance of some statistic is as follows. Suppose that
z is a data vector with assumed joint distribution H, let § = t(z) be some statistic and consider
the functional H, o(H) = vary (). The resampling estimator of o(H) is o(H), where H is an
appropriate estimator of H. We can approximate o(ff ) by generating B samples {27,253, ... 25}

from H and computing the sample variance of estimates 6; = t(z;) [9].

Jackknife method

Suppose, we have data z = {z1, 22, ... 2, }, where z; = (zi1, Ti2, - Tir, Yil, Yi2, - Yir). Lhe jack-

knife focuses on the samples that leave out one observation at a time:
Z(Z) = (217227°"72i7172i+17'"azn)' (398)
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We consider the version of variance estimation in terms of pseudo-values ([7]; [5, p. 149]):
0; =1 — (n —1)f), (3.99)

were 0 is the global estimation of § and é(i) is estimation of # using sample z(;). Then

s (f-0))

T , (3.100)

S€jack =
where § = n=1 30" 6;.
Note: Jackknife approach may fail if the statistic 0 is not smooth. The idea of smoothness is
that small changes in the data set cause only small changes in the statistic. A simple example of
a non-smooth statistic is the median [5, p. 148].
The jackknife approach is recommended for the estimation of the variance of regression coefficients
and bias at some medical decision point X, for the averaged Deming regression (if the normality

assumption is violated) and Linnet’s weighted Deming regression [7], [3].

Bootstrap methods

In this case o(H) is approximated by using Monte Carlo sampling, generating a large number B
of bootstrap samples {2}, 25, ... 22} from H. Each z; is a vector of n drawings (with replacement)
either from the empirical distribution of z (the nonparametric bootstrap) or from a parametric
estimate of distribution of z based on the learning sample z. We consider three possibilities to
draw bootstrap samples in case of replicated data of the method comparison study. The main
source of information about this problem is the paper of Oman et.al [9] (see section [3.4).

First nonparametric approach In the first nonparametric approach each bootstrap sample
is computed by sampling n items with replacement and using all observations of each sampled
individual. In case of an unbalanced design (different number of replications for each item) this
method can overestimate a(ﬁ ) because the number of observations of the learning sample is not
preserved.

Second nonparametric approach the second nonparametric approach is called bootstrapping
the residuals. This method is described for the case of OLS regression by Efron and Tibshirani

[5, p. 113]. After fitting the linear model we get estimates of regression coefficients BO and 5’1 and

residuals 7; = y; — BO — lei. We can generate new samples using the following data:
(.’E:, y;k) = (‘T’DBO + lei + 72;)7

where #f is randomly sampled from the set {#1, ...,7,}. The advantage of this method is that
the study design stays unchanged by resampling. The downside is the sensitivity to the model
assumptions. We did not find a reference how to conduct this kind of bootstrap in case of Dem-

ing regression, with errors in both variables. In case of unreplicated measurements it could be
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conducted as following:

(@}, u7) = G i) + (67,€),
where éi and 7); are the predictions of the true measurements of methods X and Y for the i-th item.
The 3;“ and € are randomly sampled from the sets {xl - éz li=1,2, ... ,n} and
{yi — M |1 = 1,2, ...,n} respectively. However it is still unclear how should be drawn the samples
in replicated case.
Oman et.al. [9] also abolish the idea of residual resampling for the structural model with error in

equation.

Parametric bootstap In this case samples are drawn from the estimated distribution of the
data. This approach is used by Oman et.al. [9] for estimation of variances of the regression
coeflicients. It is relatively unproblematic to conduct parametric bootstrap for the averaged Dem-
ing regression or for the model with matrix effect in the test method. For the averaged Deming

regression we can draw every bootstrap sample as follows:

1. Generate {¢1,...,&,} from the normal distribution with mean i and variance 2.

2. Generate measurement errors {(d;;,€;;) |¢ =1, ..n,j =1, .7}, where

8 0 62,0
J ~ N )
€ij 0 O7 o

Then the bootstrap sample contains pairs
(z35,y5;) = (fi,Bo + /3)1&') + (i, €i5)- (3.101)

Analogously one can conduct parametric bootstrap in case of the structural model with error in
equation (see [9]).

The sampling for Linnet’s weighted Deming regression is problematic, because Linnet’s model
definition is somewhat unclear.

The only bootstrap method, which can be applied to all models considered in this master thesis,

is the nonparametric bootstrap. Thus in the following we take a closer look only at this approach.

3.6.2 Calculation of bootstrap confidence intervals

The confidence interval assumes an equal-tailed distribution of §. Sometimes the distribution
of 0 is skewed. Then the quantile or BC, method could be more appropriate for estimation of the

confidence intervals.
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The quantile (percentile) CI

Assume that we generate B independent bootstrap data sets {zf, 23, ... 25} and compute the
bootstrap replications 6; = t(z;), b =1, 2, ... , B. The approximate (1 — «)-% quantile interval is
given by [5, p. 170]

[ézo,éup} ~ [0;‘(&/2),6;“’“/2) , (3.102)

were 6;/% and 6;"~*/? denote 100 - a/2 % and 100 - (1 — a/2) % percentiles of the empirical
distribution of 6 = ¢(z}). Quantile intervals achieve better balance in the left and right sides
than the simple ClIs . But they can still undercover overall. This is the consequence of non-
parametric inference: the quantile interval has no knowledge of the underlying normal distribution
and uses the empirical distribution in its place [5, p. 175]. The BC, CIs should achieve better

coverage than the percentile CI.

The BC, method

The BC, Cls are a substantial improved version of the percentile method. The abbreviation is
standing for ”bias-corrected and accelerated”. Efron and Tibshirani have shown that BC, Cls are
more accurate than percentile CIs (5, p.187).

Let 6*(®) indicate the 100 - ath percentile of B bootstrap replications {67,05, ....05}. The BC,

interval is then:

[ézméup} ~ [92‘“”,9;*“*“2)} : (3.103)
where
. 3 + 2(2/2)
= .104
g <ZO+ 17&(,’2’04’2(&/2)) 9 (3 0 )
. 20 + Z(1=2/2)
=& 3.105
o ( e (3.105)

Here ®(-) is the standard normal cumulative distribution function and z(®) is the 100ath percentile
point of a standard normal distribution. The parameter Z; can be estimated as follows [5, p.186]:
#{o; < 0}

20 = ! I

(3.106)
Zo measures the median bias of §*, that is the discrepancy between the median 8* and 6 in normal
units.

There are various ways to compute acceleration a. The easiest is given in terms of the jackknife
values of a statistic 6 = ¢(z). Let é(i) = t(z(¢;)), and define é(.) =3, é(i)/n [5, p.186]. Then

i= Zic (é(')_é(i))g . (3.107)

6 {Z?—l (%) - é<i>>2}3/2
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The quantity a is called the acceleration because it refers to the rate of change of the standard

error  with respect to the true parameter 6, measured on the normalized scale.

3.7 Conclusions

In this part of the master thesis we have considered theoretical foundations and properties of the
following methods of estimation, which can be used for analysis of method comparison data with

replicated measurements:
1. ML estimation,
2. averaged Deming regression,
3. Linnet’s weighted Deming regression,
4. Barnett’s approach,
5. MM-estimation in case the test method contains matrix effect.

ML-estimates and estimates of the averaged Deming regression can be applied to data with con-
stant standard deviations of measurement errors (look at section 2.4). Such data are also called
”homoscedastic data”. These two approaches yield very similar results in most cases, but the
estimates of averaged Deming regression are not full ML estimates. Another difference is the order
of estimation of slope 1 and ratio of variances of measurement errors A. Using the ML-method we
first estimate the slope. Then, we use this estimation for calculation of A. Using averaged Deming
regression, first A is estimated. Calculation of the estimate of slope is based on the value of the
estimated .

Linnet’s weighted Deming regression is a weighted version of averaged Deming regression. This
approach is developed for the analysis of data with constant coefficient of variation of measure-
ment errors (look at section 2.4). Such data we call "heteroscedastic data with constant CV”. The
estimates of Linnet’s weighted Deming regression are calculated using an iterative procedure.
Barnett’s method is developed for data with heteroscedastic measurement errors when CVs are
not necessarily constant. For calculation of corresponding estimates an iterative procedure is sug-
gested.

MM-estimation in case test test method contains matrix effect will the following be called ”MM-
method”. This approach may also be used for the analysis of data without matrix effect. In this
case the estimation of the variance of the matrix effect can be negative, but the estimates of re-
gression coefficients should be close to the ML-estimates.

Averaged- and Linnet’s weighted Deming regressions are recommended by CLSI EP9 for the anal-

ysis of method comparison data. That is why it is especially important to investigate reliability of
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these methods. This analysis is conducted via Monte-Carlo simulation studies in chapter 5 of the
master thesis.

The next important problem is the calculation of confidence intervals (Cls) for regression coeffi-
cients and systematical bias between two measurement procedures at some medical decision points
(MDP). For averaged Deming regression, analytical formulas for calculation of the CIs are given.
This formulas should only be used if model assumptions (normality and homoscedasticity of mea-
surement errors) hold. If the assumptions are violated, resampling methods are recommended,
especially the jackknife method. For the other regression methods we will only use resampling
methods to estimate the variance. It is interesting to investigate the performance of the different
methods of calculation of Cls of parameter estimates. This analysis is conducted via Monte-Carlo
simulation studies in chapter 5 of the master thesis.

In the theoretical part some diagnostic plots are considered, which could be used to choose the
appropriate regression model for the data. Examples of such plots are shown in chapter V of the

master thesis.
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Chapter 4

Simulation studies

In the theoretical part we have considered five methods for the estimation of regression coefficients
for linear ME models (in brackets the short names are given, which are used in plots and tables

for the identification of the methods):
1. maximum likelihood estimation (ML);
2. estimation via. averaged Deming Regression (ave.Deming, ADEM);
3. estimation via. Linnet’s weighted Deming Regression (WDeming, WDEM);
4. estimation of method of moments (MM);
5. estimation via. Barnett’s approach (Barnett).
Each of these methods has particular model assumptions:
e ML-estimation and averaged Deming regression assume homoscedastic measurement errors.

e Method of moments (MM) assumes homoscedastic measurement errors and allows for a

matrix effect in the test method.

e Linnet’s weighted Deming regression assumes heteroscedastic measurement errors with con-

stant CV.
e Barnett’s method allows for different variance of measurement errors within each item.

All methods assume the ratio of variances of measurement errors A to be constant over the whole

measurement range. In the following we will evaluate method performance
e in case data are consistent with all model assumptions,

e in case model assumptions are violated.
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The first group of simulation studies, which are described in this part of the master thesis, were
conducted to investigate the performance of estimates of regression coefficients for different data
situations (simulations 1.1 - 1.8 [??]). The main attention was focused on the averaged Deming
regression and Linnet’s weighted Deming regression, which are recommended by CLSI EP-9, for
the analysis of method comparison data. For example, it is interesting to see how close the esti-
mates of the averaged Deming regression are to the full ML estimates. These simulations are also
a good validation tool for the algorithms.

Furthermore we have considered different methods for calculation of confidence intervals for es-
timates of regression coefficients and bias at some medical decision point (in brackets the short

names are given, which are used in plots and tables for the identification of the methods):

e analytical confidence intervals based on normal distribution assumption (availably only for

averaged Deming regression) (an.1),

e analytical confidence intervals based on influence function theory combined with normal

distribution assumption (availably only for averaged Deming regression) (an.2),
e Jackknife confidence intervals (jack),
e nonparametric bootstrap quantile confidence intervals (boot.q),
e nonparametric bootstrap BC, confidence intervals (boot.BCj).

The second group of simulation studies has explored the coverage of these confidence intervals
combined with different methods of estimates of regression coefficients (simulations 2.1-2.3 )
The most important question to be answered by these simulations, is the coverage of the analyti-
cal confidence intervals of the second type (an.2) in case of homoscedastic data and the coverage
of jackknife intervals for the averaged and Linnet’s weighted Deming regression within different
simulation scenarios. These methods are suggested by CLSI EP9 [18] for the analysis of method

comparison data, that is why it has a high practical relevance.
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4.1 Simulation of data

In this master thesis, 11 simulation studies were conducted. Table [4.1] contains the overview of the
simulations 1.1 - 1.8. The parameters of the simulations are described in section Table
contains parameters of simulations 2.1 - 2.3.

For each simulation study, the data sets were simulated using the following algorithm:

1. First, the true measurements of the comparative method were simulated for n = 100 items

{&|Vi=1,2,..,100 & ~ N(u=200(300),0 = 25)}.

