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Abstract

We discuss the concept of fuzzy p-values within the context of nonparametric
linkage analysis. Here the fuzziness arises according to ambiguity of true
inheritance vectors given marker data, and it evolves into a fuzzy p-value
distribution. Inspired by Geyer and Meeden (2005) and Thompson and Geyer
(2005) we formulate our own appreciation of this topic and extend the fuzzy
p-value distribution to be constructed using linkage evidence originating from
using several distinct score functions applied to the same data.

Key words: Nonparametric linkage analysis, score functions, inheritance
distribution, significance and power, hypothesis testing, randomized tests,
fuzzy p-value, fuzzy p-value distribution.
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1 Introduction

Gene mapping through nonparametric linkage analysis (Kruglyak et al.,
1996) is based on observing marker data MD, in the form of genotypes, with
respect to a set of pedigrees.! The actual inheritance of alleles with respect to
the pedigree set is compared to what is expected under the null hypothesis H,
of random inheritance, which corresponds to the concept of no genetic linkage
or no correkation between genotypes and phenotypes (affection status).

1.1 The Pedigree, Pedigree Set and Inheritance Vector

A pedigree consisting of n individuals includes f founders and n — f non-
founders, where the parents of the former are not included in the pedigree. At
locus z, the corresponding inheritance of alleles within the pedigree, from the
founders to the nonfounders, may be summarized through the binary-valued
inheritance vector v(z) (Donnelly, 1983),

’U(l’) = (p17m17p27m27"'7pnff7mnff)7 (1)

where p; and m; correspond to the i*" paternal and maternal meioses respec-
tively. In (1) each value may be defined to equal either 0 or 1 depending
on whether the corresponding allele originates from the grandfather or the
grandmother.

With respect to a genome € and assuming fully observable meioses,? the
genetic dogma of blockwise inheritance implies that the inheritance process,

v(x); x € Q,

changes only at so called crossovers. In our setting this means that the
corresponding meiosis, p; or m; for some ¢, switches between 0 and 1.

Now, simultaneously looking at a sequence of syntenic loci x = (21, 22. .., 2)),”
the corresponding joint inheritance may be described by the m x || inheri-
tance matriz,

v(x) = [o(@n)”, v(as)" .. v(ey)"] (2)

!This is referred to as the pedigree set. A pedigree is to be understood as a, possibly

multigenerational, tree-wise connected family.

2Tn other words infinitely many fully informative markers.

3This means that Vi,j € {1,2,...,[l|}, c¢(z;) = c(z;), where c¢(z) equals the chromo-
some where z is located.
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where the i row and ;' column correspond to the equally indexed meiosis
and inheritance vector respectively.

Remark 1. In (2) the columns are correlated according to the blockwise
inheritance and the assumption of syntenic loci. The strength of the correla-
tions depends on the corresponding genetic distances.

Given marker data MD(xz) at locus z, if the inheritance vector is fully
known or observable one speaks of fully informative data at x. Formulation-
wise equivalents are complete or perfect data. Given no or totally noninforma-
tive data all inheritance vectors are equally likely under the null hypothesis,
which follows from the Mendelian law of random inheritance. To quantify
information one introduces information measures, usually ranging from 0 (no
information) to 1 (complete information). One such locus-specific tmeasure
is the entropy-based information content presented in Kruglyak et al. (1996).
For further discussion on information measures in linkage analysis, see e.g.
Teng and Siegmund (1998) and Nicolae and Kong (2004).

Given the complete set of marker genotypes in the pedigree set, there are
two distinct ways of extracting inheritance information: (i) Using single-point
analysis, where for each locus x one uses only MD(z) when reconstructing
the inheritance distribution. (ii) Using multipoint analysis, where for each
locus x one uses all data MD(y), y € ¢(z), when defining the inheritance
distribution.

Remark 2. Information is lost, i.e. the information measure generally de-
creases, when facing missing genotypes, marker homozygosity and by using
single-point analysis.

