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Summary

1t is well known that maximizing the maximum LOD
score over multiple parameter values or models (i.e., the
method of mod scores, or MMLS), will inflate type I
error, compared with assuming only one parameter
value/model in the linkage analysis. On the other hand,
a mod score often has greater power to detect linkage
than does a LOD score {Z) calculated under a wrong
genetic model. Therefore, it is of interest to determine
the actual magnitude of type I error in realistic genetic
situations. Simulated data sets with no linkage were gen-
erated under three dominant and three recessive single-
locus models, with reduced penetrance (f = .8, .5, and
.2). Data sets were analyzed for linkage by (1) maximiz-
ing over penetrance only, (2) maximizing over “domi-
nance model” (i.e., dominant versus recessive), and (3)
maximizing over both penetrance and dominance model
simultaneously. In (1), the resultant significance levels
were approximately doubled, compared with baseline
values if one had not maximized over penetrances (i.e.,
compared with a one-sided 3). In (2), significance levels
were increased somewhat less, and, in (3), they were
increased by approximately two to three times (but not
more than four times) over those of the one-sided 3.
This means that, for a given size of test o, an investigator
would need to increase the Z used as a test criterion, by
~0.30 LOD units for analyses as in (1) or {2) and by
0.60 Z units for analyses as in (3). These guidelines,
which are valid up to ~Z = 3.0, are conservative for
(1) and are very conservative for (2} and (3). By quanti-
fying the increase in significance level (or, correspond-
ingly, the increase in Z), our findings will enable users
to rationally assess the advantages versus the disadvan-
tages of mod scores.
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Introduction

The method of “mod scores” (Clerget-Darpoux et al.
1986; Clerget-Darpoux and Bonaiti-Pellié 1992), or
“MMLS” (“maximizing the maximum LOD score”;
Greenberg 1989), involves calculating the maximum
LOD score, Z,.,, for more than one genetic model, then
maximizing this result to obtain the maximized Z,,,
(max Z,,.,) over multiple models. The theoretical under-
pinnings and justification for this approach have been
discussed by several authors (e.g., see Elston 1989;
MacLean et al. 1993; Hodge and Elston 1994). The
major appeal of this method is its greater potential to
detect linkage, when the true mode of inheritance of the
disease is unknown. It is well known (e.g., see Clerget-
Darpoux et al. 1986; Greenberg and Hodge 1989;
Greenberg 1990; Vieland et al. 19924, 19925, 1993)
that, if one analyzes linkage under a single model, and
if that model happens to be far from the correct model,
one is considerably more likely to miss a true linkage
than if the correct model had been used. The same prob-
lem can arise with an affected-sib-pair method, which
Knapp et al. (1994) have shown to be statistically equiv-
alent to (i.e., have the same rejection region as) a LOD
score (Z) analysis assuming recessive inheritance (also
see Greenberg et al. 1996). On the other hand, if one
analyzes linkage under at least a couple of different ge-
netic models, one’s chance of detecting a true linkage
increases. "

There is no “free lunch,” and, obviously, as investiga-
tors consider more genetic models in this kind of analy-
sis, they will pay a price in increased probability of type
I error. If one were not maximizing over models or pa-
rameters, significance levels would be given by a one-
sided %3 (the subscript indicates the number of df); we
will refer to these as “baseline” significance levels. Cler-
get-Darpoux et al. (1990), Weeks et al. (1990), and
Risch (1991) have examined some aspects of this prob-
lem, but there has been no systematic investigation of
the significance levels that would result from judicious
use of mod scores.

In this study we used computer simulation to study
this issue. We generated data sets under six single-locus
models with reduced penetrance—three dominant (D)
models and three recessive (R) models—with no linkage
between the disease and the marker. We then analyzed
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the data in several ways: by (1) maximizing over pene-
trance only, (2) maximizing over “dominance model”
(i.e., D or R), and (3) maximizing over penetrance and
dominance model simultaneously. We compared the re-
sultant significance levels with each other and with the
baseline—that is, with the lower bound represented by
a one-sided ¥3.

Methods

Assumptions and Terminology

We considered simple single-locus D and R models
with reduced penetrance (f) and no sporadics. For all
models (both generating models and analysis models) we
assumed Hardy-Weinberg equilibrium, random mating,
and no epistasis or pleiotropy.

