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Abstract. lIsotope delta measurements are normalized against international
reference standards. Although multi-point normalization is becoming a standard
practice, the existing uncertainty evaluation practices are either undocumented
or are incomplete, For multi-point normalization we present errors-in-variables
rogression models for explicit accounting of the measurement uncertainty of the
international standards along with the uncertainty that is atiributed to their
assigned values. We also present framework to account for the uncertainty that
arises due to small number of replicates in measurements, This manuscripé
also discusses multi-laboratory data reduction while accounting for inevitable
correlations between the laboratories due to the use of same reference materialy
for calibration between the laboratories. Both frequentist and Bayesian mothods
of uncertainty analysls are discussed. ‘
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1. Introduction

In 2015, the International Committee for Weights
and measures (CIPM) noted that assigned values for
isotope delta replacement materials should be done
through a formal internationally vetted procedure
that assures the continued comparability of delta
value measurements, Recent large-scale intornational
isotope delta intercomparison exercise [1] has shown
that the statistical analysis of isotope delta materials
can be indeed difficult and that move guidance on this
matter scems nccessary.

The current viewpoint is that normalization based
on two or more international standards is the best
method for isotope delta analysis [2]. Despite this,
the existing uncertainty evaluation practices are largely
undocumented or imcomplete [3]. In this vein, we
present mathematical framework for linear normaliza-
tion of isotope delta measurement results against sec-
ondary international refercnce materials with exclusive
emphasis to the uncertainty evaluation. This article
does not address the various prerequisite quality con-
trol measurcs that analysts must undertake during the
dala generation itself such as the uncertainties due to
sample preparation, drift and blank correction{d, 5].

2, General aspects

2.1, Definitions and nomenclature

Isotope delta is the relative difference of the isotope
amount ratios of an clement between two materials:

So (0= Ry /Ry —~ 1 (1)

The material A is the sample and the material B
is the reference standard. The above notation is
variably shortened to d5(*3C), §(*C)5, 4230y, or
simply 6*¥C. The numerical values of isotope deltas
are almost universally reported in parts per thousand
(%o) which often leads to appearance of extraneous
multiplying factors (0.001 or 1000) in the quantity
equations involving isotope deltas [6].

At the Beijing ITUPAC General Assembly in 2005,
CIAAW recommended that §(*3C) values of all carbon-
bearing materials be measured and expressed relative
to the VPDB on a scale normalized by assigning
consensus values of —d46.6 %y to LSVEC lithium
carbonate and +1.95 %o to NBS 19 calcinm carbonate,

and authors should clearly state so in their reports|7}.

Thus, the measurement.results for a given sample
are expressed against agreed-upon scale which sets
the numerical value of carbon isotope deltas in two
international reference materials,

In practice, however, not everyone employs
LSVEC or NBS 19 in their daily measurements.
One reason for this i3 that other secondary reference

2

materials are sometimes desirable in order to bettor
match the nature of the calibrators and samples
identical treatment. For example, hair reference
materials might be more desirable than carbonates
when analyzing human hair. Another reason for
uging secondary isotopic reference materials is out of
practical necessity since NBS 19 (also known as the
‘toilet seat’ limestone) is no longer available.

Since isolope delta measuremonts cannot always
be performed directly against the scale-defining
materials, one has to rely on a variety of secondary
international reference materials.

2.2. Calibration against secondary reference materials

In addition to scale-defining primary isotope delta
reference matorials, there are a number of natural
or synthetic compounds which have been carefully -
calibrated versus the primary calibration materials.
The list of such materials is published and maintained
by IUPAC-CIAAW along with the agreed-upon isotope
delta values(8],

The characterization of the secondary isotope
delta reference materials is not owned by the
institutions that disseminate the physical materials,
For this reason, several proporty values might be
available for the same material. As an example, [UPAC
lists published delta values from dyppn(*®C) = —30.03
to —29.40 %o for NBS 22 0il[8] whereas providers of this
reference material give markedly different uncertainty
estimates: —30.03(6) k=1 %o (USGS), —30.03(9)4—2 %o
(NIST) and —30.031(43)g=1 %o (IAEA). Consequently,
when reporting isotope delta messurement results, it
iy cssential that the values assigned to primary and
secondary materials are given along the measurement
results. .