2. Matrix effects in the comparative method (simulation 1.5) and in the test method (simulation

1.4, simulation 1.5) were simulated as follows:

& =& +my,m; ~ N(0,0m, = Smz)s
M = a+b& +ci,ci ~ N(0,0. = Smy)-

3. For data without matrix effect

&=6&

i = a+ b&;

4. For each item i, r measurement replications of the methods X and Y were simulated as

follows:
assume m = min{§; |1 = 1,2,...,100} then
Xij =& + 0
Yi; =i+ €5, i=1,2,...100; j=1,2..r

For simulations 1.1-1.5 and 2.1, homoscedastic errors were simulated as random values from the

following distributions:
0 ~ N(0,05 = S0z), €ij ~ N(0,05 = soy)
For simulations 1.6-1.8 and 2.2, heteroscedastic errors with constant CV were simulated as follows::
0ij ~ N(0,05 = sogp + CVy |& —m]), € ~ (0,06 = soy + CVy |& —m|)
For simulation 2.3, errors with outliers were simulated as follows:
0ij = 0351 + 0552, 0ij1 ~ N(0,05 = Soz), dije ~ Laplace(location = 0, scale = s,)

1
Sx = E(COx + Cix ‘61 - m|),
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€ij = €51 + €52, €51 ~ N(0,00 = s0y), €52 ~ Laplace(location = 0, scale = s,)

1
Sy = ﬁ(co-’/ + c1y & — ml);

Note: Laplace or double-exponential distribution has heavier tails than the normal distribution.

The Laplace density function is

) = gpean (<551,

where a is a location parameter and b a scale parameter. If the random variable Y has Laplace

distribution, then E(Y) = a and Var(Y) = 2b°.
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4.2 Investigation of performance of estimates

In order to explore performance of estimates of regression coefficients we conduct the following

simulations:

Simulation Model assumptions Scope: to investigate the
dependence between performance
of estimates and

Simulation 1.1 | homoscedastic data number of replications

without matrix effect and variance of measurement errors

Simulation 1.2 | homoscedastic data true slope b and

without matrix effect intercept a

Simulation 1.3 | homoscedastic data true error ratio

without matrix effect A

Simulation 1.4 | homoscedastic data strength of matrix

with matrix effect effect
in test method

Simulation 1.5 | homoscedastic data strength of matrix

with equal matrix effect | effect
in both methods

Simulation 1.6 | heteroscedastic data strength of heteroscedasticity

without matrix effect

Simulation 1.7 | heteroscedastic data true slope b and

without matrix effect intercept a

Simulation 1.8 | heteroscedastic data true error ratio

without matrix effect A

Table 4.1: Scopes and model assumptions of the simulations studies 1.1-1.8.

The performance of estimates was measured using mean squared error MSE. Let 6 be an

estimation of parameter 6. Then
MSE(6) = E[(6 — 6)?].

In order to estimate the MSE we simulate 2000 data sets with the same simulation parameters.
Based on each data set we calculate estimates of regression parameters. Let 0; be an estimation

of the parameter 0 using the i-th data set. Then
MSE(f) = 2000~ %299 (9, — 9)2.
Furthermore we consider plots which show the median and the 2.5%- and 97.5%-quantile of the
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distribution of estimates. Using these plots we can get a picture of bias and variance of the
estimators.

If the median of the distribution of the estimators is at the true value of the simulated data,
we assume the estimation is unbiased, if the distribution is symmetric, because the mean of a
symmetric distribution is equal to the median. If the distribution is skewed the median and mean

can lead to the different conclusions.

Simulation 1.1

Scope: Investigation of the dependence between the number of replications and the strength of
variability of measurement errors and the performance of the estimates.
Model assumptions: Data with homoscedastic measurement errors without matrix effect.

Parameters of simulation

Parameter fixed varying

number of replications (nrepl) 2,3,5,10
intercept a 0

slope b 1

A 1

fp = Sd{measurement error of X ) 0.02, 0.05, 0.1, 0.2, 0.3, 0.4

sd(true measurements of X )
sd( Matriz ef fect of X )

M-T = S Measurement error of X ) 0
m.y = siteasmemet erororyy | 0
CV.x 0
CV.y 0

Note. The strength of the variability of the measurement errors is controled via
k = sd(measurement error of X)/sd(true measurements of X).

Expectations
1. We expect higher variance of the estimates with rising variance of the measurement errors.

2. We assume that the variance of estimates decreases with increasing number of measurement

replications.

3. The homoscedastic data suit perfectly to the model assumptions of the averaged Deming
regression and ML-method. That is why we expect these methods to have the best perfor-
mance. The MM method should have higher variance. It is not clear whether this method
yields biased estimates in case of no matrix effect in test method. The model assumptions
of the Linnet’s weighted Deming regression are violated here. We expect poorer results from

this method. The model assumptions of Barnett’s approach include the case with constant
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errors. Yet this algorithm does not use this information. That is why we expect less efficient

estimates than the estimates of ML-Method and averaged Deming regression.

Simulation results

1. As expected, the variances of the estimates tend to get smaller with increasing number of

replications (see pictures 4.1-4.2).

2. As expected, the variances of the estimates tend to get bigger with increasing variance of the

measurement errors (see figures 4.3-4.4).

3. Estimates of all methods except Barnett’s approach are unbiased and have nearly the same

variance.

4. Linnet’s algorithm needs no more than 3 iterations until convergence, if the treshhold is fixed

by 107 (look at the fig. 4.5).

5. The distribution of the estimates of the variance of the matrix effect using the MM-Method
is symmetrical around zero (fig. 4.6). Thus, if we apply the MM-Method to the data without
matrix effect in the test method, we can get reasonable estimates of regression coeflicients
and very small estimation of the variance of the matrix effect, which sometimes is negative.

We can consider it as an indicator of absence of a matrix effect.
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Figure 4.1: Simulation 1.1. Estimation of slope vs. number of measurement replications: MSE

(left) and plot with median, 2.5% and 97.5%-quantiles of the distribution of estimates. k is fixed

k=0.2 distr = norm

at 0.2.
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Figure 4.2: Simulation 1.1. Estimation of intercept vs.
MSE (left) and plot with median, 2.5% and 97.5%-quantil
fixed at 0.2.
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Figure 4.3: Simulation 1.1. Estimation of slope vs. strength of the variance of measurement
errors: MSE (left) and plot with median, 2.5% and 97.5%-quantiles of the distribution of estimates.

Number of replications is fixed at 3.
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Figure 4.4: Simulation 1.1. Estimation of intercept vs. strength of the variance of measurement
errors: MSE (left) and plot with median, 2.5% and 97.5%-quantiles of the distribution of estimates.

Number of replications is fixed at 3.
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Figure 4.5: Simulation 1.1. Left: Number of iterati

Linnet's algorithm
by constant-CV scenario (nrepl = 2)
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ons of the Linnet’s weighted Deming algorithm

which was applied to homoscedastic data. The algorithm converges mostly after 3 or 4 iterations.

Right: Number of iterations vs. corresponding estimates of slope.
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via MM-Method in case of data without matrix effe

48

ct.



Simulation 1.2

Scope: Investigation of the dependence between the true slope or true intercept of the data and

the performance of the estimates.

Model assumptions: Homoscedastic data without matrix effect.

Parameters of simulation

Parameter

fixed varying

number of replications (nrepl) 2

intercept a

0, 0.25,2.5, 5, 25

slope b

0.5,0.8,1,1.2, 2

A

k= sd(measurement error of X)) 0.2
— sd(true measurements of X)

sd( Matrixz ef fect of X )

m.xr =

sd( Measurement error of X )

sd( Matriz ef fect of V)

m.y =

sd( Measurement error of Y )

CV.x

CV.y

O | o | OO

Expectations

1. The true slope and the true intercept should not affect the bias of estimates of regression

parameters.

2. The variance of estimates is probably dependent on the value of the slope (for example,

we can see a functional dependency between the slope and the variance of the estimates in

formulas for analytical calculation of variances 2.27-2.28).

. The homoscedastic data suit perfectly to the model assumptions of the averaged Deming
regression and ML-method. That is why we expect that the estimates of this methods will
have the lowest variances. MM estimates may have higher variances. The model assumptions
of the Linnet’s weighted Deming regression are violated here. We expect poorer results of
this method. The model assumptions of Barnett’s approach include the case with constant
errors. Yet this algorithm does not use this information. That is why we expect less efficient

estimates than the estimates of ML-Method and averaged Deming regression.

Simulation results

1. Estimates of all methods except Barnett’s approach are unbiased independent of the values

of the true slope or/and intercept (fig. 4.7, top).

2. Estimates of Barnett’s approach are biased. The bias depends on the value of the true

intercept: the bigger the true intercept the bigger the bias (fig. 1.7, top). The bias is
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negative. This drawback of the actual implementation of Barnett’s approach makes it useless
for the analysis of method comparison data. That is why we do not consider this method in

following simulations.

3. As expected, the variance of the estimates of the regression coefficients is affected by the true

slope and is not affected by the true intercept (fig. 4.7).
4. The averaged Deming regression and the ML-estimates have the same variance.

5. The variances of the estimates of the MM-Method and of Linnet’s weighted Deming regression
are slightly higher than the variances of the ML estimates and the estimates of the averaged

Deming regression.

Note. The estimates of Barnett’s method can be improved by centering the data as following (see

fig. 4.8):

1. First center all measurements as
Cc — c —
Lij = Tijg — Tiy, Yij = Yij — Lios

i=12 ...,n,j=12,..r.
2. Calculate the estimate of the slope Bl for the centered data.
3. Estimate the intercept using the original data as following: BO =9 — Blj.

The variance of the estimates of the improved Barnett’s method is still considerably higher than

the variance of the other estimates, but the bias becomes smaller.
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Figure 4.7: Simulation 1.2. Distribution of estimates of slope (top) and intercept (bottom)
depending on the true values of slope (left) and intercept (right). Dotted horizontal lines show

true values of parameters.
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Results of simulation by using improved Barnett’s procedure.
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slope (left) and intercept (right).

Dotted horizontal lines depict true values of parameters.
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Simulation 1.3

Scope: Investigation of the dependence between the true error ratio A of the data and the perfor-
mance of the estimates.
Model assumptions: Homoscedastic data without matrix effect.

Parameters of simulation

Parameter fixed varying
number of replications (nrepl) 2,3
intercept a 0

slope b 1

A 0.5,0.8,1,1.2, 1.5, 2

| — sd(measurement error of X) 0.2

sd(true measurements of X)
sd( Matriz ef fect of X))

M-T = 4 Measurement error of X ) 0

MY = S asirement erorof 77 0

CV.x 0

CV.y 0
Expectations

1. The true A should not affect the bias of estimates of regression parameters.

2. The variance of the estimates of parameters should depend on the value of A (the estimation
of b is dependent on A, and the variance of estimates is affected by estimation of b, look at

formulas 2.27-2.28).

3. The homoscedastic data suit perfectly to the model assumptions of the averaged Deming
regression and ML-method. We expect that this methods will have the lowest variances.
The MM method may have higher variance. The model assumptions of the Linnet’s weighted

Deming regression are violated here. We expect poorer results of this method.
Simulation results
1. The results for 2 and 3 replications are similar (not shown).

2. The results of all methods are rather similar. The variances of the estimates of the MM-
method and of Linnet’s weighted Deming regression are slightly larger than the variances of

ML-estimates and the estimates of the averaged Deming regression.

3. The true does not affect the bias of estimates of all methods: they stay unbiased (fig.
4.9-4.10).

4. The variances of the estimates tend to get higher if A grows. The closeness to A = 1 is

irrelevant (fig. 4.9-4.10).
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5. The distribution of the estimates of A is slightly skewed with median at the true value (fig.

4.11).
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Figure 4.9: Simulation 1.3. Estimation of slope vs. true values of \. MSE (left) and distribution

of the estimates (median, 2.5%-quantile and 97.5%-quantile).
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Figure 4.10: Simulation 1.3. Estimation of intercept vs. true values of \. MSE (left) and
distribution of the estimates (median, 2.5%-quantile and 97.5%-quantile).
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Figure 4.11: Simulation 1.3. Estimation of lambda vs. true value of lambda (dotted horizontal

lines). Distribution of the estimates (median, 2.5%-quantile and 97.5%-quantile).
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Simulation 1.4.

Scope: Investigation of the influence of a matrix effect in the test method on the performance of
estimates.
Model assumptions: Homoscedastic data with matrix effect in the test method Y.

Parameters of simulation

Parameter fixed varying
number of replications (nrepl) 2, 3,5, 10
intercept a 0
slope b 1
A 1
k= sd(measurement error of X ) 0.1
— sd(true measurements of X) .
o sd( Matrixz ef fect of X )
m.x = sd( Measurement error of X ) 0
_ sd( Matriz ef fect of V)
m.y = sd( Measurement error of Y ) 0.5, 1, 2, 5, 10
CV.x 0
CV.y 0

Note. The strength of matrix effect is controlled via

m.y = sd(Matrix effect of Y ) / sd( Measurement error of Y ).

Figure 4.12 shows examples of the corresponding simulated data. We can speak about strong
matrix effect if m.y = 5 and m.y = 10. The corresponding scatter plots contain clear clusters of
replications.

Expectations

1. The homoscedastic data with a matrix effect in the test method Y suit perfectly to the model

assumptions of the MM-method. That is why we expect the best results from this method.