1.2 Allele-Sharing and Score Functions

Nonparametric linkage analysis, as well as some other approaches, is based
on allele-sharing between individuals in a pedigree. The actual sharing
may be measured using the concepts: (i) Two individuals sharing one al-
lele identical-by-descent (IBD) if they have both inherited exactly the same
allele, i.e. an identical founder allele, from a common ancestor. (ii) Two indi-
viduals sharing one allele identical-by-state (IBS) if they have both inherited
a common allelic variant.

4See, for example, Haines and Pericak-Vance (1998) and Almgren et al. (2003).
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One may note that sharing an allele IBD implies sharing one allele IBS. We
will exclusively use, as most contemporary test statistics does, the concept
of IBD-sharing. Perhaps evidently, one is normally interested in increased
allele-sharing within phenotypes® since this generally indicates genetic linkage
between the corresponsing marker and disease loci.

Remark 3. Given the inheritance vector and pedigree structure, the IBD-
sharing in the pedigree is unambiguous, i.e. known with probability one.b In
other words, for a fized structure, it is completely explained by the corre-
sponding inheritance vector.

For the one-locus case test statistics may be based on an underlying score
function S(w), which assigns a number to each possible IBD-sharing structure
(through the inheritance vector). This may be generalized to the two-locus
case, where the underlying score function S(wy,ws), (wy,ws) € V x V| is
defined with respect to the joint IBD-sharing through two distinct inheritance
vectors.

Remark 4. Using data mining-terminology, a score function is used for
scoring patterns, in this case inheritance patterns (Hand et al., 2001).

The two most commonly used score functions are: (i) The function Spaiys,
which is based on summing IBD-sharing among all pairs of affected indi-
viduals within a pedigree. (ii) The function Sy, which is based on the
simultaneous IBD-sharing among all the affecteds in a pedigree.

Given the inheritance vector v, both Spus and S, (Whittemore and
Halpern, 1994; Kruglyak et al., 1996) are calculated using affecteds only.
One may refer to such functions as traditional score functions. Each tra-
ditional score function may be extended in several ways incorporating, for
instance, the set of unaffecteds into the analysis. For more information, see
Angquist (2006).

The relative performance of different score functions, in terms of statistical
power, depends on the underlying genetic disease model A and the pedigree
set structure. Given A it is possible to derive different kinds of optimal score
functions (McPeek, 1999; Hossjer, 2003, 2005) which then implicitly leads to
usage of both affecteds and unaffecteds. In applications the genetic model is

5Oftenly restricted to increased sharing among affecteds.
6Considering locus z, formally 3i : P(v(z) = w;]MD) = 1, w; € V, where V is the set
of possible inheritance vectors.
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most oftenly not fully known leading to extensive usage of, often traditional,
score functions which quite widely are accepted as intuitive, computationally
feasible and performance-wise robust with respect to \.

1.3 Test Statistics and Traditional Significance Calcu-
lations

In this context, to perform a statistical test the actual IBD-sharing in the
pedigree set is calculated and compared, through a properly chosen test
statistic, with the expected sharing under the null hypothesis. Through-
out, we will use and discuss the score function-based nonparametric linkage
(NPL) score approach described in, for instance, Kruglyak et al. (1996).
To ease interpretation and significance calculations we standardize, or al-
ternatively worded normalize, the underlying score function under H,.” The

standardized score function is used to calculate, at locus x, the pedigree-
specific NPL score,

Z(x) =) pul)S(w), weV, (3)
where the probabilities p,,(z) = P(v(z) = w|MD) constitutes the inheritance
distribution at x.

Remark 5. In (3) complete data corresponds to the simplified expression,
Jw: Z(x) = S(w); wevV,

i.e. in this case P(v(x) = w|MD)=1 for the only inheritance vector w con-
sistent with marker data MD.