2.3. Calibration algorithms

There are several algorithms which convert measured
isotope delta values of a sample to the calibrated
international scale: single-, two- and multi-point
linear normalization [9]. A two-point calibration,
for example, invokes two reference standards whose
isotope deltas are measured against an in-house
internal standard.  The observed results (d) are
then plotted against the assigned known isotope
delta values (§) for the primary standards and the
linear relationship between these data serves as the
calibration function:

52 — 51 b
5 —ds (dx —d1) (2)

Some authors prefer the model equation of the
two-point calibration to be expressed In a different, yet

(5x=(51+




equivalent, mathematical form [10]:

(ndyx + 1)(6; + 1)

Oy = ——> - 0 1 3

* (ndy + 1) 3)
where 5
o 1 — 0z
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Uncertainty evaluation of isotope delta measurement
results with two-point calibration can be done by
applying the law of uncertainty propagation to the
above measurement models,

Two-point calibration can be naturally extended
to multi-point calibration, In this case, howcver, one
no longer can write down a physical measurement
model ag in Eq. 2. Rather, the measurement model
equation becomes a statistical model relating the
cbserved isotope delta values from N standards, d;
(i = 1...N), and the known isotope delta values of
these stanclards, é;, in a linear relationship:

di=a+b 0;+e (5)

The vesidual error is typically modeled as normal
random variable, e; ~ N(0,0%). Eq. 5 is a statistical

model, hence it must be solved for the unknown

parameters @ and b (and the hyper-parameter o) nging
statistical methods which we discuss later. The isotope
delta for a given sample, x, is then obtained from the
uncalibrated measured value, dx, by solving the above
calibration equation:

_dx—a

x =7 (6)

2.4. Sources of uncertainty

Multi-point calibration of isotope delta measurement
resulis against international reference materials is
summarized visually in Fig. 1.

There are three sources of uncertainty that should
be considered in the multi-point calibration of isotope
delta measurement results: (1) the uncertainty due to
measurement of isotope delta of the sample material,
{2) uncertainty due to isotope delta measurement
of the primary reference materials, and (3) the
uncertainty associated with the isotope delta values of
the reference materials used.

Ordinary linear regression ig frequently employed
to oblain calibrafion coefficients and their uncertain-
ties. However, such approach neglects the uncertainty
that is inherent to the isotope delta values of the ref-
erence materials used. To account for this, one can
employ errors-in-variables statistical model

di = a+ b((‘l, -+ Ui) + €4 (7}

which explicitly reflects the fact that isotope delta
values of the standards, §;, themselves are accompanied
with uncertalnties, u; ~ N{0, u2(4;)).
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Figure 1, Sources of uncertainty in the isotope delta

measurements using multi-point calibration

This statistical model can be solved using
generalized distance regression in conjunction with the
Monte Carle uncertainty evaluation. In addition to
the above sources of uncertainty, we also consider the
possible biases in the results obtained by the various
laboratories using random effects statistical models.

3. Single-laboratory results

8.1, Calibration function |

Typically, the best multi-point calibration line is
obtained using least squares fitting where one assumes
that the values of the independent variable are known
without error, In the situations encountered in isotope
delta measurements, however, both variables d; and &;
have non-negligible uncertainties and calibration line
must therefore be estimated using statistical methods
that accommodate this observation. Such cases can be
modeled with the errors-in-variables regression method
as described, for example, in ISO 6143 [11]. The
weighted least squares procedure minimizes the sum
of Sy for all values of

(d.,: —: = bé‘,,;)z

So(a, By = =t N (8)

In contrast, the errors-in-variables regression involves
minimization the sum of S; for all values of 4

(d;‘ =il bé,‘)?’ (5, = 3;)2

Si(a,b, 3‘-)5 = w2 (dy) uZ(8;) (9)

with respect to regression parameters a, b and the
unknown ‘true’ values of d;, 6;. The uncertainties
u(d;) and u(6;) are assumed to be known, Regression



based on minimizing the sum S); is also known as
the generalized Deming regression (available in R using
[unction deming from the package of the same name).