2. A weak matrix effect should not considerably affect the estimates of the ML-method, averaged
Deming regression or weighted Deming Regression. We expect biased estimates of these

methods if the matrix effect is strong.

3. The matrix effect introduces additional variability to the data. That is why we expect a

higher variance of the estimates if the matrix effect gets larger.
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Simulation results

1. The simulation shows that the MM-Method is the only method which yields unbiased esti-

mates in case of a strong matrix effect in the test method (fig. 4.13-4.16).
2. The number of replications seem does not to affect the variance of estimates (fig. 4.15-4.16).

3. All methods yield proper results if the matrix effect is small (the variance of the matrix effect

is lower or equal to the variance of the measurement errors).

4. If the matrix effect is strong, the ML-estimates and the estimates of the averaged and Linnet’s
weighted Deming Regression are considerably biased. The bias of the estimates of slope is
negative, the bias of the estimates of intercept is positive. The larger the matrix effect the

larger the bias (fig. 1.13-1.14).

5. This is the first simulation scenario which produces very different results of the ML- and
averaged Deming regression estimates. The difference increases with the strength of the
matrix effect. In case of a strong matrix effect (m.y = 10), the ML estimates are less biased

and have smaller variance than the estimates of the averaged Deming regression(fig. 4.16).

6. The MM-Method yields reasonable estimates of the variance of the matrix effect. The dis-
tribution of estimates is slightly skewed. The median of the estimates is close to the true

parameters.
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Figure 4.12: Simulation 1.4. Examples of simulated data with a matrix effect in the test method.

Number of replications nrepl = 3.
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Figure 4.13: Simulation 1.4. Estimation of slope vs. strength of matrix effect in test method:
MSE (left) and plot with median, 2.5% and 97.5%-quantiles of the distribution of estimates. k is

fixed at 0.1, number of replications nrepl = 2.
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Figure 4.14: Simulation 1.4. Estimation of intercept vs. strength of matrix effect in test method:
MSE (left) and plot with median, 2.5% and 97.5%-quantiles of the distribution of estimates. k is

fixed at 0.1, number of replications nrepl = 2.
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Figure 4.15: Simulation 1.4. Estimation of slope vs. number of replications: MSE (left) and plot
with median, 2.5% and 97.5%-quantiles of the distribution of estimates. k is fixed at 0.1, m.y = 2.
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Figure 4.16: Simulation 1.4. Estimation of slope vs. number of replications: MSE (left) and plot
with median, 2.5% and 97.5%-quantiles of the distribution of estimates. K is fixed at 0.1, m.y =
10.
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Figure 4.17: Simulation 1.4. Estimates of the variance of matrix effect. The true value of the

variance of matrix effect is a random number which depends of the distribution of sampled true

X-measurements. The approximate value is (25 - k - m.y)?. k is fixed by 0.1.
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Simulation 1.5.

Scope: Investigation of the influence of the matrix effect in both methods on performance of the
estimates.

Model assumptions: Homoscedastic data with a matrix effect in both methods X and Y.

Parameter fixed varying

number of replications (nrepl) 2, 3,5, 10
intercept a 0

slope b 1

A 1

k= slpeesrenent ool X0 | g

. = et effect of X) 05.1,2,5, 10

my = s offectof V) 05, 1,2, 5, 10, my — mx
CV.x 0

CV.y 0

Note. Fig. 4.17 shows example data with equal matrix effect in both methods.

Expectations

In case of a matrix effect in both methods the model assumptions of all methods are violated. It
is not clear, which method will yield better results.

Simulation results

1. In case of a strong matrix effect in both methods the estimates of the MM-Method are
considerably biased (fig. 4.20).

2. The MM-estimation of the variance of the matrix effect in test method is overestimated (fig.

4.22).

3. The estimates of the ML-method, averaged Deming regression and weighted Deming regres-

sion are unbiased (fig. 4.19-4.20).

4. The variance of the estimates does not seem to be affected by the number of replications (fig.

4.19).

5. The variances of estimates tend to increase if the matrix effect gets stronger. The variances
of the estimates of averaged and weighted Deming regressions grow much faster than the the
variances of the ML-estimates. Hence for m.y = m.x = 10 the difference is rather high (fig.

4.20).
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6. The ML-estimates of A are unstable and have considerably larger variance than the esti-
mates of other methods in case the variance of the matrix effect is close to the variance of

measurement errors (fig. 4.21).
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Figure 4.18: Simulation 1.5. Examples of simulated data with matrix effect in both methods.

Number of replications nrepl = 3.
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Figure 4.19: Simulation 1.5. Estimation of slope vs. number of replications: MSE (left) and
plot with median, 2.5% and 97.5%-quantiles of the distribution of estimates. k is fixed at 0.1, m.x

=m.y = 2.
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Figure 4.20: Simulation 1.5. Estimation of slope vs. strength of matrix effect in both methods:
MSE (left) and plot with median, 2.5% and 97.5%-quantiles of the distribution of estimates. k is

fixed at 0.1, number of replications nrepl = 2.
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Figure 4.21: Simulation 1.5. Estimation of lambda vs. strength of matrix effect in both methods:

MSE (left) and plot with median, 2.5% and 97.5%-quantiles of the distribution of estimates. k is

fixed at 0.1, number of replications nrepl = 2.
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Figure 4.22: Simulation 1.5. MM-estimates of the variance of matrix effect in the test method

in case of eqal matrix effect in both measurement methods X and Y. The true values are random

numbers which depend of the distribution of sampled true X-measurements. The approximate
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Simulation 1.6

Scope: Investigation of the dependence between the strength of heteroscedasticity and the per-
formance of the estimates.
Model assumptions: Heteroscedastic data with constant CV without matrix effect.

Fixed parameters of simulation: Intercept a = 0, slope b = 1. Error ratio A = 1.

Parameter fixed varying
number of replications (nrepl) 2,3,5
intercept a 0
slope b 1
A 1
| — sd(measurement error of X) 01
sd(true measurements of X)
M.E = itcasrement errarorxy | 0
M.y = S Tieasirement emoror ¥y | O
CV.x 0.05, 0.1, 0.15
CV.y 0.05, 0.1, 0.15; CV.y = CV.x

Note. Fig. 4.23 shows example data with equal matrix effect in both methods.

Expectations

1. The simulated data suits perfectly to the model assumptions of Linnet’s weighted Deming

regression. That is why we expect the best results from this method.

2. The ML- and MM-estimates and the estimates of the averaged Deming regression should not
be biased by heteroscedastic data, but we expect higher variances of their estimates than for

the estimates of the Linnet’s weighted Deming regression.
Simulation results

1. As we have expected, the estimates of Linnet’s weighted Deming regression, have the smallest
variance (fig. 4.24-4.25). The number of iterations of Linnet’s algorithm tends to get smaller
with increasing number of replications and in most cases 3 or 4 iterations are needed (fig.

4.25).

2. The estimates of the ML-Method and averaged Deming regression are very similar. The

estimates of the MM-method have slightly higher variance (fig. 4.24-4.25).
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Figure 4.23: Simulation 1.6. Examples of simulated data with heteroscedastic measurement

errors and constant CV.
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Figure 4.24: Simulation 1.6. Estimation of slope vs. CV of measurement errors. MSE (left) and
distribution of the estimates (median, 2.5%-quantile and 97.5%-quantile). Please note: CV.x =
CV.y.
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Figure 4.25: Simulation 1.6. Estimation of intercept vs. CV of measurement errors. MSE (left)
and distribution of the estimates (median, 2.5%-quantile and 97.5%-quantile). Please note: CV.x
= CV.y.
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Figure 4.26: Simulation 1.6. Left: Number of iterations of Linnet’s algorithm applied to het-

eroscedastic data (CV = 0.15). Right: Number of iterations vs. corresponding estimates of slope.
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Simulation 1.7

Scope: Investigation of the dependence between the true slope and intercept and the performance
of the estimates in case of heteroscedastic data with constant CV.

Model assumptions: Heteroscedastic data with constant CV without matrix effect.

Parameter fixed varying
number of replications (nrepl) 2

slope a 0, 2.5, 5, 25
intercept b 0.5,0.8,1,1.2,1.2, 2
A 1

k= o) | -

mr = i iasrenent arororxy | O

MY = S iteasiement eroror ] | O

CV.x 0.1

CV.y 0.1

Expectations
1. The bias of the estimates should not be affected by the true values of slope and intercept.

2. The variance of estimates may increase with increasing slope. The intercept should not affect

the variation of the estimates.

3. The model assumption of Linnet’s weighted Deming regression suits perfectly to this simula-

tion scenario. That is why we expect estimates of this method to have the smallest variance.

Simulation results

The results agree with expectations (see fig. 4.27.)
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Figure 4.27: Simulation 1.7. Estimates of slope and intercept vs. the true values of these

parameters.
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Simulation 1.8

Scope: Investigation of the dependence between )\ and the performance of the estimates in case
of heteroscedastic data with constant CV.

Model assumptions: Heteroscedastic data with constant CV without matrix effect.

Parameter fixed | varying
number of replications (nrepl) 2
slope a 0
intercept b 1
A 0.5, 1,2
| — sd(measurement error of X ) _
sd( truc measurements of X)
Mt = et aroror Xy | O
MY = sl iteasurennt eroor vy | O
CV.x 0.1
CV.y V0.1

Note. We simulate heteroscedatic variances as

0z = 0oz + CV; &, where &; is true measurement of X, og = 1.
oy = VA (00z + CVy &). Then

00y = VA 00z, CVy = VACY,

Thus

A=05 & COV,=+05CV, =0.7071,0.1 = 0.07071,
A=1 & CV,=/10V, =0.1,

A=2 & CV,=+2CV, =0.14142.

Expectations
1. The true X of the data should not affect the bias of the estimates of all methods.
2. The variance of estimates is expected to increase with increasing .

Simulation results

The results agree with our expectations:
1. The variances of estimates of all methods tend to increase with increasing A (fig. 4.28-4.29).

2. The distributions of estimates of A\ via. ML-method, averaged Deming regression and
weighted Deming regression are slightly skewed with the median at the true value of A
(fig. 1.30). The estimates of A\ calculated using Linnet’s weighted Deming regression have

the best accuracy, but the difference compared to the other methods is very small.
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Figure 4.28: Simulation 1.8. Estimation of slope vs. CV of test method Y (CV of reference
method x is fixed at 0.1. The CV.y values of 0.07071068, 0.1 and 0.1414214 correspond to the
values of trueA = 0.5, 1, 2 ). MSE (left) and distribution of the estimates (median, 2.5%-quantile
and 97.5%-quantile).
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Figure 4.29: Simulation 1.8. Estimation of the intercept vs. the CV of the test method Y
(CV of reference method x is fixed at 0.1. The CV.y values of 0.07071068, 0.1 and 0.1414214
correspond to the values of trueA = 0.5, 1, 2 ). MSE (left) and distribution of the estimates

(median, 2.5%-quantile and 97.5%-quantile).
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Figure 4.30: Simulation 1.8. Estimation of A vs. true values of A (CV of reference method x is
fixed by 0.1. The CV.y values of 0.07071068, 0.1 and 0.1414214 correspond to the values of true\
= 0.5, 1, 2). Distribution of the estimates (median, 2.5%-quantile and 97.5%-quantile).
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4.2.1 Conclusions
ML-estimation
Our simulations show that

e The ML-method yields the best results for data with homoscedastic variances of errors of
both methods X and Y. In this case the results are unbiased independent from the true slope,

intercept and ratio of variances of measurement errors .

e in case of a weak matrix effect in the test method (the variance of the matrix effect is less
than or equal to the variance of the measurement errors), this method yields negligible biased

estimates of the slope and intercept.

e in case of a strong matrix effect in the test method, the ML estimates are considerably
biased. The slope is overestimated and the intercept is underestimated. The stronger the

matrix effect, the higher the bias and variance of estimates.

e in case of strong but equal matrix effect in both methods X and Y and A = 1, the ML-
estimates of regression coefficients are unbiased and have the smallest variance of all methods.

The interaction between matrix effect and A should be investigated in more detail.

e in case of heteroscedastic data, the ML-estimates of the regression coefficients are unbiased.
The distribution of estimates of A are slightly skewed with the median at the true value of
A. The variance of estimates of A is higher than the variance of estimates of the Linnet’s
weighted Deming regression.
Averaged Deming regression

Our simulations suggest that

e the estimates of the averaged Deming regression are very close to the ML-estimates both in

homoscedastic and heteroscedastic cases.

e in case of data with strong matrix effect, ML-estimation yields better results than the aver-

aged Deming regression.

MM-method

For this method our simulations allow the following conclusions:

e This method yields reasonable estimates of regression parameters in case of homoscedastic

data without matrix effect.
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e In case of homoscedastic data with a matrix effect in the test measurement procedure the

MM-method is the only approach that yields unbiased estimates.

e In case of data without a matrix effect the MM-esimations are rather similar to the ML

estimates. The variance of estimates is slightly higher than the variance of the ML-estimates.

e The distribution of estimates of the variance of the matrix effect is slightly skewed, with
median close to the true parameter. If there is no matrix effect in the test method the
distribution of estimates is symmetric with median close to zero. In that situation the
variance is estimated negative by the MM-method in 50% of the simulations. We can use

this fact as an indicator of the absence of a matrix effect in the test method.

e In case of equal matrix effects in both methods the MM-estimates of regression parameters
are strongly biased. The variance of the matrix effect is strongly overestimated. Please note:
the model that we have used to derive the MM-estimates assumes a matrix effect only in the

test method Y.