For a pedigree set consisting of N pedigrees all pedigree-specific scores (3)
are combined into the (total) NPL score as,

Z(x) =) wZi(), (4)

"Formally, S(v) + (%), where ;1 and o2 are the mean and variance of S prior
to standardization under the null hypothesis Hy of no linkage. After standardization, we

have E(S|Hp) = 0 and V(S|Hp) = 1.
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where v, is the £ pedigree weight.®

Calculating the NPL score (4) with respect to a set of loci x € Q leads
to the stochastic NPL process Z(x) = {Z(z)}q. According to the blockwise
inheritance of chromosomal segments, NPL scores at syntenic loci are cor-
related. Considering a genome scan over (), to being able to deal with the
issue of inherent multiple testing one introduces the NPL process maximum
over (),

Zmax = max Z(x).

e

Now, significance calculations may be formulated and performed in a point-
wise or genome-wide context, using the test statistics Z = Z(z) and Z =
Zmax respectively. The actual computations may be based on using either
Monte Carlo simulation (Terwilliger et al., 1993; Angquist and Hossjer,
2004) or analytical approzimations (Tang and Siegmund, 2001; Angquist and
Hossjer, 2005).

Formally, for the score threshold 7', we define the significance level of a
test rejecting Hy when Z > T as,

a(T) = P(Z = T|Hy), (5)

when the null hypothesis is simple. Moreover, the corresponding power func-
tion,
B(T)=P(Z>TI\; X € Hy,

depends on the genetic model A\. Given a test result Z = z, one may calculate
the p-value associated with this result as p(z) = a(z).

2 Fuzzy Significance

Traditionally, using the rejection-based statistical testing paradigm one aims
at, in each case, finding a simple answer like: Does our data support a
rejection of our null hypothesis Hy or not? The same principle underlies the
somewhat generalized dogma of always, to almost any extent of effort, trying
to find a single p-value to represent findings through data.

Our usage of the concepts of fuzzy significance or fuzzy interpretations
corresponds to leaving this paradigm and adopting a more evidence-based

8To preserve the standardized properties, given perfect data, the weighting scheme
constraint Zszl 72 =11is used.
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data approach. Of course, this comes with both the joy of advantages and
at the cost of disadvantages. One may also note that we are not the first to
adopt this view in linkage analysis (Thompson and Geyer, 2005; Thompson,
2006). A more general discussion of statistical evidence and evidence-based
approaches is given in Taper and Lele (2004).

2.1 The Inheritance Distribution

When the inheritance distribution at a locus z,
pu(z) = P(v(z) = w|MD), weV, (6)

is not a one-point distribution® one faces imperfect data or, equivalently, the
inheritance vector at x is ambiguous.

In this case, for a single pedigree on a single chromosome, the joint in-
heritance distribution with respect to the inheritance matrix (2) may be
formulated as a latent variable problem. Here the marker data MD(z) is
the observable variable and the frue inheritance vector v(z) is the latent or
hidden variable (z € Q).

If using the Haldane map function (Haldane, 1919) one may interpret this
as a time-homogeneous hidden Markov model (HMM) (Rabiner, 1989; Cappé
et al., 2005). The actual computations of the joint inheritance distribution
may be performed using the so called Lander-Green algorithm and its exten-
sions (Lander and Green, 1987; Kruglyak et al., 1995; Kruglyak and Lander,
1998; Ziegler and Koenig, 2006).

The approach outlined here is an example of a multipoint analysis, i.e.
that one, if needed, uses marker data MD [¢(z)] from the whole chromosome
¢(z) when calculating the distribution v(z). If only using the actual marker
data MD(z) at locus z leads to performing a single-point analysis.

2.2 Revisiting the Standard Approach

To be able to perform a statistical test one needs to define a problem-wise
well-adjusted test statistic. How is that to be done in NPL-score based NPL
analysis when the inheritance distribution shows ambiguity? At locus =z,
the standard or traditional approach (3) is to take the expected value of the

In other words, when at least two distinct w-values have a positive probability given
marker data MD.
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pedigree-specific NPL scores with respect to the inheritance distribution at z,
recapitulating (4),

Z(x) = pu(@)S(w) = Ey[Sw)], weV, (7)

and then perform statistical tests or calculate p-values with respect to this,
or functions of this, expected-value based statistic.