Guenther and Possolo have put forward a

modified equations for errors-in-variables regression

which recognize the fact that the uncertsintics of d;
are typically basod on a small number of degrees-of-
freedom (12]. This additional source of uncertainty can
be accounted for in the errors-of-variables regression by
replacing the elements of normal probability density

_distribution to Student’s t-distribution. Subsequently,

one minimizes the sum of Sy for all values of i:

ol o ‘ (di — a—bd;)?
5;(“—: by 6i)i = (vas +1) log (1- + W

‘ (6: = 8:)°

+ (s + 1) log (1 * m) (10)
where vg; and vz, are the degrees-of-freedom associ-
ated to the estimates v?(d;) and w?(8;), respectively.
If unavailable, the degrees-of-freedom that are asso-
ciated with the uncertaintics of the internalional ref-
erence materials can be taken as a sufficiently large
number, say vs; = 100,

3.2, Uncertainty assessment

Multi-point calibration of isotope deltag typically in-
volves measurements macde of three to six international
reference materials. While the parameters of linear re-
gression (intercept and slope} can be obtained using
the various methods described earlier, the uncertainty
of the regression parameter estimates is best estimated
using the Monte Carlo method [13]. This cousists of
applying perturbations to the values of all quantities
consistent with the available data. Below is a gencral
descripiion of the Monte Carlo method for evaluating
the uncertainty of the isotope delta measurement re-
sults with errors-in-variable regression using criterion

S'),:
for k=1,.. K (typically X = 1000 or higher)
(i} Simulate values for u(6;) as

sl ulE) X;E‘;'Z g

where x?(v) is a sample drawn from chi-squared
distribution with v degrees-of-freedom.

(i) Simulate values for 6; as random draws from
normel distribution with mean d; and uncertainty
uk(&;), tfgc_q; = N(é..;,'u.z (5;))

(iii) Simulate values for u(d;) as

Vo
up(di) = u(dy) o)
d,i

4

where x*{v) is a sample drawn from chi-squared
distribution with v degrees-of-freedom,

(iv) Stmulate values for d; as random draws from
normal distribution with mean d; and uncertainty
w(d), diy = N(di, ug (dy)).

(v) Minimize the sum of Sy in Eq. 10 for all values of
1 to obtain estimates ax and by, In R this can
be done using the general-purpose optimization
function optim.

(vi) Simulate the value for the measurement of the
sample X, d x, similar to how it was done in the
preceding steps, As above, this involves simulating
the uncertainty ug (dx).

{vil) Obtain value &y x from Eq, 6.

The uncertainty assessments for §x are produced from
the obtained set of simulated measurement resulis 8y
which can be conveniently visualized as histograrms,

4, Combining multi-laboratory results -

Isotope delta results obtained by numerous laborato-
ries for the same material are often compared in order
to assign a consensus value. The data reduction prob-
lem can be summarized as follows: given a number of
measured values ©; (j = 1...M), along with quoted
standard uncertainties u;, the goal is to combine these
values into a single best estimate. In order to achieve
this, a statistical model is needed to codify the relation-
ship between the data, For this purpose, we adopt a
random laboratory effects model for the reported daia
which represents each one of them as an additive su-
perposition of three effects [14, 15]:

zj=pt A te; (11)

Here w; is the reported isotope delta value by jth
laboratory, g is the consensus value of all laboratory
results, A; denotes the effect of the jth laboratory,
which is modeled as a normal random variable with
mean 0 and variance 7% | A; ~ N(O, 1'2), and &; denotes
measurement error, e; ~ N (0, uw*(z;)). _

The random effects model captures any dark
uncertainty, 7%, expressed in the reported isotope
deltas being more scattered than their values of
u(wy) would intimate. Consequently, we accept that
the stated uncertainties do not represent complete
knowledge. The within-study variances u?(z;) are
known beforehand whereas the between-study variance
7% and the congensus value 1 must both be estimated
from the data.

In practice, consensus isotope delta values can
be obtained from the reported laboratory results
and fheir uncertainties using a variety of methods,
Albeit not without its shoricomings, DerSimonian and



Laird method is a popular choice among simple and
. non-iberative consensus estimators [16]. In addition,
Buayesian approaches using non-informative reference
priors ave gaining widespread acceptance [16,17].

4.1, Correlations between the laboratory results

Often, the laboratory results are not independent be-
cause some laboratories might involve same interna-
tional reference standards for calibration. As an ex-
ample, during the recent large-scale certification cam-
paign of several carbon isctope delta materials [1],
USGS61 caffeine was measured by nine laboratories
most of which relied on four common isotope delta
reference materials: LSVEGQC, NBS19, USGS40, and
USGS41. Since the uncertainty of these reference ma-
terials is a significant component in the overall uncer-
tainty hudget, the results from these laboratories can-
not be treated as independent.