Linnet’s weighted Deming regression

Our simulations show that

e the method yields unbiased estimates of regression coefficients in case of homoscedastic and
heteroscedastic (with constant CV) data without matrix effect. For the convergence the

algorithm needs 3-4 iterations in the most cases.

e in case of heteroscedastic data with constant CV, this method yields estimates with smallest

variance.

e in case of homoscedasic data, the variance of estimates of Linnet’s method is slightly higher

than the variance of the ML-estimates and of the estimates of the averaged Deming regression.

e in case of a matrix effect, Linnet’s weighted Deming regression shows almost the same be-

havior as the averaged Deming regression.

e in all simulation scenarios, the estimates of A\ are slightly skewed with median close to the

true parameter.

Barnett’s Method

Barnett’s algorithm converges very slowly in our simulations and yields unstable and biased esti-
mates of regression coefficients, depending on the true slope of the data. Barnett’s approach can be
improved by centering of the data, however, the variance of the estimates stays high. The idea to
have a proper solution for the model with such few assumptions is very attractive, but the current

implementation of this method is not appropriate for use in method comparison studies.
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4.3 Investigation of performance of confidence intervals

In order to investigate the performance of confidence intervals we conduct the following simulations:
e Simulation 2.1. Evaluation of performance of Cls in case of homoscedastic data.

e Simulation 2.2. Evaluation of performance of CIs in case of heteroscedastic data

with constant CV.

e Simulation 2.3. Evaluation of performance of CIs in case of heteroscedastic data

with Laplace distributed errors.

Table shows the values of simulation parameters that are used in simulations 2.1 - 2.3.
In all simulations we consider data with 2 and 3 measurement replications with slope b = 1,
intercept a = 0 and A\ = 1. The errors of both measurement methods X and Y have the same

distribution.

Simulation S0z | Soy | CVa | CVy | cow | Coz | Cix Cly
Simulation 2.1 | 5 5 0 0 0 0 0 0
Simulation 2.2 | 2 2 0.1 0.1 0 0 0 0
Simulation 2.3 | 2 2 1005 |005]| 10 | 10 | 0.01 | 0.01

Table 4.2: Overview of simulation parameters for the distribution of measurement errors (for the

meaning of parameters see section ”Simulation of data” 4.1).

To compare the performance of the confidence intervals, we estimate their coverage probability

and the mean of their width. We estimate coverage parameters using the following algorithm:
1. Simulate 1000 data sets with the same combination of simulation parameters.

2. For each data set calculate confidence intervals for regression parameters of interest and proof

whether the confidence intervals cover the true parameters.

Assume, C} is the confidence interval for some parameter 6 calculated using the i-th simulated

data set. Then the coverage probability of C is

_ #{0eCpk=1,2,..1000}

coverage(C) 1000

The desired coverage probability should be close to the confidence level, which was fixed at 95%.
If the coverage probability of two Cls is the same, the CI with smaller average width is preferred
for superior.

Note 1:

Simulation 1.2 has shown that the actual implementation of Barnett’s approach yields biased
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estimates of regression coefficients if the true intercept a # 0. That is why we do not consider this
method in the following simulations.
Note 2:

We consider CIs for the estimates of
1. slope and intercept (for all methods),
2. X (for all methods except MM-method),
3. the variance of the matrix effect (only for MM-method),

4. the bias between two measurement methods at different medical decision points. We consider
10%-, 20%-, ... 80%-, 90%-quantiles of the distribution of the simulated true concentrations

¢&; as medical decision points of interest.

General expectations of all simulations

Generally, we expect a good performance of jackknife CIs. The coverage of the quantile bootstrap
CIs may be less than 95% (section 2.6.1). The improved bootstrap BC, confidence interval should
perform better than bootstrap quantile Cls (section 2.6.2).

Simulation 2.1

Scope: Investigation of the coverage of confidence intervals in case of homoscedastic data without
matrix effect, with normal distributed errors.

Note. Figure 4.31 shows an example of simulated data, tables 4.32-4.33 contain results of the
simulation.

Expectations

1. The data suit perfectly to the model assumptions of the ML- and averaged Deming regression

approach. That is why we expect the best results of these methods.

2. We expect very similar performance of ML estimates and estimates of the averaged Deming

regression.
3. The CIs of the MM-estimates may be slightly bigger.

4. The model assumptions of the Linnet’s weighted Deming regression are violated. We expect

poorer results of this method.

5. The confidence intervals in case of 3 replications should be narrower than the corresponding

CIs for the data with 2 replications.

Simulation results for data with 2 replications:
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1. The analytical Cls for the averaged Deming regression show a coverage of 0.94-0.96 for

regression coefficients, as well as for bias at all medical decision points.
2. All CIs for regression coefficients have satisfying results.

3. Almost all CIs for the bias have a coverage of 0.94-0.96. The exception are the bootstrap
CIs for the bias at medical decision points in the upper measurement range (80% and 90%

quantiles). They undercover slightly (0.93).

4. The jackknife CIs for the ML- and averaged Deming regression estimates of A have a coverage

of 0.93, the bootstrap Cls for this parameter show a better performance.

5. The ClIs of the ML- and the averaged Deming regression estimates have almost equal coverage

and length. The Cls of MM-estimates are sometimes slightly broader.

6. The length of CIs of the estimates of Linnet’s weighted Deming regression is equal or slightly

broader than the length of CIs of the estimates of the averaged Deming regression.
Simulation results for data with 3 replications:

1. Coverage of all Cls, except of the bootstrap quantile CI for the variance of the matrix effect

is improved.

2. The length of CIs gets smaller. For example, the length of the jackknife CI for the estimation
of the slope via averaged Deming regression is 13 % less than the corresponding CI for the

data with 2 replications.

Simulation 2.2

Scope: Investigation of performance of the confidence intervals in case of heteroscedastic errors
with constant CV.

Note 1: Figure 4.34 shows an example of simulated data, tables 4.35-4.36 contain the results of
the simulation.

Note 2: In this simulation the calculation of BC\, confidence intervals for the bias failed because
of a program error.

Expectations:

1. The data suit perfectly to the model assumptions of Linnet’s weighted Deming regression.

That is why we expect good results for this method.

2. The ML- and MM-estimates and the estimates of the averaged Deming regression are unbi-
ased in case of heteroscedastic data with constant CV. That is why we expect satisfactory
results of the nonparametric Cls for their estimates. The length of Cls should be considerably

higher than the length of the corresponding CIs of the Linnet’s weighted Deming regression.
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Figure 4.31: Simulation 2.1. Example of simulated data.

3. The analytical confidence intervals of the estimates of the averaged Deming regression should

have poor coverage, since the model assumptions of this approach are violated.
Simulation results for data with 2 replications
1. As expected, the analytical ClIs of the estimates of the averaged Deming regression fail.

2. All CIs of the estimates of the Linnet’s weighted Deming regression have satisfactory coverage

probability (0.94-0.97). An exception is the bootstrap BC, CI for A.

3. The coverage of jackknife and bootstrap quantile CIs for estimates of regression coefficients
and bias via ML-, MM-method and averaged Deming regression are good (0.94-0.97). The
CIs are considerably longer as the corresponding Cls of the estimates of Linnet’s weighted
Deming regression. For example, the jackknife CI for the estimates of slope using averaged
Deming regression is 37% longer than the corresponding CI of the Linnet’s weighted Deming

regression.
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4.

5.

All CIs for estimates of A via ML-method and averaged Deming regression show a coverage

of 0.93.

The bootstrap BC,, CI for estimation of A of Linnet’s weighted Deming regression has a
coverage of 0.93. Against expectations, we do not observe better coverage of the bootstrap

BC, CIs compared to quantile bootstrap Cls.

Simulation results for data with 3 replications:

1.

All confidence intervals get smaller. For example the length of the jackknife CI for the
estimates of slope via Linnet’s weighted Deming regression got 18 % smaller than the corre-

sponding CI for the data with 2 measurement replications.

. The coverage probability of bootstrap BC, CI for the estimation of A of the Linnet’s weighted

Deming regression is improved (0.94).

The coverage probability of jackknife CIs for estimation of A via ML-estimation and averaged

Deming regression was is improved (0.94).

The coverage probability of jackknife ClIs for MM-estimation of the variance of matrix effect

is also improved (0.94).

Simulation 2.3

Scope: Investigation of the performance of the Cls in case of slightly heteroscedastic Laplace

distributed measurement errors.

Figure 4.37 shows example of simulated data. Figures 4.38-4.39 contain results of the simulation.

Expectations

These data do not suit to the assumptions of any model considered. Outliers may have a strong

influence on estimates as well as on CIs. It is not clear which method and which type of CI will

yield the best results.

Simulation results for data with 2 replications:

1.

The coverage of the jackknife CIs of all methods achieves 0.94-0.95. The CIs of the Linnet’s
weighted Deming regression are approximately 25% narrower than the length of the CIs of

the averaged Deming regression.

. All bootstrap CIs do not achieve the desired coverage of 0.94-0.96.

The coverage of all Cls of all methods for A are very poor.

The bootstrap quantile CI for the variance of matrix effect of MM-method have proper

coverage of 0.95. The bootstrap BC, CI do not achieve the confidence level.

87



5. The coverage of Cls of X is very poor. Figure 4.40 shows an example of simulated data with
distributions of the bootstrap samples of estimates of A\ for the ML-method and the Deming

regressions. We see that the estimates of A\ are strongly biased.

Simulation results for data with 3 replications:

In this case the simulated data contain more outliers. The estimates of all methods are probably
biased. That is why all results get worse. Now no method archives the coverage of 0.94-0.95.
4.3.1 Conclusions

The second series of simulations have shown the following;:

1. Higher number of replications improves in most cases the performance of all CIs.

2. The results of the averaged Deming regression, ML- and MM- methods are very similar in

all scenarios.

3. In case of homoscedastic data the Cls of the averaged Deming regression, and ML-method

are slightly shorter than the CIs of MM-method and of Linnet’s weighted regression.

4. In case of heteroscedastic data with constant CV and in case of data with Laplace distributed

errors, Linnet’s weighted Deming regression is considerably better than the other methods.
5. The best performance in all simulation scenarios achieve jackknife Cls.

6. The analytical CIs for the averaged Deming regression show proper performance in case of ho-
moscedastic and normal distributed measurement errors. They fail in case of heteroscedastic

or Laplace distributed errors.

7. Despite the expectations, the bootstrap BC, CIs have the poorest performance of all non-

parametric Cls.

8. Higher number of replications improves the estimation of CI for A. In case of data with

Laplace distributed measurement errors the estimation of A of all methods is unacceptable.

Note. Despite of the good performance in our simulations of jackknife intervals for estimates of
A, it is reasonable to use bootstrap methods for calculation of CIs for this parameter. A should be

positive and jackknife CIs cannot guarantee it.
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Coverage of Cls
homoscedatic errors, 2 replications

a b lambda Sc Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90

ADEM:an.1 0.95 0.95 0.96 0.96 0.95 0.95 0.95 0.95 0.96 0.95 0.95
ADEM:an.2 0.95 0.95 0.96 0.96 0.95 0.95 0.96 0.96 0.96 0.96 0.95
ADEM:jack 0.96 0.96 0.93 0.95 0.95 0.95 0.95 0.95 0.96 0.96 0.95 0.95
ADEM:boot.q 0.95 0.95 0.94 0.95 0.95 0.95 0.94 0.95 0.95 0.94 0.93 0.93
ADEM:boot.bca 0.95 0.94 0.94 0.95 0.95 0.94 0.94 0.95 0.95 0.94 0.93 0.93
ML:jack 0.96 0.96 0.92 0.95 0.95 0.95 0.95 0.95 0.96 0.96 0.95 0.95
ML:boot.q 0.95 0.95 0.94 0.95 0.95 0.95 0.94 0.95 0.95 0.94 0.93 0.93
ML:boot.bca 0.95 0.94 0.94 0.95 0.95 0.94 0.94 0.95 0.94 0.94 0.93 0.93
MM:jack 0.95 0.96 0.94 0.95 0.96 0.95 0.95 0.96 0.96 0.96 0.95 0.95
MM:boot.q 0.95 0.95 0.93 0.95 0.95 0.95 0.94 0.95 0.95 0.94 0.93 0.93
MM:boot.bca 0.94 0.95 0.92 0.95 0.95 0.94 0.94 0.95 0.94 0.94 0.94 0.94
WDEM:jack 0.96 0.96 0.96 0.96 0.95 0.95 0.95 0.95 0.96 0.95 0.95 0.95
WDEM:boot.q 0.95 0.95 0.94 0.95 0.95 0.94 0.94 0.95 0.95 0.94 0.93 0.93
WDEM:boot.bca 0.94 0.94 0.94 0.95 0.94 0.94 0.94 0.95 0.94 0.94 0.93 0.93