In what follows, the term “dominance model” refers
specifically to mode of inheritance—that is, in this
study, single-locus D model versus single-locus R mod-
els. The more-general term “model” (or “genetic
model”’) encompasses both mode of inheritance and the
value of f.

Generating Models

We generated data sets under three dominant (D)
models (D80, D50, and D20) and three R models (R80,
R50, and R20), where the number after “D” or “R”
indicates the percent penetrance, f = .8, .5, or .2. The
disease and marker were always unlinked, since we were
interested only in evaluating significance levels (P values)
in this study. Gene frequency of the disease allele was
always .01.

To begin, each simulation consisted of N = 1,000
data sets of 20 nuclear families each. For some analyses,
we generated additional, N = 1,000-2,000, data sets
of 20 families each, yielding a total of N = 1,000~
3,000 data sets for each analysis. Additionally, some
simulations examined data sets of 40 nuclear families
each; these simulations contained 500 data sets each.
The reasons for these choices are outlined below (see
Discussion). The nuclear families consisted of two par-
ents plus a variable number of children. The number of
children was determined by a family-size distribution
with the following conditional probabilities (condi-
tioned on there being at least two children): P(2) = .49,
P(3) = .18, P(4) = .13, P(5) = .08, and then diminishing
probabilities up to the maximum sibship size, P(10)
= .009. All matings were fully informative for the
marker. Families were selected for linkage analysis on
the basis of having at least two affected children. Data
sets were simulated by use of our extensively tested sim-
ulation program (Greenberg 1989; Durner and
Greenberg 1992), which uses a random process for each
step in the simulation (picking the mating type, family
size, segregation of alleles from parents to offspring,
etc.).
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Analysis Models

We investigated three different kinds of MMLS or
mod-score analyses: (1) that in which, for a fixed domi-
nance model, Z ., was maximized over penetrance; (2)
that in which, for a fixed penetrance, Z,,, was max-
imized over the two possible dominance models, D or
R; and (3) that in which Z,,, was maximized simultane-
ously over dominance model and penetrance. We used
LIPED (Ott 1974) to analyze linkage, with gene fre-
quency set at .01. Z values were calculated over a grid
of recombination values, 8 = 0, .02, .04, . .., .50, and,
for any given model, Z,, was chosen along that grid.

Before beginning the study proper, we first confirmed
that our simulated significance levels were following a
one-sided 3, as expected. We did this by performing
linkage analyses under the correct genetic model, includ-
ing penetrance. We also did confirmatory analyses under
one wrong genetic model (both wrong dominance model
and wrong penetrance), since significance levels for link-
age analysis assuming any one wrong model are still
asymptotically one-sided i (Williamson and Amos
1990). All these confirmatory analysis did yield signifi-
cance levels following a one-sided x3. We also performed
preliminary analyses under a different ascertainment
scheme, requiring (only) at least one affected child per
family. Results were indistinguishable from those found
when at least two affected children were required. Since
the latter scheme is more realistic for linkage studies,
these are the results that we present here. Moreover, we
had no reason to expect that we would have found ma-
jor differences if we had used “denser” ascertainment
schemes. We now describe the three parts of the study
in detail.

1. Maximizing Z .. over penetrance.—In this part of
the study, linkage was analyzed under either the right
dominance model (part 1a) or the wrong one (part 1b),
and the linkage analysis was repeated with 10 different
penetrance values, f = .1, .2, ..., .8,.9, .99. For each
assumed penetrance value, first Z was maximized over
the grid of 6 values, to yield Z,,,, for that assumed f;
then the resultant Z,,,, values were maximized over the
10 penetrances. This max Z,,,, was reported as the final
result. (Thus, max Z,, represents the largest of 10 Z,,,,
values.) All simulations using the right dominance model
(part 1a) consisted of either N = 2,000 data sets or N
= 3,000 data sets containing 20 nuclear families each;
these simulations then were repeated for 500 data sets,
containing 40 nuclear families each. The simulations
using the wrong dominance model (part 1b) consisted
of N = 1,000 data sets containing 20 families each.