Although the procedure in (7) seems reasonable it is to some extent an
arbitrary approach since no optimality behaviour is guaranteed. Moreover,
the loss of information is, so to speak, masked or hidden through taking the
expected value. Generally speaking, it may be argued that keeping the distri-
bution of NPL scores {py,(x), S(w); py(z) > 0} in (7) is in this sense an intu-
itive procedure. One such approach is given in Thompson and Basu (2003),
where the distribution of IBD-sharing-based scores are compared between
the actually found distribution and a Hy-simulated distribution conditioned
on the same marker model and data availability.

2.3 Randomized Tests

As a preface to the fuzzy p-value discussion we will briefly outline the pro-
cedure of randomized tests (Lehmann, 1959; Geyer and Meeden, 2005).

When facing discrete-valued data it is only possible to perform ezxact sig-
nificance tests on a countable number of distinct significance levels.!® For
the complementary set of significance levels one may, in order to achieve
exact significance tests, introduce randomness with respect to the testing
procedure.

Definition 1 (Randomized Test). Assume we want to perform a test on
significance level o with respect to the test statistic T(X), rejecting the null
hypothesis for large values of T(X). Assume that the statistic may attain a
finite number of values t; < ty--- < t,. Now, if

P(T(X)>t)=fi>a

and

P(T(X) > tiy1) = fir1 <,

107f the number of distinct outcomes is a finite number n, then the number of possible
distinct exact significance levels is n as well.
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attaining outcome T(x) = t; one may, in order to get an exact significance

a—fi

fit1—fi
Regarding the delicate outcome ¢; in Definition 1, one may note that this

test, reject the null hypothesis with probability (

in some sense relates to reversing the interpretation of p-values and dealing
with an artificial outcome occurring with probability zero. This outcome
may be seen as a hidden variable corresponding to the significance level «
that may be seen as having a two-point p-value distribution with respect to
fi and f;41 and their probabilities <ﬁ) and (fi:f’ﬂ)

Note that statistical testing with a fized «, i.e. rejection /non-rejection of

a null hypothesis, calls for randomization only when having outcome ¢;. If
instead letting v € [0, 1] being a variable one defines (two-point) p-value dis-
tributions with respect to the complete set of artificial scores corresponding
to the whole interval, from 0 to 1, of significance levels «.

2.4 The Inheritance Distribution-Based Fuzzy p-Value

Generally one may generalize the concepts of the preceding subsection as
follows:

Definition 2 (Fuzzy p-Value; General Version). Assume that we want to
base p-value calculations on a test statistic T'(X), where X is discrete-valued
and hidden, but partially observable through Y. This is to be interpreted as
that the probability distribution P(X|Y = y) is computable. Now one may
calculate a p-value distribution based on the set of scores T'(x;) given that
P(X =x;]Y =y) > 0.

In this paper we will apply Definition 2 to the same context as in Thomp-
son and Geyer (2005) and Thompson (2006). This means that we define X
to equal inheritance vectors v(x) in (1) or inheritance matrices v(x) in (2)
and Y to equal the marker data MD(x) or MD(Q2).!! In this case the p-value
distribution constitutes of the set of conditional p-values,

p(z|w) = a[S(w)],

which is based on all distinct inheritance vectors w with positive probability
given data, i.e the corresponding inheritance distribution (6), and the corre-
sponding conditional scores S(w) applied to the significance level function «
given in (5)

" This correspond to local and global testing respectively.
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Alternative descriptions, of more or less similarity to our approach, are
given in e.g. the following articles: Filzmoser and Viertl (2004) where the
fuzziness arises according to uncertainties (vagueness) in data itself'> and
Geyer and Meeden (2005) which primarily focuses on fuzziness according
to discreteness of data.!> A somewhat similar context is the construction of
Bayesian p-values (Meng, 1994), where the inheritance distribution-equivalent
corresponds to an underlying prior or posterior distribution. This may then
be interpreted as a p-value distribution reflecting significance calculations
under uncertainties with respect to specific parameters.

3 Fuzzy p-Values in Linkage Analysis

In Section 2.4 we introduced the fuzzy p-value distribution in the context
of linkage analysis. Here this procedure is outlined in more detail and fur-
ther extended. Moreover, complementary descriptive measures introduced
in order to summarize the distribution in convenient and simple ways are
introduced.