Length of Cls
homoscedatic errors, 2 replications

a b lambda Sc Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90

ADEM:an.1 24.28 | 0.08 3.20 2.58 2.23 2.04 1.98 2.04 2238 2.58 3.21
ADEM:an.2 2453 | 0.08 3.25 2.63 2.29 2.10 2.03 2.09 2.28 2.63 3.26
ADEM:jack 25.02 | 0.08 0.78 3.28 2.64 2.28 2.08 2.01 2.07 2.26 2.63 3.27
ADEM:boot.q 24.25 | 0.08 0.77 3.19 2.57 2.22 2.02 1.96 2.02 2.20 2.55 3.18
ADEM:boot.bca 24.27 | 0.08 0.77 3.19 2.57 2.22 2.02 1.96 2.02 2.20 2.55 3.18
ML:jack 25.03 | 0.08 0.78 3.28 2.64 2.28 2.08 2.01 2.07 2.26 2.63 3.27
ML:boot.q 24.26 | 0.08 0.77 3.19 2.57 2.22 2.02 1.96 2.02 2.20 2.55 3.18
ML:boot.bca 24.29 | 0.08 0.77 3.19 2,57 2.22 2.02 1.96 2.02 2.20 2.55 3.18
MM:jack 25.48 | 0.08 17.49 3.32 2.66 2.29 2.08 2.01 2.08 2.27 2.65 3.31
MM:boot.q 24.73 | 0.08 16.81 | 3.23 2.59 2.23 2.03 1.96 2.02 2.21 2.57 3.22
MM:boot.bca 24.74 | 0.08 17.06 | 3.23 2.59 2.23 2.03 1.96 2.02 221 2.57 3.22
WDEM:jack 25.70 | 0.09 0.86 3.34 2.67 2.29 2.08 2.01 2.08 2.28 2.66 3.34
WDEM:boot.q 24.68 | 0.08 0.85 3.21 2.57 2.22 2.02 1.96 2.02 2.22 2.59 3.24
WDEM:boot.bca 2471 | 0.08 0.85 3.21 2.58 2.22 2.03 1.96 2.03 2.22 2.59 3.25

Figure 4.32: Simulation 2.1. Coverage (top) and corresponding length (bottom) of Cls. Please

note: Sc denotes the variance of the matrix effect.
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Coverage of Cls
homoscedatic errors, 3 replications

a b lambda Sc Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90

ADEM:an.1 0.95 0.95 0.95 0.96 0.95 0.96 0.95 0.95 0.94 0.95 0.96
ADEM:an.2 0.95 0.95 0.95 0.96 0.96 0.96 0.95 0.95 0.94 0.95 0.96
ADEM:jack 0.95 0.95 0.95 0.95 0.96 0.95 0.96 0.95 0.95 0.95 0.95 0.96
ADEM:boot.q 0.95 0.95 0.96 0.94 0.95 0.94 0.95 0.94 0.95 0.94 0.95 0.95
ADEM:boot.bca 0.94 0.94 0.96 0.94 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.95
ML:jack 0.95 0.95 0.95 0.95 0.96 0.95 0.96 0.95 0.95 0.95 0.95 0.96
ML:boot.q 0.95 0.95 0.96 0.94 0.95 0.94 0.95 0.94 0.95 0.94 0.95 0.95
ML:boot.bca 0.94 0.94 0.96 0.94 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.95
MM:jack 0.95 0.95 0.95 0.96 0.96 0.96 0.96 0.95 0.95 0.95 0.96 0.96
MM:boot.q 0.95 0.94 0.93 0.94 0.95 0.94 0.95 0.94 0.95 0.95 0.95 0.96
MM:boot.bca 0.94 0.95 0.94 0.95 0.95 0.94 0.95 0.95 0.95 0.95 0.95 0.96
WDEM:jack 0.96 0.96 0.95 0.95 0.95 0.95 0.96 0.95 0.96 0.96 0.96 0.97
WDEM:boot.q 0.95 0.96 0.95 0.94 0.95 0.94 0.95 0.94 0.95 0.95 0.96 0.95
WDEM:boot.bca 0.94 0.95 0.96 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.96 0.96

Length of Cls
homoscedatic errors, 3 replications

a b lambda Sc Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90

ADEM:an.1 | 19.46 | 0.06 258 | 208 | 1.8 | 165 | 160 | 165 | 1.80 | 200 | 258
ADEM:an.2 |19.66 | 0.07 262 | 212 | 184 | 168 | 163 | 168 | 1.83 | 213 | 262
ADEM:jack |19.97 [ 007 | 0.56 264 | 213 | 184 | 168 | 162 | 167 | 1.83 | 213 | 263
ADEM:boot.q | 1937 | 0.06 | 0.55 257 | 207 | 179 | 163 | 158 | 163 | 1.78 | 206 | 255
ADEM:boot.bca |19.37 | 006 | 055 258 | 207 | 179 | 163 | 158 | 163 | 1.78 | 207 | 255
ML:jack |19.97 | 0.07 | 056 264 | 213 | 184 | 168 | 162 | 167 | 1.83 | 213 | 263
ML:boot.q |[19.37 | 0.06 | 055 257 | 207 | 179 | 163 | 158 | 163 | 1.78 | 206 | 255
ML:boot.bca |19.37 | 0.06 | 0.55 258 | 207 | 179 | 163 | 158 | 163 | 1.78 | 207 | 255
MM:jack |?20.16 | 0.07 1041 | 266 | 224 | 184 | 1.68 | 162 | 1.67 | 1.83 | 213 | 264
MM:boot.q |19.54 | 0.06 996 | 259 | 208 [ 180 | 164 | 158 | 163 | 1.78 | 207 | 256
MM:boot.bca | 1956 | 0.06 1027 | 259 | 208 | 1.80 | 164 | 159 | 163 | 1.78 | 207 | 256
WDEM:jack | 2045 | 007 | 057 268 | 215 | 18 | 168 | 162 | 168 | 1.84 | 216 | 268
WDEM:boot.q | 1965 | 007 | 056 258 | 207 | 179 | 163 | 158 | 164 | 1.79 | 210 | 260
WDEM:boot.bca | 1969 | 0.07 | 056 259 | 208 | 179 | 163 | 159 | 164 | 1.80 | 210 | 260

Figure 4.33: Simulation 2.1. Coverage (top) and corresponding length (bottom) of Cls. Please

note: Sc denotes the variance of the matrix effect.
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Figure 4.34: Simulation 2.2. Example of simulated data.
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Coverage of Cls
heteroscedastic errors (const. CV), 2 replications

a b lambda Sc Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90

ADEM:an.1 0.96 0.93 0.99 0.99 0.99 0.97 0.96 0.92 0.90 0.89 0.89
ADEM:an.2 0.96 0.94 0.99 0.99 0.99 0.98 0.97 0.94 0.91 0.90 0.89
ADEM:jack 0.95 0.96 0.93 0.96 0.96 0.96 0.97 0.96 0.95 0.95 0.95 0.95
ADEM:boot.q 0.94 0.95 0.93 0.94 0.96 0.96 0.96 0.96 0.95 0.94 0.94 0.94

ADEM:boot.bca | 093 | 093 | 0.93

ML:jack 0.95 0.95 0.93 0.96 0.96 0.96 0.97 0.96 0.95 0.95 0.95 0.95

ML:boot.q 0.94 0.95 0.93 0.94 0.96 0.96 0.96 0.96 0.95 0.94 0.94 0.94

ML:boot.bca | 093 | 093 | 0.93

MM:jack | 096 | 095 094 [ 096 | 09 | 09 |09 | 095 |[095 |095 [095 [095
MM:boot.q | 0.94 | 0.93 092 [ 094 | 095 | 096 | 096 | 096 |095 | 094 [094 [ 0094
MM:boot.bca | 0.93 | 0.93 0.91
WDEM:jack | 0.96 | 096 [ 0.95 095 | 096 | 097 | 096 | 096 | 096 | 095 [ 095 [ 095
WDEM:boot.q | 094 | 095 | 094 095 | 096 | 096 | 096 | 096 | 095 | 095 [ 095 | 094

WDEM:boot.bca 095 | 095 | 0.93

Length of Cls
heteroscedastic errors (const. CV), 2 replications

a b lambda Sc Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90

ADEM:an.1 14.27 | 0.14 5.51 4.42 3.82 3.49 3.38 3.49 3.83 4.43 5.49
ADEM:an.2 1445 | 0.14 5.66 4.59 4.00 3.68 3.58 3.68 4.01 4.60 5.65
ADEM:jack 13.92 | 0.15 0.93 4.32 3.35 3.02 3.09 3.44 3.99 4.71 5.67 7.09
ADEM:boot.q 13.50 | 0.15 0.92 4.26 3.31 2.98 3.03 3.34 3.86 4.55 5.47 6.82

ADEM:boot.bca |[13.60 | 015 | 0.92

MLjack |13.94 | 0.15 | 0.94 433 [ 336 | 302 | 3090 | 344 | 399 | 471 | 568 | 7.09

ML:boot.q 13.55 | 0.15 0.92 4.27 3.32 2.98 3.03 3.34 3.86 4.55 5.47 6.83

ML:boot.bca 13.64 | 0.15 0.92

MM:jack |[14.79 | 0.16 58.34 | 458 [ 350 | 3.09 | 311 | 344 | 401 | 476 | 578 | 7.27
MM:boot.q | 1443 | 0.16 55.92 | 454 | 348 | 306 | 305 | 336 | 388 | 460 | 557 | 7.00
MM:boot.bca | 14.43 | 0.16 56.93
WDEM:jack | 913 | 011 [ 0.84 308 | 279 | 283 | 3.06 | 3.40 | 3.82 | 435 | 503 | 6.02
WDEM:boot.q | 914 | 011 | 0.82 306 | 273 | 277 | 298 | 331 | 373 | 425 | 491 | 588

WDEM:boot.bca | 911 | 011 [ 0.81

Figure 4.35: Simulation 2.2. Coverage (top) and corresponding length (bottom) of Cls. Please

note: Sc denotes the variance of the matrix effect.
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Coverage of Cls
heteroscedastic errors (const. CV), 3 replications

a b lambda Sc Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90

ADEM:an.1 0.95 0.91 0.98 0.99 0.98 0.96 0.92 0.88 0.87 0.86 0.85
ADEM:an.2 0.95 0.91 0.99 0.99 0.99 0.97 0.93 0.89 0.87 0.86 0.86
ADEM:jack 0.96 0.96 0.94 0.95 0.96 0.96 0.96 0.96 0.97 0.97 0.96 0.96
ADEM:boot.q 0.95 0.95 0.92 0.94 0.95 0.96 0.95 0.96 0.96 0.95 0.95 0.95

ADEM:boot.bca | 0.94 | 094 | 0.92

ML:jack 0.96 0.96 0.94 0.95 0.96 0.96 0.96 0.96 0.97 0.97 0.96 0.96

ML:boot.q 0.95 0.95 0.92 0.94 0.95 0.96 0.95 0.96 0.96 0.95 0.95 0.95

ML:boot.bca 0.94 | 094 | 0.92

MM:jack | 096 | 0.96 094 | 095 |09 | 096 | 09 | 09 |0897 | 096 | 096 | 0.96
MM:boot.q | 0.94 | 0.95 092 [ 094 | 095 | 095 | 096 |09 |09 |095 [095 [ 0094
MM:boot.bca | 094 [ 0.94 0.90
WDEM:jack | 0.96 | 096 [ 0.95 096 | 096 | 096 | 095 | 096 | 096 | 096 [ 096 | 096
WDEM:boot.q | 096 | 0.96 | 0.94 095 | 096 | 095 | 095 | 095 | 096 | 095 [096 | 096

WDEM:boot.bca 0.96 | 096 | 0.94

Length of Cls
heteroscedastic errors (const. CV), 3 replications

a b lambda Sc Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90

ADEM:an.1 11.64 | 0.11 2.30 1.80 1.60 1.40 1.40 1.40 1.60 1.80 2.30
ADEM:an.2 11.78 | 0.11 2.30 1.90 1.60 1.50 1.50 1.50 1.60 1.90 2.30
ADEM:jack 1141 | 0.13 0.66 3.50 2.70 2.50 2.50 2.80 3.30 3.90 4.70 5.90
ADEM:boot.q 11.04 | 0.12 0.64 3.40 2.70 2.40 2.50 2.70 3.20 3.70 4.50 5.60