The between-laboratory correlations can be ac-
counted for in the random effects model (Eq. 11} as
follows:

@~ N(ul, V + 721) (12)

where V' iz the covariance matrix of mz; which
contains the quoted uncertainties and covariances (the
diagonal elements of this matrix equal the squared
standard uncertainties and the off-diagonal elements
are determined as Vi = pyu(z)u(z;) where py; ig
the correlation bebtween the results x; and z;. The
lahoratory results are represented in Eq. 12 in a form of
a vector , and T is the identity matrix (of size M x M),
In programming language R, the model in Eq. 12 can
be fithed to the data using several approaches. As
an example, with the restricted maximum likelihood
method one can use the command rma.mv(X, V,
method="reml"), where the function rma.mv is defined
in-the R package metafor, X is a vector of isotope delta
meagurement results, @ = {z1,..., 2}, and V is their
covariance matrix.

4.2, Determination of correlations between the
laboratory results

Correlations between the reported laboratory results
can be evaluated using Monte Carle method, With
few modifications, this involves the same approach
as detailed- in Section 3.2, That procedure provides
a Monte Carlo simulation of a result from a single
laboratory and all the steps that lend to a value é;x
have to be parallelived across all laboratories with the
exception of those that perturb the values of u(é;) and
J;.
for b =1... K (typically KX = 1000 or higher)

(i) Simulate values for u(d;)

(i) Simulate values for 8;

ot

Table 1, BExample dataset for the earbon-13 delta
measurements in NIST SRM 350b benzole acid at NRC,®
Material, X dx s{10C) N 8xvppp(**C)

SRM 350b  +12.235(22) % 10  (mewsurand)

IABA-CH-6  -+30.458(27) % 3 —10.449(33) %
IAEA-CH-T  +8141(21) % 3 —32.151(50) %,
IABA-600 +12.720(12) %6 3 —27.771(43) %
USGS40 +14.128(30) %0 3 —26.30(4) %o
USGS62 426.040(46) %o 3 —14.79(4) %e
USGS65 +20.355(17) %o 3 —20.20(4) %e

® Standard deviation from N replicate measuremenis is given in
the parenthesis, dy,s(*3C) is the measurement result of carbon-
13 isotope delta in sample X against in-house reference gag 8.

(iti) For cach laboratery 7 = 1... M, obtain the value
of d;,x which we denote here as dy ;. This follows
the steps (iii)—(vii) of Section 3,2,

The outcome of the above Monte Carlo simulation is
a K x M matrix D containing simulated values of dyx
which provides the estimate of the covariance hetween
the results of any two laboratory result necessary to
congtruct matrix V.,

5. Examples

In order to illustratc the methods described above
and the impact of various assumptions that can be
taken during the data reduction and interpretation, we
provide two detailed examples. Section 5.1 describes
& single laboratory result whercas Section 5.2 details
a data reduction process from several laboratories
providing partially correlated results.

5.1, Single-laboratory results for NIST SRM 3500

As a part of a larger study, measurements of carbon-
13 isotope delfa in NIST SRM 350b benzoic acid pri-
mary (acidimetric) standard were performed at NRC
in 2017. For this purpose, four internationally recog-
nized stable isotope reference materials were selecied
for calibration: sucrose (IAEA-CH-6), polyethylene
(IAEA-CH-T), calleine (IAEA-600), and glutamic acid
(USGS40)(8) along with two additional reference ma-
terials available from the US Geological Survey: caf
feine (USGS62) and glycine (USGS6S) [1]. The rel-
evant measurement results and the assigned isotope
delta values for the six reference maferials are listed
in Table 1.

A simple approach to establish the isotope delta
value for SRM 3500 is to perform ordinary least squares
fit from the six standards with complete disregard to
their respective uncertainties, The resulting intercept
and the slope are then used in Eq. 5, together with
the measured value dx g for SRM 350b to obtain a
value of dyppp(*C) = —28.210 %e for SRM 350b.
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Figure 2. Probability densities corresponding to a Monte
Carto sample of sivze K = 1 x 10° using various statistical
approaches o determine the calibration function: weighted
ordinary regression (best it criterion Sy, Eq. 8), errors-in-
variables regression which aceounts for uncortainties in both the
predictor and outcome variables (57, Eq. 8), and modified etrors-
in-variables regrassion while also accounting for the fact that all
measurement uncertainty cstimates are based on small degroos-
of-freedom (57, BBq. 10). Also shown with dotted horizontal line
is the naive approach that builds calibration plot by disregarding
all uncertainties, Mean values and 06 % coverage intervals
(horizontal lines) for the carbon-13-isotope delta in NIST SRM
350b benzoic acid are shown below.