3.1 Properties and Interpretations

Given marker data MD, denote the number of consistent inheritance vectors
with |w]|. This gives us a sequence of p-values,

p(2|w), p(zlws), . .. p(2[w)w)),

with corresponding evidence-based weights py,,, D, - - - ,pw‘w‘.14 Of course,
compared to traditional single p-value calculations this p-value distribution
gives a different, more abstract and less direct significance answer. Though
the interpretation is in this sense vaguer one keeps all the true (non-transformed)
inheritance information, leading to a more complete picture. This corre-
sponds to a sliding focus from rejection-based hypothesis testing into a more
evidence-based data oriented context.

12Gee also, for instance, Grzegorzewski (2000, 2001).

I3They outline procedures of fuzzy alternatives and interpretations to both hypothesis
testing, construction of confidence intervals as well as in the context of p-values. Note the
correspondence to the concept of randomized tests in Section 2.3. This work was then
applied to several nonparametric tests in Geyer (2005).

1Vaguely speaking, the weights are evidence-based in the sense of facilitating views as:
"With probability p,,, the finding p(z|w;) is a valid or true interpretation.’
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Remark 6. One may note that if min; p(z|lw;) > a or max; p(z|lw;) < «
standard interpretations as non-rejection and rejection of corresponding sta-

tistical tests on level o is permissible.

3.2 Summarizing Measures

Given the p-value distribution one may construct summarizing measures
based on this distribution in order to produce more easily interpretable com-
plements to the distribution in itself. An unlimited number of alternatives

exists. Examples include:

- Calculating the p-value mean, 2@1 p(z|w;)pw,. This is similar but not
equivalent to (7). Note the correspondence to the Bayesian formation

of posterior means.

- Calculating specific quantiles of the p-value distribution, for instance,
the median or the first/third quartile. Due to discreteness one may use,
if needed, the randomization procedure previously described.

- Given a specific predefined probability level «, calculating ZwieA Duw;

where A = {w;; p(z|w;) < a}.

Puw; p(ztw:) | p(2*|wi) | p(2°|ws)
wy | 1/16 || 0.150 0.040 0.100
wy | 1/16 || 0.150 0.035 0.010
ws | 1/16 || 0.150 0.030 0.100
wy | 2/16 || 0.100 0.025 0.050
ws | 2/16 || 0.100 0.020 0.005
we | 2/16 || 0.100 0.015 0.050
wr | 3/16 || 0.050 0.010 0.050
wg | 4/16 || 0.010 0.005 0.005

Table 1: An artificial example of constructing an overall p-value distribution
based on three distinct score functions and 8 distinct inheritance vectors,

more or less probable, consistent with data.




4 AN ARTIFICIAL EXAMPLE 12

3.3 Extensions

Using the fuzzy p-value approach, i.e. the full p-value distribution, we do
not remove the uncertainty with respect to the evidence for linkage from our
findings. Apart from this uncertainty the final evidence also clearly depends
on the source responsible for producing them, i.e. the choice of score function.
The performance of a specific score function varies across true, but hidden,
genetic disease models. With this in mind it might seem appealing to merge
the p-value distributions produced using several distinct score functions into
an overall distribution.

Algorithm 1 (Overall p-Value Distribution). Assume |S| distinct score
functions.

Step 1 For each score function S7, j = 1,2,...,|S|, divide all corresponding
p-value weights with |S|. Explicitly, pl, — p,;/I1S|, i =1,2,...|w|.

Step 2 Merge all previously found p-values into an overall distribution. Ez-
plicitly, this distribution is based on p(z'|w;), 7 = 1,2,...,]S| and
i=1,2,..., |w|, with the corresponding new weights from Step 1.

One might note that: (i) The inheritance distribution is the same though
the score functions, and therefore the results, changes. This implies that
exactly the same inheritance vectors wy, ws, ..., w),|, and weights, are used
throughout Algorithm 1. (ii) Of course, not all p-values or corresponding
weights are numerically distinct. If not, the distribution is formed by sum-
ming the appropriate weights corresponding to similar p-values.