ADEM:boot.bca |[11.14 | 012 | 0.64

ML:jack 11.42 | 0.13 0.66 3.50 2.70 2.50 2.50 2.80 3.30 3.90 4.70 5.90

ML:boot.q 11.05 | 0.2 0.64 3.40 2.70 2.40 2.50 2.70 3.20 3.70 4.50 5.60

ML:boot.bca |[11.15 | 0.12 | 0.64

MM:jack |[11.82 [ 013 35.80 [ 360 [ 280 | 250 [ 250 | 280 | 330 | 390 | 470 | 5.90
MM:boot.q | 11.46 | 0.12 34.00 | 360 [ 280 | 240 | 250 | 270 | 320 | 3.80 | 450 | 5.70
MM:boot.bca | 11.50 | 0.12 35.30
WDEM:jack | 740 | 009 [ 058 250 | 230 | 230 | 250 | 2.80 | 3.10 | 3.60 | 410 | 4.90
WDEM:boot.q | 747 | 0.09 | 057 250 | 220 | 230 | 240 | 270 | 3.00 | 350 | 400 | 4.80

WDEM:boot.bca | 747 | 009 [ 0.57

Figure 4.36: Simulation 2.2. Coverage (top) and corresponding length (bottom) of Cls. Please

note: Sc denotes the variance of the matrix effect.
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Figure 4.37: Simulation 2.3. Example of simulated data.
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Coverage of Cls
Laplace distributed errors, 2 replications

a b lambda Sc Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90

ADEM:an.1 | 0.89 | 0.85 099 | 1200 [ 1200 [ 099 | 094 | 088 | 083 | 081 | 079
ADEM:an.2 | 089 [ 0.86 0.99 | 100 | 1200 [ 099 | 094 | 089 | 084 | 081 | 080
ADEM:jack | 094 | 094 | 0.07 095 | 095 [ 095 [ 094 | 094 | 094 | 094 | 094 | o095
ADEM:boot.q | 093 | 092 | 0.00 093 | 093 [ 094 [093 | 093 | 093 | 093 | 093 | o093
ADEM:boot.bca | 0.90 | 0.90 | 0.00 089 | 091 [093 [092 | 092 |092 | 091 | o091 | o090
MLijack | 094 | 094 | 0.05 095 | 095 [ 095 [094 | 094 | 094 | 094 | 094 | o095
ML:boot.q | 093 | 0.92 | 0.00 093 | 093 [ 094 [093 | 093 | 093 | 093 | 093 [ o093
ML:boot.bca | 090 | 0.90 | 0.00 0.89 | 091 [ 094 [093 | 092 | 092 | 092 | 091 [ o091
MM:jack | 094 | 0.94 097 | 095 [ 095 | 095 | 094 | 094 | 094 [ o094 [ o094 | 094
MM:boot.q | 0.93 | 092 091 [ 093 [093 o095 | 093 | 093 | 093 [093 [ o093 | 093
MM:boot.oca | 0.90 | 0.90 083 | 089 [091 o093 |092 | 092 |092 [092 [o091 | o001
WDEM:jack | 0.95 | 095 [ 003 096 | 096 | 095 | 093 | 094 | 094 | 094 | 094 | 004
WDEM:boot.q | 093 | 093 | 0.00 093 | 095 | 094 | 093 | 093 | 093 | 093 |093 | 093
WDEM:boot.bca | 091 [ 091 | 0.00 092 | 094 [ 093 [092 | 092 | 092 | 092 | 092 [ o092

Length of Cls
Laplace distributed errors, 2 replications

a b lambda Sc Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90

ADEM:an.1 |36.34 | 0.8 718 | 581 | 503 | 460 | 446 | 460 | 504 | 582 | 7.19
ADEM:an.2 |36.72 | 0.8 729 [ 592 | 513 | 470 | 457 | 471 | 515 [ 593 | 7.30
ADEM:jack |4526 | 024 |22.41 516 | 346 | 304 | 354 | 454 | 580 | 726 | 9.00 |11.46
ADEM:boot.q | 4279 | 023 |21.84 501 | 343 | 302 | 347 | 438 | 555 | 690 |852 [1083
ADEM:boot.bca |44.08 | 0.24 | 23.98 520 | 350 | 304 | 348 | 441 | 560 | 699 | 866 [11.04
ML:jack |45.19 | 0.24 |2077 514 | 345 | 304 | 354 | 454 | 580 | 726 | 900 |11.45
ML:boot.q |4272 | 0.23 |[19.69 500 | 342 | 302 | 347 | 438 | 554 | 690 | 852 |1082
ML:boot.bca |44.44 | 024 | 2141 526 | 354 | 303 | 348 | 441 | 561 | 702 | 870 |11.11
MM:jack |4520 | 0.24 15145 | 514 | 345 | 304 | 354 | 454 | 580 | 726 | 9.00 |11.45
MM:boot.q |42.72 | 0.23 14340 | 499 | 342 | 302 | 347 | 438 | 554 [ 690 | 852 |1082
MM:boot.bca | 43.98 | 0.24 156.68 | 518 | 349 | 303 | 348 | 440 | 560 | 699 | 866 |11.02
WDEM:jack |3244 | 018 |[17.99 323 | 257 |28 | 359 | 446 | 545 | 655 [ 7.85 | 9.68
WDEM:boot.q | 3201 | 018 |17.62 332 | 260 |28 | 349 | 431 | 527 [633 [759 | 936

WDEM:boot.bca |3269 | 0.18 |19.01 338 | 260 | 284 | 350 | 434 | 530 [638 [766 | 948

Figure 4.38: Simulation 2.3. Coverage (top) and corresponding length (bottom) of Cls. Please

note: Sc denotes the variance of the matrix effect.
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Coverage of Cls
Laplace distributed errors, 3 replications
b Q10 Q20 Q30 Q40 Q50

a lambda Sc

Q80 Q9O

ADEM:an.1

ADEM:an.2

ADEM:jack

ADEM:boot.q

ADEM:boot.bca

ML:jack

ML:boot.q

ML:boot.bca

MM:jack

MM:boot.q

MM:boot.bca

WDEM:jack

WDEM:boot.q

WDEM:boot.bca

Length of Cls
Laplace distributed errorss, 3 replications

a b lambda Sc Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90

ADEM:an.1 29.45 | 0.15 5.86 4.73 4.10 3.75 3.64 3.75 411 4.75 5.88
ADEM:an.2 29.75 | 0.15 5.94 4.80 4.17 3.82 3.71 3.82 4.18 4.82 5.96
ADEM:jack 36.41 | 0.20 | 16.98 4.17 2.77 2.46 2.89 3.69 4.69 5.90 7.33 9.34
ADEM:boot.q 3446 | 0.18 | 16.43 4.06 2.75 245 2.82 3.56 4.48 5.61 6.95 8.85
ADEM:boot.bca 3551 | 019 |17.81 4.21 2.81 2.46 2.83 3.57 4.52 5.68 7.05 9.00
ML:jack 36.41 | 0.20 [ 16.25 4.17 2.77 2.46 2.89 3.69 4.69 5.90 7.33 9.34
ML:boot.q 34.45 | 0.18 | 1543 4.06 2.75 2.45 2.82 3.56 4.48 5.61 6.95 8.85
ML:boot.bca 3549 | 0.19 | 16.74 4.22 2.81 2.46 2.83 3.57 4.52 5.68 7.05 9.00
MM:jack 36.45 | 0.20 90.97 | 4.18 2.78 2.46 2.89 3.69 4.69 5.90 7.33 9.35
MM:boot.q 3449 | 0.19 85.31 | 4.06 2.75 245 2.82 3.56 4.48 5.61 6.95 8.85
MM:boot.bca 3551 | 0.19 91.33 | 4.22 2.81 2.46 2.83 3.57 4.53 5.68 7.05 9.00
WDEM:jack 26.25 | 0.15 | 13.69 2.64 2.08 2.34 2.93 3.63 4.41 5.33 6.41 7.91
WDEM:boot.q 2592 | 0.14 | 13.32 2.71 211 2.30 2.84 3.51 4.26 5.15 6.20 7.67
WDEM:boot.bca 26.45 | 0.15 | 14.18 2.76 211 231 2.85 3.52 4.29 5.19 6.26 7.75

Figure 4.39: Simulation 2.3. Coverage (top) and corresponding length (bottom) of Cls. Please

note: Sc denotes the variance of the matrix effect.
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Figure 4.40: Simulation 2.3. Bottom left: example of simulated data. The rest of figures shows
histigrams of the distribution of the bootstrap sample estimates of A. The number of replications

is fixed at 3. The true \ of the simulated data is 1.

97



Chapter 5

Examples

In the following we consider two examples of method comparison data with replicated measure-
ments. These data enable us to apply the methods described in the theoretical part to real world

problems and use the knowledge about them which we have obtained in simulation studies.

5.1 Example 1: Reagent lot comparison

A novel drug was developed for an inflammatory disease. A clinical study has shown that patients
with high concentrations of biomarker A in blood are better responding to this new drug while
the other patients (the subgroup with low concentrations) do not respond at all. These groups
were separated by a cutoff of 50 ng/ml, which is approximately the median of the distribution of
the concentrations of marker A in blood in the whole patient collective. During the initial study
the blood concentrations were measured with the reagent lot ”Design Reference (DR)” and the
cutoff was established. The reagent lot ”Master Pilot (MP)” is the first commercial lot that is
used for actual patient treatment decisions. The patients with concentrations above 50 ng/ml
should receive the new drug. The method comparison study on this data set should show that bias
between the measurements of these two lots at the cutoff is within acceptable range and thus does

not lead to an incorrect treatment decision.

5.1.1 Data

The data contains measurements of 220 patients. The blood samples were collected during a screen-
ing visit of the patient (screening visit) and on the first day of the study (baseline visit). Thus
both samples of each patient were collected before the treatment with the new drug was started.
The biomarker A was measured twice with the reagent lots Design Reference (DR) and Master
Pilot (MP) in almost all samples. All considered models for method comparison analysis assume,

that the specimen stays unchanged by measurement replications. That is why we cannot pool
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the first two measurement replications (baseline visit) with the next two measurement replications
(screening visit). We consider the measurements for the first and second specimens as different
data sets. The first data set (baseline visit) contains 211 complete observations. The second data

set (screening visit) contains 203 complete observations.

5.1.2 Diagnostic plots

e Figure shows scatter plots for measurements of DR lot versus MP lot for the first (left
panel) and second (right panel) sample of patients. The scatter plots are very similar. The
points below 80 mg/ml are close to the bisecting line with slope 1 and intercept 0. The
measurements of the MP lot seem to be slightly higher than the measurements of the DR
lot. In the upper area of the measurement range (> 80 mg/dl) the measurements of the MP

lot are considerably higher than the measurements of the DR lot.

e We do not see any clusters in the scatter plot, therefore we can assume that there is no
strong random matrix effect in the data. Later we check this assumption by estimating of

the matrix effect via the MM method.

e In order to select between the averaged or Linnet’s weighted Deming regression we first use
Bland-Altman plot for the averaged replications (fig. , which show absolute and relative
differences between the measurements of the two lots against the average levels. We can
see that the absolute differences increase with increasing averaged levels of measurements.
The proportional difference are slightly shifted in the upper direction. Thus we observe
proportional differences between the measurements of the DR and MP reagent lots. The
slope of the data is expected to be larger than 1.0. The variance of the absolute differences
increase with increasing averaged levels of measurements. The Bland-Altman plots suggest

slightly heteroscedastic data.

e Scatter plots of differences between duplicate measurements versus their means confirm this
result. The variance of differences within methods increase with increasing measurement
values (fig. . In all plots we can observe that the differences between the first replication
and the second replication are shifted. Thus, the assumption about the exchangeability of
the replications is slightly violated. In all cases, the mean difference is appr. -0.5 ng/ml. This
corresponds to appr. 1.0% of the median level. We do not expect that such low bias will not
affect the results of the analysis considerably. The plot with duplicates of the measurement
of MP lot for baseline visit data contains one clear outlier at the averaged measurement level
of 60 ng/ml. The analysis of the data does not shown any reason for such a high difference

between the two replications. That is why we do not delete the corresponding data point
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from the data set. The averaging of replications will reduce the influence of this observation.

The estimate of A can be more affected by this outlier.

Thus we have heteroscedastic data with some moderate outliers. Linnet’s weighted Deming re-
gression showed to be the preferred in this case. We can expect proper estimates of the regression

coefficients. The estimates of A may be considerably affected by outliers.

baseline visit screening visit
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Figure 5.1: Example 1. Left: Scatter plot for measurements with lot DR and MP for the first day
of study (baseline visit). Right: Scatter plot for measurements with lot DR and MP for the second

screening visit of the study (screening visit). The replications are connected with red lines.
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Figure 5.2: Example 1. Bland-Altman plots for the averaged replications of the first (left panel)
and second (right) samples of the patients. Top scatter plots show absolute differences between

DR and MP, the bottom graphics show the proportional differences.
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Figure 5.3: Example 1. Absolute differences between duplicate measurements by the methods

plotted against the means of the measurements.
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5.1.3 Regression analysis

Since we have asserted heteroscedastic type of data, Linnet’s weighted Deming regression is sug-
gested to be preferred approach for this data. However, we calculate estimates of all methods,
which were considered in this master thesis, except for Barnett’s approach. So we can compare the
methods using real data. For the calculation of Cls for regression coefficients and matrix effect we
use the jackknife method, as recommended by CLSI EP9 and Linnet [7]. Confidence intervals for
A are calculated using the bootstrap quantile method, because jackknife CIs may include negative
values.