The uncertainty propagation calculations are done
from Eq. § by taking into account the correlation
between the intercept and the slope, and by using
0.022/@ Y% as the uncertainty for the mean value
of dx g of SRM 350b. The uncertainty calculations
can be greatly facilitated using the NIST uncertainty
machine, We obtain standard uncertainty of 0.020 %o
for JVPD]](ISC). "

The naive procedure described above is presented
only for comparabive purposes to demonstrate the need
for explicit accounting of all measurement uncertain-
ties; statistical methods that fully incorporate all the
available knowledge (as the criterion S3 does), gives
nearly twice larger uncertainty, Six-point calibration
line using weighted linear regression (best fit crite-
rion Sg, Bq. 8) provides Syppp(t2C) = —28.228 %,
for SRM 350b with standard -uncerteinty of 0.029
%o. 1, however, the calibration is established us-
- ing orrors-in-variables regression (criterion Sy, Eq. 9),
we obtain Syppn(*C) = ~28.206(29) %. Criterion
Sa gives B more conservabive uncertainty estimate of
dvppp(**C) = —28.215(34) %o as shown in Fig. 2.
While the average point estimates resulting from all
methods considered herein give nearly identical results,
same cannot be said about the uncertainty estimates.

Table 2. Example dataset for the carbon-13 delta
measurements relevant to the NRO sugar isotope delta reference
material BEET-1,%:¢

Material, X  Lab.

d,5(5C) N

BEET-1 A —26.028(83) %o 12
BEET-1 B —26.054(59) % 12
BEET-1 C —26.037(37) %o 12
BEET-1 D —25.087(73) %o 12
IABA-CH-6 A —10.418(79) %o 4
IABA-CH-6 B —-10.450(14) % 4
IABA-CH-6 C —10.455(68) %o 4
JABA-CH-6 D —10.465(71) %e 4
USGS40 A ~26.385(78) %0 4
. USGS40 B —26,430(71) % 4
USGS40 ] —26,455(66) %0 4
USGS40 D —26.402(61) %o 4
U8GS62 A —14,840(92) %o 4
USGES62 B —14.797(13) % 4
UsGss2 C —14.846(30) %o 4
USGs62 D —14.675(182) %e 4

* Standasd deviation from N replicate measurements is given in
the parenthesis, '

B Jsotope delta values for the three reference materials (IABA-
CH-6, USGS40, USGS62) are given in Table 1.

Note that ordinary least squares (weighted or not),
does not provide unbiased parameter estimates when
the predictor variable has measurement uncertainty
[20]. Generally speaking, uncertainty in the predictor
variable leads to negatively biased estimates of the
calibration slope and, in turn, biased value for the
isotope deltas.

5.2, Multi-laboratory results for NRC BEET-|

A variability in carbon isotope ratio of approx. 180 %o
iz observed in naturally occurring terrestrial materials,
Sugar beet has Syppp(3C) = —14 %e whereas sugar
cane has Syppp(t?C) = —28 %o. Civen that sugar cane
is one of the major sources of added sugar in processed
food, isotope delta standards can enable tracking
added sugars[21]. For these reasons, NRC has recently
produced a suite of isotope delta sugar reference
materials aided by interlaboratory comparison study.
We use o small portion of this dataset to illustrate
the data handling from multi-laboratory results as
summarized in Table 2. Although Table 2 lists the
reported calibrated isotope delta measurement results
from four laboratories, for the purposes of this examnple
we treat these results as non-calibrated indications,
dx,5(**C) instead of 6x vppp(12C).