2. Maximizing Z,,.x over dominance model.—A single
analysis penetrance value, f = .5, was chosen arbitrarily,
irrespective of the generating model used, since here we
were considering the effects of the dominance model
only. Linkage was analyzed under both the right and
wrong dominance models, both assuming f = .5. The
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Table 1
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Summary of All Analyses, Showing Which Assumptions Went into the Analysis Model and How Many Data Sets, N,
Were Simulated for Each Analysis

ANALYSIS MODEL (N) FOR

GENERATING

MODEL Part 1a* Part 1b Part 2 Part 3

D80 D, maximized over f R, maximized over f f = .5, maximized over D, R Maximized over D, R, f
(3,000) (1,000) (2,000) (1,000)

D50 D, maximized over [ R, maximized over f f = .5 maximized over D, R Maximized over D, R, f
(2,000) (1,000) (2,000) (1,000)

D20 D, maximized over [ R, maximized over f f = .5, maximized over D, R Maximized over D, R, f
(3,000) (1,000) (2,000) (1,000)

R80 R, maximized over f D, maximized over f f = .5, maximized over D, R Maximized over D, R, f
(2,000) (1,000) (2,000) (1,000)

R50 R, maximized over f D, maximized over f f = .5, maximized over D, R Maximized over D, R, f
(2,000) (1,000) (2,000) (1,000)

R20 R, maximized over f D, maximized over f f = .5, maximized over D, R Maximized over D, R, f
(2,000) (1,000) (2,000) (1,000)

NoTe.—Each data set contains 20 nuclear families.

» All analyses in part 1a also were repeated with 500 data sets of 40 families each.

larger of the two Z,,, values was reported as the max
Zax- Bach simulation consisted of N = 2,000 data sets
of 20 nuclear families each.

3. Maximizing Z,.. over penetrance and dominance
model.—Here Z,... was maximized over the same pene-
trance values as were used in (1), as well as over the
two possible dominance models. That is, the largest of
20 Z,.x values was reported as the max Z,,, value.
Each simulation consisted of N = 1,000 data sets of 20
families each. Table 1 summarizes all the analyses—
what their assumptions were and how many data sets
were simulated for each.

Presentation of Results

Observed significance levels, P(Z), were determined
as a function of max Z,,y, as follows: P(Z) = (number
of data sets yielding max Z,,., = Z)/N, where N repre-
sents the number of data sets generated for that simula-
tion. For parts 1 and 2, these significance levels were
plotted versus Z and were compared with corresponding
plots for a one-sided %3, denoted “';x3” in the figures;
for a two-sided x3, denoted “x3”; for half of a x3, de-
noted “x3”; and, for the mean of a i and a ¥3, denoted
“U(xi + x3).” For part 3, P(Z) was compared with tail
probabilities from 'y, x3, and "h(xi + x3) and with
twice a 3, denoted “2x1.” For the x> graphs, values
along the horizontal axis were transformed to a “LOD”
scale by dividing by 2In10 = 4.605.

For certain Z cutoff values of interest, we report tables
of our observed significance levels, with their 95% con-
fidence intervals. These confidence intervals are based on
the normal approximation to the binomial distribution,
except where N X observed significance level was <5, in
which case we calculated an exact binomial confidence

interval. These exact confidence intervals were two
sided, except when the observed number equaled 0, in
which case we gave a one-sided interval. We also tabu-
lated the approximate increase in Z needed to achieve
a given test size O.

Results

Maximizing Z ..« over Penetrance (Part 1)

For all simulations in this part of the study, the ob-
served significance levels matched those of a two-sided
%3 quite closely, within sampling variation. All curves
were essentially bounded below by ',xi and above by
Yyx3. These observations held whether data were ana-
lyzed under the right dominance model (part 1a) or the
wrong one (part 1b) and whether data sets consisted of
20 or 40 families each. Figure 1 shows significance levels
from two representative simulations (D80 and R80) in
part 1a, and figure 2 shows two representative simula-
tions (D20 and RS50) from part 1b. Thus, significance
levels were approximately doubled when Z,,,., was max-
imized over penetrance values, within either the right or
the wrong dominance model, compared with the base-
line.