Table[5.1] contains the results of calculations. The results of comparison of the estimates of different

methods are consistent with those results of the simulation studies. The analysis shows that:

e The estimates of regression coefficients of the averaged Deming regression are rather close to

the ML-and MM-estimates.

e The estimates of slope via Linnet’s Deming regression are closer to 1 than the estimates of

the averaged Deming regression.

e The estimates of the intercept via Linnet’s weighted Deming regression are closer to 0 than

the estimates of the averaged Deming regression.

e The CI of the estimation of matrix effect does not contain zero. Thus there is a slight matrix
effect in the data. The ratio between estimates of the standard deviations of the matrix effect
and of the measurement errors is not larger than 2. That is why we can assume that matrix

effect does not affect the estimates of the regression coefficients considerably.

e The estimates of A via averaged and weighted Deming regression are similar. The ML method
has much higher variance. This is consistent with results of the simulation 1.5, which has
shown that the ML estimates yield unstable estimates of A if there is matrix effect in the

data.
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¥01

n Intercept Slope Lambda Matrix effect
baseline visit: ave.Deming 210 | -2.167 (-3.319; -1.014) | 1.049 (1.026; 1.073) | 1.644 (1.157; 2.318)
baseline visit: WDeming 210 | -1.339 (-2.082; -0.596) | 1.033 (1.018; 1.049) | 1.703 (1.242; 2.290)
baseline visit: ML 210 | -2.108 (-3.259; -0.956) | 1.048 (1.025; 1.072) | 2.681 (1.218; 4.394)
baseline visit: MM 210 | -2.023 (-3.176; -0.870) | 1.047 (1.023; 1.070) 1.511 (0.936; 2.087)
screening visit: ave.Deming | 203 | -1.912 (-3.255; -0.568) | 1.055 (1.028; 1.082) | 1.225 (0.809; 1.874)
screening visit: WDeming 203 | -0.769 (-1.600; 0.062) | 1.033 (1.015; 1.050) | 1.345 (1.014; 1.809)
screening visit: ML 203 | -1.895 (-3.259; -0.532) | 1.055 (1.027; 1.082) | 1.427 (0.454; 3.133)
screening visit: MM 203 | -1.776 (-3.048; -0.504) | 1.052 (1.026; 1.078) 1.355 (0.473; 2.237)

Table 5.1: Example 1. Estimated regression parameters.




Figure [5.4] compares different kinds of Cls for the estimates of slope and intercept. Looking at

figure [5.4) we can conclude that for this data
e All kinds of CIs for the estimates of Linnet’s weighted Deming regression are very similar.

e CIs for the estimates of the other regression methods are less similar. If we consider for
example the ClIs for slope which was estimated via ML method, we can see that bootstrap

BC, intervals are more skewed compared with quantile bootstrap confidence intervals.

e The analytical CIs of the estimates of the averaged Deming regression are considerably nar-
rower than the nonparametric CIs. We cannot use them for this data because of heteroscedas-

ticity of measurement errors.

To check the model assumptions of averaged and weighted Deming regression, and MM-method,
we use residual plots ( fig. . We can see that Linnet’s weighted Deming regression is the
most appropriate for this data, although the difference to the residual plot of the averaged Deming
regression is rather small. In the ”screening visit” data set there are 2 observations which are

relatively far from the 3 standard deviation limits. We consider them to be outliers.
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Figure 5.4: Example 1. Comparison of confidence intervals for regression coefficients.
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Figure 5.5: Example 1. Residual plots for the averaged Deming regression fit and Linnet’s weighted
Deming regression fit. The red dotted line shows the bounds of 3 standard deviations of the
distribution of residuals. The data points above (under) this bounds can be considered to be

outliers.
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3 standard deviations of the distribution of residuals. The data points above (under) this bounds

can be considered to be outliers.
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Now we consider only the estimates of the averaged- and weighted Deming regressions. Figure
shows data with the corresponding regression fits. Both lines lie above the identity line, very close
to each other. The weighted Deming regression fit is slightly closer to the identity line than the

averaged Deming regression fit.
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Figure 5.7: Example 1. Scatter plots for measurements with lot DR and MP for the first day of
the study (baseline visit) and the second (screening visit) of the study with averaged Deming and

Linnet’s weighted Deming regression fit.

The absolute bias between the two measurements at some medical decision point X, can be esti-
mated by @ + (b — 1)X¢. An estimate of the proportional bias is a/X, — (b — 1). For this data
set the medical decision point of interest (MDP) is at 50 ng/ml. A proportional bias of 3% is
desired. The proportional bias of 5 % is considered to be acceptable. We compare estimates of
the proportional bias calculated with averaged Deming regression and Linnet’s weighted Deming
regression. For calculation of confidence intervals we use the jackknife method.

Table shows the estimation of bias of averaged Deming regression and Linnet’s weighted Dem-
ing regression. The upper limits of proportional bias at the MDP 50 ng/ml lie below 0.03 in both
data sets. The estimates of bias of the both methods are very similar. The reason is that the value
Xc = 50 ng/ml is very close to the center of data.

Figures show the estimation of the absolute (upper) and proportional (lower) bias using
averaged and Linnet’s weighted Deming regression. The 95% confidence limits (dotted line) were

calculated using the jackknife method. The CIs of proportional bias of both data sets lie within

109



the limits + 3% or contain either +3% or -3% for almost all possible MDPs.

baseline visit

screening visit

abs.bias: ave.Deming
abs.bias: WDeming
prop.bias: ave.Deming
prop.bias: WDeming

0.305
0.332
0.006
0.007

0.121; 0.489)
0.150; 0.513)
0.002; 0.010)
0.003; 0.010)

PRy

0.838 (0.663; 1.012)
0.867 (0.695; 1.039)
0.017 (0.013; 0.020)
0.017 (0.014; 0.021)

Table 5.2: Estimation of bias and proportional bias at the MDP of 50 ng/ml with jackknife

confidence intervals.

Conclusions

e The measurements of both instruments: the DR lot and MP lot have acceptable proportional
bias at the medical decision point of 50 ng/ml 0.007 (0.003; 0.010) for baseline visit and 0.017
(0.014; 0.021) for screening visit.

e The method comparison analysis using data set ”baseline visit” yields a slope of 1.033 (1.018;

1.049) and an intercept of -1.339 (-2.082; -0.596).

e The method comparison analysis using the data set ”screening visit” yields a slope of 1.033

(1.015; 1.050) and an intercept of -0.769 (-1.600; 0.062).

e Estimates of A are larger than 1.0 in both data sets. We can assume that the measurement

error of the MP lot is larger than the measurement error of the DR lot. Simulation 2.3

suggests that estimation of A\ can be considerably biased by outliers.
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Figure 5.8: Example 1. baseline visit: Estimation of the absolute (uper) and proportional (lower)
bias using averaged and Linnet’s weighted Deming regression The 95% confidence limits (dotted
lines) were calculated using the jackknife method.
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Figure 5.9: Example 1. Screening visit: Estimation of the absolute (uper) and proportional (lower)

bias using averaged and Linnet’s weighted Deming regression The 95% confidence limits (dotted
lines) were calculated using the jackknife method.
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5.2 Example 2: Instrument comparison

5.2.1 Data

The data contains measurements of biomarker B in blood. The blood samples were produced
artificially for the instrument comparison. For each specimen there are 6 measurements. Three
measurements were conducted using the Elecsys e601 system in combination with 3 instruments:
E, EC, and EE. Another three measurements were conducted using the Elecsys €602 system in
combination with 3 instruments: E, EC, and EE. We would like to compare system 602 with system
601 and estimate proportional bias at a fixed medical decision point of 1.0 (the measurement values
are scaled so that the cutoff of interest equals 1.0).

We assume that the replications which are made with instruments E, EC and EE are exchangeable.
This assumption may be violated. To check it, we generate a new data set with randomly permuted
replications. In the following we compare the results of regression analysis on the basis of original
and permuted data set. If the results are similar, we can conclude that the analysis was correct,

because the assumption about exchangeability of the replications is not violated.

Original data Permuted replications
o _| / o _|
© ©
N o _| N o _|
o < o <
[te} [te}
(] [
o _| o _|
N N
o o
I I I I I I I I I I I I I I I I
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70
e601 e601

Figure 5.10: Example 2. Scatter plot for measurements of system e601 vs. system e602. Left:
original data, right: data with randomly permuted replications. The replications are connected
with red lines.
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5.2.2 Diagnostic plots

e Figure [5.10] shows scatter plots of the original data and data with permuted replications.
The scatter plots are quite similar. That is why the assumption about the exchangeablilty
of replications may hold. The distribution of the measurements is strongly skewed: most

observations are in range from 0 till 30.

e In order to choose between the averaged and Linnet’s weighted regression we use Bland-
Altman plots for the averaged replications (fig. . Comparison of Bland-Altman plots
for absolute and relative differences between two systems yields clear choice of weighted
Deming regression. We can also see that the relative differences lay above zero: there is

positive proportional bias between systems e602 and e601.

e We can confirm the choice of Linnet’s weighted Deming regression plotting absolute devia-
tions between individual and averaged measurement replications vs. averaged measurement

replications. We can see that both of the measurement errors are heteroscedastic (fig ).
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Figure 5.11: Example 2. Bland-Altman plots for the averaged replications of original data.Left
scatter plot shows absolute differences between systems e601 and €602, the right figure shows the
proportional differences. Here ”X” means ”e601”, ”Y” means ”e602”. Note: The distribution of
concentrations is extremely skewed. That is why the x-axis contains instead of the averaged means

their indexes.
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Figure 5.12: Example 2. Absolute differences between replications and averaged means of replica-
tions plotted against the averaged replications of each item. Here ”X” means "e601”, ”Y” means
7e602”.
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5.2.3 Regression analysis

Thus the analysis suggests, Linnet’s weighted Deming aproach is the best method to choose for this
data. However we consider estimates of all those methods which were looked at this master thesis.
We would like to compare them using real world data. Table [5.3] shows estimates of regression
coefficients, A and matrix effect. The Cls for the regression coefficients and matrix effect are
estimated using jackknife method. The CIs for A\ are estimated using bootstrap quantile method.

The calculations have shown that:
e We can see that the intercept is very close to zero (-0.007 (-0.008; -0.006)).

e The estimation of slope via Linnet’s weighted Deming regression (1.081 (1.074; 1.087)) is
bigger than the estimation of the averaged Deming regression (1.067 (1.042; 1.091)), ML and
MM estimates.

e The CI for matrix effect (-0.180; 0.004) contains zero. We can assume that there is no matrix
effect in this data. The simulation studies jhave shown that in such case the estimates of
ML and MM estimates and the estimates of Linnet’s weighted Deming regression are very

similar.

e The estimation of A using weighted Deming regression is 1.864 (1.636; 2.113). The measure-

ment error of e602 is considerably higher than the measurement error of e601.
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LTT

n Intercept Slope Lambda Matrix effect
ave.Deming | 287 | 0.001 (-0.033; 0.035) | 1.067 (1.042; 1.091) | 1.500 (0.880; 2.212)
WDeming 287 | -0.007 (-0.008; -0.006) | 1.081 (1.074; 1.087) | 1.864 (1.636; 2.113)
ML 287 0.001 (-0.033; 0.035) | 1.067 (1.042; 1.091) | 1.461 (0.884; 2.019)
MM 287 | -0.001 (-0.035; 0.034) | 1.067 (1.042; 1.092) -0.088 (-0.180; 0.004)

Table 5.3: Example 2. Estimated regression parameters.
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Figure 5.13: Example 2. Scatter plots for measurements of system e601 vs. measurements e602
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with averaged Deming and Linnet’s weighted Deming regression fit.

Figure [5.13] shows scatter plot of the measurements of system e601 vs. measurements of system
€602 together with the averaged- and weighted Deming regression fit. We can see that both fits
are very close to each other, but considerably far from the identity line.

Figure [5.15] compares Cls for slope and intercept which were estimated using different methods.

For this data:

e We can see that analytical confidence intervals are too narrow.

e The nonparametrical methods yield very similar Cls.

e The CIs for ML- and MM-estimates and for estimates of the averaged Deming regression are

considerably longer than the ClIs of Linnet’s weighted Deming regression.

e Red CIs were calculated using data with randomly permuted replications. We can see that
permutation of replications doesn’t affected considerably the estimates. Thus we can assume

that the assumption about the exangeability of the replications is not violated.

Bias

abs.bias: WDeming
prop.bias: WDeming

0.074 (0.068; 0.080)
0.074 (0.068; 0.080)

Table 5.4: Estimation of bias and proportional bias at the MDP of 1.0 with jackknife confidence

intervals.
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Figure 5.14: Example 2. Residual plots for the averaged- and Linnet’s weighted Deming regres-
sion fit for original data. The red dotted line shows the bounds of 3 standard deviations of the
distribution of residuals. The data points over (under) this bounds we can consider as outliers.