Following the general procedure outlined in
Section 4.2, we obtain estimates of dyppa(t*C) for
BEET-1 by each of the four laboratories. 'This
involves a three-point calibration using errors-in-
variables regression with criterion Sy, The following



results were obtained:

A —26.022(78) % B
C —96.009(70) % D

~26.013(52) %o (13
—26,035(76) Y%o )
In addition, the following correlations are obtained
between the results of the four laboratories:

1 0.3 027 025
039 1 0338 036
027 038 1 022
025 036 022 1

cor{d;, d;) = (14)

Fitting these data to the multivariate meta-
analysis model of random laboratory effects (Eq. 12)
provides with a consonsus value Syppp(®C) =
—26.017(46) %o for BEET-1 fram the example
dataset. In R this can be achieved by using code
metafor::rma.mv(x,V) where x is the vector of mean
laboratory results (Iiq. 14) and V is their covariance
matrix,

Dismissing positive correlations between the
laboratories has the effect of significantly lowering the
uncertainty of the consensus value to é\;pDB(laC) =
—26.018(33) %o. Hence, it is important to evaluate
the possible correlations between the laboratories
in order to avoid unrealistic (incorrect) uncertainty
assessments, :

Fstablishing consensus estimate from partially
correlated datasets is not unique teo this study.
Bodnar et al. describe similar problem to determine
fundamental constants from various studies using
Bayesian methoeds [17]. Analysis of the NRC BEET-1
data can also be performed using Bayesian paradigim.
For this purpose, we have adopted the following
Bayesian model:

(i) Data
- results from cach laboratory, §; (7 =1...4)
— covariances of the laboratory results, V
(ii) Priors
— non-informative prior for the consensus isotope
delta valne, « ~ N0, 10°)

—non-informative prior for the between-laboratory
variance term, 7% ~ G(1074,107%), using gamma
distribution

(iii) Likelihood (data generation model)

lahoratory results are like outcomes of multivari-
ate normal distribution, &; ~ N(u;, V) with hi-
erarchical model for the laboratory effects, gy ~

Ne, %)

The model parameters (consensus isotope delta
 value and the between-laboratory variance) can be
obtained using Markov chain Monte Carlo method
[22]. Alternatively, the above model (with slightly

T

different specification of the non-informative priors
according to the currently favored principles of Berger
and Bernardo) can be solved analytically[17]. Using
Markov Chain Monte Carlo method, we obtain
consensus value 6VPDB(13C) = -26.018(53) %o for
BEET-1 from the example dataset. For this purpose,
we use openBUGS software from R as shown in the
Listing 1, The posterior probability densities for the
consensus isotope delta and the between-laboratory
uncertainty are both shown in Fig. 3,

library(R20penBUGS)
corZcov = function(cor, u) diag(u)i*%corkx diag(u)

HB <- function(df) {

# DATA ##

delta = t(matrix(dfimun))

sigma = solve(cor2cov(dffcor, df$u))
N = length(delta)

# MODEL ##
model = function() {
¥ priors
tau " dgamma{l.0E-4,1,0E-4)
alpha ” dnorm{0,1.0E-B)

# likelihood 5
for{i in 1:N) mul[il * dnorm(alpha, tau)
deltall,1:N] ~ dmmorm(nu[], sigmal,])

¥

file = file,path(tempdir(), "model.txt")
write.model(model, file)

data = list("delta", "sigma", "N")

par = ¢("alpha","tau") i

init = function() list(alpha=median(delta), tau=1/mad
(ag$u) ~2) :

out = buge(data, init, par, file, n.iter=50000) .

out$summary

}

# Input dato
df = 1list(
mu = c(-26,022, -26,013, -26.009, -26.036),
u = ¢(0,078, 0,062, 0,070, 0.078),
cor = matrix(c(1.000,0,391,0.271,0.251,
0.391,1.000,0.376,0,368,
0,271,0.376,1,000,0,224,
0.261,0.358,0,224,1,000) ,ncol=4)
)

HB(df) # fit date io the Bayesian random effects model
## mean sd 2,58  97.5%
## alphe -26,018 0,063 -26,120 -25,920

Listing 1. Implementation of Markov Chain Mante Carlo
method for Bayesian inference of the interlaboratory random
cffects model with regard to possible correlations between the
laboratory results in R programming language with openBUGS
software.
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Figure 3.  Postericr distribution of isotope delta consengus
value and the bobween-lahoratory uncertainty.

6. Conclusions

We have outlined data reduction ' framework for
normalizing isotope delta measurement results which
are applicable for two- and multi-peint normalization
algorithms, We prefor the adoption of random effects
models in multi-laboratory data reduction routines as
they allow to interpret mutually inconsistent observed
interlaboratory results to be consistent with a common
consensus value. In addition, Bayesian paradigin might
be preferred over the clagsical statistical methods as
it obviates the need for asymptotic arguments when
dealing with small sample sizes.
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