Certain Z cutoff values are of particular interest. The
values Z = 0.59, 0.83, 1.17, and 1.44 correspond to
tests of size o = .05, .025, .01, and .003, respectively,
on the basis of a one-sided x> test with 1 df. Although
few linkage researchers would use the lower of these Z
values, it is nevertheless interesting to compare o with
the observed significance levels for these Z values. In
addition, the values Z = 2.0 and Z = 3.0 are routinely
used by human geneticists to indicate evidence for link-
age. Tables 2 and 3 give observed significance levels,
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Simulated significance levels for two representative simulations from part 1la, maximizing over penetrance, analyzed under

correct dominance model (table 2). Results are compared with tail probabilities from four x* cutves, as labeled. A, Generating model D80; N

= 3,000 data sets. B, Generating model R80; N = 2,000 data sets.

along with 95% confidence intervals, for these cutoff
values of Z. The results in the tables support the conclu-
sion from the figures—that significance levels are ap-
proximately doubled by maximizing Z.. over pene-
trance, within a single dominance model.

From another viewpoint, how much would an investi-
gator have to add, in LOD-score units, to the Z value
used as a test criterion, in order to achieve a desired test
size o> To approach this question, we took the two-
sided x? as the working approximation, and we esti-
mated x* values corresponding to selected values of a.
(For example, for o = .01, the one-sided ” is 5.4, which
corresponds to Z ~ 1.17 = 5.4/(2In10), whereas the
two-sided %? is 6.63 (= Z ~ 1.44). Thus, in this exam-
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Figure 2

ple, the increase A needed for Z is .27 = 1.44 — 1.17.)
Table 4 shows A values ranging from .24 when o = .05
to .29 when o = .0001. Thus, for Z values of interest
(up to ~Z = 3.0), it appears that adding 0.3 to the Z
value used as a test criterion is conservative.

Maximizing Z .., over Dominance Models (Part 2)

When Z... was maximized over D versus R, for a
fixed value of penetrance, significance levels were in-
creased over baseline—but, in most cases, less than in
part 1. When the generating model was D with high
penetrance (f = .8), significance levels were approxi-
mately doubled, but, for lower penetrances of generating
models and for R generating models, significance levels

Recessive 50%

-e- (DO + D)
-= /2

1
- Vi %

P-VALUE

05 10 15 20 25 30

Simulated significance levels for two representative simulations from part 1b, maximizing over penetrance, analyzed under

wrong dominance model (table 3). Comparison %* curves are same as in figure 1. A, Generating model D20; N = 1,000 data sets. B, Generating

model R50; N = 1,000 data sets.
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Table 2

Observed Significance Levels and Associated 95%

under Correct Dominance Model (Figure 1)

o? Z
Generated dominant, analyzed
dominant:
.05 59
025 .83
.01 1.17
.005 1.44
~.001 2.0
~.0001 3.0

Generated recessive, analyzed
recessive:

.05 59
.025 .83
.01 1.17
.005 1.44
~,001 2.0
~.0001 3.0

* Baseline values.
® Exact binomial confidence interval,

Table 3

Observed Significance Levels and Associated 95%

under Wrong Dominance Model (Figure 2)

ol Z

Generated dominant, analyzed
recessive:

.05 59
.025 .83
.01 1.17
.005 1.44
~.001 2.0
~,0001 3.0

Generated recessive, analyzed

dominant:
.05 .59
.025 .83
.01 1.17
.00s 1.44
~.001 2.0
~.0001 3.0

Confidence Intervals for Analyses from Part 1a,

P (95% CONFIDENCE INTERVAL)

D80 (N = 3,000)

D50 (N = 2,000)

.095 (.084-.105)
.051 (.043-.059)
023 (.017-.028)
.009 (.006~.012)

0 (0-.0010)°

.087 (.074-.099)
-045 (.036-.054)
-020 (.014-.026)
-012 (.007~.017)
.002 (.0005-.0051)®
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with Maximization over Penetrance,

FOR GENERATING MODEL

D20 (N = 3,000)

102 (.091~.113)
056 (.048-.064)
-026 (.020-.032)
017 (.012-.021)
003 (.001-.005)

0 (0-.0010)° 0 (0-.0015) 0 (0-.0010)"
R80 (N = 2,000) RS0 (N = 2,000) R20 (N = 2,000)

.070 (.059-.081)

.038 (.029-.,046)

-011 (.006-.016)

007 (.003-.011)

-002 (.0005-.0051)°
0 (0-.0015)"