Fig. [5.14] shows residual plots of the averaged- and Linnet’s weighted Deming regression fit. It is

clear that Linnet’s weighted Deming regression fit is the correct model for this data.
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Figure 5.15: Comparison of confidence intervals for regression coefficients for original data (black)
and for data with permuted replications (red).
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Table contains estimation of bias at medical decision point of 1.0. Estimation of proportional
bias is considerably high ( 0.074 (0.068; 0.080)). It lays above 5% (look at pict. [5.16]).

Conclusions The analysis of data suggests that:

e The measurements of both systems e601 ans €602 have high proportional bias at the medical

decision point Xc¢ = 1.0 ( 0.074 (0.068; 0.080)).

e The Linnet’s weighted Deming regression yields slope of 1.081 (1.074; 1.087), intercept of
-0.007 (-0.008; -0.006) and A of 1.864 (1.636; 2.113).

e The measurements of both the systems are not exchangeable because of high bias and con-

siderably higher variance of the measurement of the system e602.
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Figure 5.16: Example 2. Estimation of the absolute (up) and proportional (low) bias using Lin-
net’s weighted Deming regression The 95% confidence limits (dotted lines) were calculated using
jackknife method.
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Chapter 6

Conclusions and discussion

The master thesis deals with the analysis of the outcome of method comparison experiments with
replications. The conduction and analysis of such experiments should follow the recommendations
of the Clinical and Laboratory Standards Institute (CLSI), which are described in a special guide-
line "Method comparison and bias estimation using patient samples; approved guideline” (CLSI
EP9). This document suggests the following approaches for the analysis of method comparison

data:
e Averaged Deming regression (in case of homoscedastic data).
e Linnet’s weighted Deming regression (in case of heteroscedastic data with constant CV).

e Passing-Bablok method (robust nonparametric approach which makes very few assumptions

about the distribution of measurement errors).

The investigation of the theoretical foundation and practical performance of the first two methods
is the main scope of this work.

The averaged Deming regression method is based on the linear structural error-in-variables model
with replications and is closely related to the Deming regression approach for the same model
without replications, which assumes that the ratio of variances of measurement errors A is known.
A literature search of this topic has revealed that the averaged Deming regression approach is closely
connected to the maximum likelihood approach for linear structural ME model with replications,
described in Chan and Mak [6]. The simulation studies, which are conducted in this work show that
the estimates of both methods are very similar to each other in most situations. The simulations
suggest that in case of homoscedastic data and in case of heteroscedastic data with constant CV,
both the ML-method and the averaged Deming regression yield unbiased estimates independent of
the combination of the true intercept, slope and A of simulated data. The estimates of regression
coeflicients of both methods are relatively robust against violation of normality assumptions. The
results of both methods were acceptable even in case of simulated data with Laplace distributed

measurement errors with 2 replications.
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Linnet’s weighted Deming regression was developed by Linnet [7] for the case of heteroscedastic
data with constant CV. This is a weighted version of the averaged Deming regression. The weights
of the data points are updated iteratively. The algorithm is very fast and converges usually
after 3 or 4 iterations, if all measurements are positive. The simulationsshow that this method
yields unbiased estimates in case of homoscedastic and heteroscedastic data, independent of the
combination of the true slope, intercept and A of the simulated data. In case of heteroscedastic
data the estimates have considerably smaller variance than the estimates of the averaged Deming
regression. The choice between the averaged and weighted Deming regression can be supported by
diagnostic plots, described in section 3.5.

In subsection 3.3.5, Barnett’s approach [15] for the linear functional ME model with replications
is considered. This method assumes individual variances of measurement errors for each item.
Simulation studies have shown that this method yields biased estimates if the data have an intercept
which differs from zero. The bigger the intercept the bigger the bias of the estimated regression
coefficients. Centering of the data improves the estimates considerably, but the variance of the
results is rather high. Hence we would not recommend to use the current implementation of this
approach for the analysis of method comparison data.

In section 3.4 we deal with the problem of a matrix effect in the test method. A matrix effect
is the difference between the response of equally concentrated analytes in solvent and in matrix
extracts (urine or blood, for example). According to the recommendations of Dunn et.al. [10] and
Carstensen [16] we consider the matrix effect to be a random effect. If the variance of the matrix
effect is considerably larger than the variance of the measurement errors it is considered to be strong
matrix effect. In this case the data are clustered. It may be identified by looking at a scatter plot
of the data. Our simulation studies have shown that the averaged Deming regression, ML-method
and weighted Deming regression yield considerably biased results if there is strong matrix effect
in the test method. In this case the ML estimates of regression coefficients are less biased than
the estimates of the averaged Deming regression and Linnet’s weighted Deming regression. Thus,
ignoring of matrix effect in the test method leads to biased estimates of regression coefficients.

In section 3.4 we consider the linear structural ME model with error in equation, which allows for
a matrix effect in the test method. The performance of MM-estimates of the parameters of this
model, derived at Fuller [2] and Oman et.al. [9] are investigated in simulation studies. They show
that this method yields unbiased estimates in case of data with matrix effect. The simulations
suggest that in case of data without matrix effect in the test method, the estimates of the linear
structural ME model with error in equation are unbiased and close to the ML estimates of the same
model without error in equation. The estimation of the variance of the matrix effect is symmetrical
around zero. That is why we can use it as a kind of indicator: if the CI of matrix effect does not

contain zero, there is matrix effect in the data [9].
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CLSI EP9 requires no matrix effect in the reference method [18]. However we have investigated the
performance of all considered methods in case both measurement procedures contain matrix effect
with the same variance. The simulation studies show that in this case the MM estimates of the
structural model with error in equations are biased while the esimations of the structural model
without error in equation (ML-estimation, the averaged and Linnet’s weighted Deming regression
approaches) yield reasonable results. It is not easy to visually detect, whether only the test method
or both methods contain a matrix effect. This problem may be solved by comparison of the within
variance of each item with between-items variances in X and Y direction. The master thesis does
not investigate this problem.

In Chapter 3 different methods for the calculation of ClIs for estimates are considered:

e two analytical methods for the estimates of regression parameters of averaged Deming re-

gression. One of them (formulas is recommended by CLSI EP9 [18].
e the jackknife method, recommended by Linnet [7] and CLSI EP9 [18].
e the nonparametric bootstrap (quantile abd BC, ClIs),
e the parametric bootstrap method.

The analytical approach can be used if the model assumptions of the averaged Deming regression
(normality and homoscedasticity of measurement errors) hold. The nonparametric or semipara-
metric approaches should be used if the model assumptions are violated or if we dont’t have any
analytical method for calculation of variances of estimates.

The performance of all methods mentioned above (except parametric bootstrap) are investigated
via simulated studies. Therefore three scenarios of simulated data (with 2 and 3 measurement

replications) are considered:
e homoscedastic measurement errors,
e heteroscedastic measurement errors with constant CV,
e heteroscedastic data with Laplace distributed errors.

Our simulations show that the analytical ClIs for the averaged Deming regression have proper cov-
erage in case of homoscdastic errors. In case of heteroscedastic data the analytical methods yield
poor results.

The jackknife method of calculation of Cls shows the best performance in case of data with ho-
moscedastic errors and in case of data with heteroscdastic errors with constant CV. In case of data
with Laplace distributed errors with two replications the jackknife Cls for regression coefficients

still achieve a coverage of 0.94-0.95.
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The bootstrap quantile Cls are slighty shorter than jackknife CIs, but have mostly similar perfor-
mance. Only in a few simulations the coverage is worse to jackknife CIs. For example in case of
data with Laplace distributed measurement errors the results of the bootstrap Cls are poor. This
had to be expected because the bootstrap CIs may be strongly affected by outliers.

Bootstrap BC, Cls are the improved quantile CIs which theoretically should have better perfor-
mance. Our simulations suggest that, against expectations, the coverage of the bootstrap BC,
ClIs is slightly worse than the coverage of the corresponding bootstrap quantile Cls, for example
in case of heteroscedastic data with constant CV with 2 replications.

Our simulations suggest that a higher number of replications can improve performance of all non-
parametric Cls in scenarios with homoscedastic errors and in case of heteroscedastic errors with
constant CV. The coverage gets closer to the desired level of 0.95 and the Cls get smaller.

The choice of the correct model leads to a better performance of the Cls: for example, in case of
heteroscedastic data with constant CV, all CIs of the estimates of the Linnet’s weighted Deming
regression are shorter. The coverage of the bootstrap BC, Cls for the estimates of this method
achieve 0.95, while the same ClIs for the estimates of the averaged Deming regression have coverage
of 0.93 in case of data with 2 replications.

The poorest results show the Cls for the estimates of A\. In case of homoscedastic data or het-
eroscedastic data with constant CV, the coverage of the CIs is 0.93 in most cases. In case of data
with Laplace distributed errors our simulation suggests a coverage of zero. The estimates of mea-
surement errors are probably strongly affected by many outliers, that is why the estimates of A are
biased and the CIs have poor coverage. It is interesting that although A is incorrectly estimated,
the estimates of the regression coefficients stay reasonable in case of Laplace distributed errors.
The performance of the parametric bootstrap is not considered in the master thesis. This method
has some advantages compared with the nonparametric bootstrap. In case of replicated mea-
surements one item may contain a lot of information. By bootstrapping items (nonparametric
bootstrap), we exclude a large amount of information from the bootstrap data set and thus over-
estimate the variance of estimates. This is especially important if we have unbalanced data (each
item having different number of replications). Using parametric bootstrap we can generate bal-
anced samples from the estimated distribution of the data.

Most of the methods of estimations considered in this work assume balanced data. In this case the
nonparametric bootstrap may have less disadvantages compared with the parametric bootstrap.
Otherwise, use of parametric bootstrap needs clear assumptions about the underlying model. In
case of Linnet’s weighted Deming regression it is not clear, how to generate the sample data. That
is why we have considered only the confidence intervals based on the nonparametric bootstrap in

this master thesis.
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In general, we can assert, that the methods, which are recommended by CLSI EP9 (averaged
Deming regression and Linnet’s weighted Deming regression) in combination with jackknife or
bootstrap quantile confidence intervals yield reasonable estimates of regression coefficients even if

the model assumptions are considerably violated, if there is no strong matrix effect in the test

method.
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Chapter 7

Contents of the attached

CD-ROM

File/object name

Folder

Description

mcCalcCLr.r

algorithms

Contains functions for calculation of the

different kinds of Cls.

calcEP9.r

algorithms

Calculation of the averaged Deming re-

gression fit.

calcML.r

algorithms

Calculation of the ML estimation for
the linear structural ME model with

replications.

calcML_Barnett_old.r

algorithms

Calculation of the ML estimations for
the linear functional ME model with

replications

calcML_Barnett.r

algorithms

Calculation of the ML estimations for
the linear functional ME model with

replications. Improved version.

calcMM.r

algorithms

Calculation of MM estimation for the
linear structural ME model with error
in equation (for the case of matrix effect

in test method )

compare.r

algorithms

Comparison of fits of the difference

methods

diagnostic_plots.r

algorithms

Contains functions for drawing of diag-

nostic plots.

Continued on next page
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File/object name Folder Description

funPolynoms.r algorithms Contains functions for calculation of
roots of the polynomials of 2nd, 3rd,
and 4th degree. This functions are used
to calculation of the ML estimation for
the linear structural ME model with
replications.

jackknife.r algorithms Returns results of the jackknife resam-
pling.

makeWData.r algorithms Creates WData object

rounddigits.r algorithms Returns rounded numbers in string for-
mat.

runall.r algorithms Runs all programs from folder algo-
rithms

show.r algorithms Draws scatter plot of the data, which
contains WData-object.

simData.r algorithms Programs for simulation of data.

unparBoot.r algorithms Returns the results of bootstrap resam-
pling.

wdeming.r algorithms Calculation of Linnets weighted Dem-
ing regression fit.

Demo.r algorithms Demonstration of the most important
algorithms.

functions_constSD.r /simulations Different programs for conduction of
simulations 1.1-1.5 and the analysis of
their results.

functions_heterosked.r | /simulations Different programs for conduction of
the simulations 1.6-1.8, 2.1-2.3 and the
analysis of their results.

functions_simulations.r | /simulations Functions for the analysis of the simu-
lation results.

simulation2_1-2_3.r /simulations Siulations 2.1-2.3

simulationsl_1-1_8.r /simulations Simulations 1.1-1.8

Continued on next page
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File/object name

Folder

Description

analysis_of_sim _results.r

/simulations

Analysis of the simulation results

(Chapter 4).

/simulations/ Sim-

ulation results

Folder with results of the simulations

functions.r

/data_analysis

Functions for the analysis of the exam-

ple data sets.

data_analysis.r

/data_analysis

Analysis of the example data sets

(Chapter 5).

/data_analysis

/data

Data sets and additional objects

examplel.rdata

/data_analysis

/data

Data for the example 1 (Chapter 5)

dataOlsas.csv

/data_analysis

/data

Data for the example 2 (Chapter 5)
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