4 An Artificial Example

Next, we will give an artificial example in order to show how the techniques
outlined in this section works. The basic data in the form of p-values and
corresponding weights is given in Table 1 and the three individual, as well as
the overall, p-value distributions are displayed in Figure 1. Note that in this
case |S| =3 and |w| = 8.

Using some of the summarizing measures previously described in Sec-
tion 3.2 on these distributions gives: (i) The minimum p-values min; p(z|w;)
are 0.01, 0.005 and 0.005 in the three individual cases. (ii) The maximum
p-values max; p(z|w;) are similarily 0.15, 0.04 and 0.10. Here the second
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score functions produces results that may be interpreted as clear evidence
for rejecting a standard test for no linkage on the 5%-level. (iii) The mean
p-values Y . p(z|w;)py, are 0.0775, 0.0172 and 0.0369 respectively. The over-
all mean is 0.0439. (iv) Given the probability level & = 0.05 and letting
A = {wy;p(z|w;) < a} the probabilities Y, p, are 0.4375, 1 and 0.8750.
The overall probability is 0.7708.

In this case the three score functions provide us with quite similar results,
though the evidence for linkage is strongest using S?, followed by using S3
and S!. The overall evidence indicates, but is not truly convincing, possible
linkage at this (artificial) locus.

First score function Second score function
0.4 0.25
03 0.2
0.15
0.2
0.1
0 0
= 0 0.05 0.1 0.15 0.2 0 0.02 0.04 0.06
()]
‘©
= Third score function All score functions
0.5 0.25
0.4 0.2
0.3 0.15
0.2 0.1
0.1 0.05
. M
0 0.05 0.1 0.15 0.2 0 0.05 0.1 0.15 0.2
p-value

Figure 1: The three individual, and the merged overall, p-value distributions
with respect to the data given in Table 1.



REFERENCES 14

References

Almgren, P., Bendahl, P. O., Bengtsson, H., Hossjer, O. and Perfekt, R.
(2003). Statistics in genetics. Department of Mathematical Statistics:
Lund University.

Angquist, L. (2006). Some notes on the choice of score function in
nonparametric linkage analysis.  (Free download from homepage:
'http://www.maths.Ith.se/matstat/staff/larsa/’.)

Angquist, L. and Hossjer, O. (2004). Using importance sampling to improve
simulation in linkage analysis. Statistical Applications in Genetics and
Molecular Biology, 3(1:5). (Electronic journal, 24 pages)

Angquist, L. and Héssjer, O. (2005). Improving the calculation of statistical
significance in genome-wide scans. Biostatistics, 6(4), 520-538.

Cappé, O., Moulines, E. and Rydén, T. (2005). Inference in hidden Markov
models. New York: Springer.

Donnelly, K. P. (1983). The probability that related individuals share some
section of the genome identical by descent. Theoretical Population Bi-
ology, 23, 34-64.

Filzmoser, P. and Viertl, R. (2004). Testing hypotheses with fuzzy data:
The fuzzy p-value. Metrika, 59, 21-29.

Geyer, C. J. (2005). Fuzzy p-values and ties in nonparametric tests (Tech.
Rep.). Minneapolis: School of Statistics, University of Minnesota.

Geyer, C. J. and Meeden, G. D. (2005). Fuzzy and randomized confidence
intervals and p-values. Statistical Science, 20(4), 358-387. (With dis-
cussion.)

Grzegorzewski, P. (2000). Testing statistical hypotheses with vague data.
Fuzzy Sets and Systems, 112(3), 501-510.

Grzegorzewski, P. (2001). Fuzzy tests - defuzzification and randomization.
Fuzzy Sets and Systems, 118(3), 437-446.

Haines, J. L. and Pericak-Vance, M. A. (1998). Approaches to gene mapping
in complex human diseases. New York: John Wiley & Sons.



REFERENCES 15

Haldane, J. B. S. (1919). The combination of linkage values and the calcu-
lation of distances between loci of linked factors. Genetics, 8, 299-309.

Hand, D. J., Mannila, H. and Smyth, P. (2001). Principles of data mining.
Cambridge, Massachusetts: The MIT Press.