-070(.059-.081)
044 (.035-.052)
-021(.015-.027)
-011 (.006-.015)
-003 (.001-.005)

0 (0-.0015)°

P (95% CONFIDENCE INTERVAL)

066 (.055-.077)
.039 (.031-.048)
018 (.012-.023)
011 (.006-.015)
.003 (.001~.005)

0 (.0-.0015)"

Confidence Intervals for Analyses from Part 1b, with Maximization over Penetrance,

D80

082 (.065-.099)

1046 (.033-.059)

019 (.011-.028)

014 (.007-.021)

.005 (.001-.009)
(

0 (0-.0030)

R80

-092(.074-.110)
048 (.035-.061)
-021(.012-.030)
-014 (.007-.021)
-002 (.0002-.0072)b
002 {.0002-.0072)b

D50

-092 (.074-.110)
-053 (.039-.067)
0224,

009 (.003-.015)
-001 (.0000-.0056)"

013-.031)

(
0 (0-.0030)"

.085 (.

-048 (.035-.061)
025 (.015-.035)
-011 (.005-.017)
-004 (.0011-.0102)®

R50

FOR GENERATING MODEL

D20

.085 (.068-.102)
046 (

022 (
.012 (.005~.019)
.003

-033-.059)
-013-.031)

(-0006-.0087)"
0 (0-.0030)

R20

068-.102)

0 (0-.0030)"

NOTE.—N = 1,000 for all analyses.
* Baseline values.
P Exact binomial confidence interval,

100 (.081-.119)
.054 (.040-.068)
.024 (.015-.033)
.013 (.006-~.020)
.003 (.0006~.0087)"

0 (0-.0030)®
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Table 4

Approximate New Values of Z to Be Used as Test Criterion,
and A in Z, for Given Values of a

NEw Z (A) FOR

o VA Parts 1 and 2 Part 3

.05 59 .83 (.24) 1.09 (.50)
025 .83 1.09 (.26) 1.35 (.52)
01 1.17 1.44 (.27) 1.71 (.54)
005 1.44 1.71 (.27) 1.99 (.55)
~.001 2.00 2.28 (.28) 2.56 (.56)
~.0001 3.00 3.29 (.29) 3.58 (.58)

2 Baseline values.
b For parts 2 and 3 these guidelines are very conservative; see Discus-
sion.

were only ~1.5 times higher than baseline. (On theoreti-
cal grounds, the maximum that asymptotic significance
levels could be increased in this part of the study is two
times; see Discussion.) Table 5 gives observed signifi-
cance levels and 95% confidence intervals for all simula-
tions, and figure 3 shows graphs of significance levels
for two representative simulations (D80 and R80). To
answer the question of how much to increase Z for a
given o, an investigator could use the same guidelines
as are used for part 1, on the basis of approximately
doubled significance levels (table 4), but should recog-
nize that, for part 2, these guidelines are more conserva-
tive than they were for part 1.

Table 5
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Maximizing Z ..x over Penetrance and Dominance
Model (Part 3)

When Z,,.. was maximized over the two dominance
models, D and R, and over penetrance within each
model, significance levels were increased approximately
two to three times over baseline, although somewhat
more when the generating model was D with high pene-
trance. On theoretical grounds, the maximum to which
asymptotic significance levels could rise would be the
sum of significance levels from parts 1a and 1b—that
is, not more than approximately four times over baseline
(see Discussion). Table 6 gives the results, and figure 4
shows graphs of significance levels for D50 and RSO0.
On the basis of this “4X” guideline, an investigator
would increase Z (up to Z = 3.0) by an increment of
0.50-0.58 (table 4). However, this guideline is very con-
servative (see Discussion).