Hossjer, O. (2003). Determining inheritance distributions via stochastic
penetrances. Journal of the American Statistical Association, 98, 1035—
1051.

Hossjer, O. (2005). Information and effective number of meioses in linkage
analysis. Journal of Mathematical Biology, 50(2), 208-232.

Kruglyak, L., Daly, M. J. and Lander, E. S. (1995). Rapid multipoint linkage
analysis of recessive traits in nuclear families, including homozygosity
mapping. American Journal of Human Genetics, 56, 519-527.

Kruglyak, L., Daly, M. J., Reeve-Daly, M. P. and Lander, E. S. (1996).
Parametric and nonparametric linkage analysis: A unified multipoint
approach. American Journal of Human Genetics, 58, 1347-1363.

Kruglyak, L. and Lander, E. S. (1998). Faster multipoint linkage analysis
using Fourier transforms. Journal of Computational Biology, 5(1), 1-7.

Lander, E. S. and Green, P. (1987). Construction of multilocus genetic link-
age maps in humans. Proceedings of the National Academy of Sciences
of the United States of America, 85, 2363-2367.

Lehmann, E. L. (1959). Testing statistical hypotheses (First ed.). New York:
Wiley.

McPeek, M. S. (1999). Optimal allele-sharing statistics for genetic mapping
using affected relatives. Genetic Epidemiology, 16, 225-249.

Meng, X. L. (1994). Posterior predictive p-values. Annals of Statistics, 22,
1142-1160.

Nicolae, D. L. and Kong, A. (2004). Measuring the relative information in
allele-sharing linkage studies. Biometrics, 60, 368-375.



REFERENCES 16

Rabiner, L. R. (1989). A tutorial on hidden Markov models and selected
applications in speech recognition. Proceedings of the IEEE, 77(2),
257-286.

Tang, H. K. and Siegmund, D. (2001). Mapping quantitative trait loci in
oligogenic models. Biostatistics, 2, 147-162.

Taper, M. L. and Lele, S. R. (Eds.). (2004). The nature of scientific evi-
dence: Statistical, philosophical, and empirical considerations. Chicago
& London: The University of Chicago Press.

Teng, J. and Siegmund, D. (1998). Multipoint linkage analysis using affected
relative pairs and partially informative markers. Biometrics, 54, 1247—
1265.

Terwilliger, J. D., Speer, M. and Ott, J. (1993). Chromosome-based method
for rapid computer simulation in human genetic linkage analysis. Ge-
netic Epidemiology, 10, 217-224.

Thompson, E. and Basu, S. (2003). Genome sharing in large pedigrees:
Multiple imputation of IBD for linkage detection. Human Heredity, 56,
119-125.

Thompson, E. A. (2006). Uncertainty in inheritance: Assessing evidence for
linkage (Tech. Rep. No. 498). Department of Statistics, University of
Washington, Seattle, Washington.

Thompson, E. A. and Geyer, C. J. (2005). Fuzzy p-values in latent variable
problems (Tech. Rep. No. 481). Department of Statistics, University of
Washington, Seattle, Washington.

Whittemore, A. S. and Halpern, J. (1994). A class of tests for linkage using
affected pedigree members. Biometrics, 50, 118-127.

Ziegler, A. and Koenig, I. R. (2006). A statistical approach to genetic epi-
demiology: Concepts and applications. Weinheim: Wiley-WCH.



A TYPES OF SIGNIFICANCE 17

A Some Notes on Types of Significance Calcu-
lations

In this text we have not explicitly suggested which type of significance cal-
culations to perform. For instance one may: (i) Calculate p-values at all
included markers and then draw evidential conclusions. (ii) Choose one
marker according to some summarizing criterion, for instance using the stan-
dard genome-wide maximum Z,,,, based on (4), and then produce p-value
distributions at this marker.!®

One may also note that the actual significance figures may be presented
on either a pointwise or a genome-wide scale. We suggest the latter approach
which in a general sense, more or less, corrects for multiple testing according
to scanning through multiple markers.

150One may also use several interesting markers by adjusting the criterion to choose
markers corresponding to, for instance, the k largest standard NPL scores.