Discussion

Summary of Findings

In parts 1 and 2, we maximized Z,,, over either pene-
trance model or dominance model but not over both.
Significance levels were approximately doubled in part
1 and were, at most, doubled in part 2, compared with
baseline significance levels from a one-sided yi. This
result corresponds roughly to going from a one- to a
two-sided 3. A doubling of significance levels corre-
sponds to increasing Z by ~0.24-0.29 (table 4). Thus,
for maximizing over penetrance (part 1), increasing Z
by 0.3 would be a conservative course of action in this

Observed Significance Levels and Associated 95% Confidence Intervals for Analyses from Part 2, with

Maximization over Dominance Model Only (Figure 3)

P (95% CONFIDENCE INTERVAL) FOR GENERATING MODEL

o z D80 D50 D20
.05 .59 .100 (.087-.113) .082 (.070-.094) 074 (.063-.085)
025 83 .050 (.040-.060) .047 {.038-.056) .041 (.032-.050)
01 1.17 017 (.011-.023) 018 (.012-.024) 016 (.011-.022)
.005 1.44 .008 {.004-.012) 012 (.007-.017) .008 (.004-.012)
~.001 2.0 .002 (.0005-.0051)° L0015 (.0003-.0044) .003 (.001-.005)
~.0001 3.0 0 (0-.0015) 0 (0-.0015)° 0 (0-.0015)°
R8O R50 R20
05 .59 .068 (.057-.079) .068 (.057-.079) 065 (.054-.076)
025 83 .039 (.031-.048) .032 (.024-.040) .035 (.027-.043)
01 1.17 016 (.011-.022) 017 (.011-.023) .015 (.010-.020)
.005 1.44 .010 (.006-.014) .008 (.004-.012) .010 (.006-.014)
~.001 2.0 .003 (.001-.005) .004 (.001-.007) .004 (.001-.007)
~.0001 3.0 .0005 (.0000~.0028)° .001 (.0001-.0036) 0 (0-.0015)

NOTE.—N = 2,000 for all analyses.
? Baseline values.
" Exact binomial confidence interval.
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Recessive 80%

e (DD
—— 2
- — /2%

05 10 15 20 25 30

Figure 3

05 10 15 20 25 30
MAX Zmax

Simulated significance levels for two representative simulations from part 2, maximizing over dominance model (table 5).

Comparison 2 curves are same as in figure 1. A, Generating model D80; N = 2,000 data sets. B, Generating model R80; N = 2,000 data

sets.

range of Z values (up to ~Z = 3.0) and would be even
more conservative for analyses maximizing only over
dominance model (part 2); also see below.

In part 3, Z,,,, was maximized over dominance model
and over penetrance, so significance levels were higher
than in either part 1 or part 2, rising to approximately
two to three times baseline values—or even slightly
higher, when the true generating model was D with high
penetrance. For this part of the study it is more difficult

Table 6

to give simple guidelines concerning how much to raise
the cutoff value of Z for a given test size o.. However,
very conservative upper limits of 0.50-0.58 LOD units
are shown in table 4, based on the 4X upper limit on
significance levels that has been described above in Re-
sults.

We did not perform true continuous maximization of
Z values; rather, we used a grid of 0 values for finding
Z.max and a grid of f values for maximizing Z.,,, in parts

Observed Significance Levels and Associated 95% Confidence Intervals for Analyses from Part 3, with
Maximization over Dominance Model and over Penetrance (Figure 4)

P (95% CONFIDENCE INTERVAL) FOR GENERATING MODEL

o’ z D80 D50 ’ D20
.05 59 170 (.147-.193) 153 (.131-.175) 131 (.110-.152)
.025 83 092 (.074-.110) .090 {.072-.108) .078 (.061-.095)
.01 1.17 .039(.027-.051) .033 (.022-.044) .036 (.025-.048)
.005 1.44 .025(.015-.035) .020 (.011-.029) .015 (.008-.023)
~.001 2.0 .006 (.001-.011) .006 (.001-.011) .003 (.0006-.0087)°
~.0001 3.0 0 (0-.0030)° 0 (0-.0030) 0 (0-.0030)°
R80 R50 R20
.05 .59 .104 (.085-.123) .107 (.088-.126) .086 (.069-.103)
.025 .83 .062 (.047-.077) .067 (.052-.082) .055 (.041-.069)
.01 1.17 .023 (.014-.032) .030 (.019-.041) .027 (.017-.037)
.005 1.44 .015 (.008-.023) .014 (.007-.021) .020(.011-.029)
~.001 2.0 .004 (.0011-.0102)" .002 {.0002-.0072) .006 (.001-.011)
~.0001 3.0 .002 (.0002-.0072)* .001 (.0000-.0056)" .002 (.0002-.0072)°

NoOTE.—N = 1,000 for all analyses.
2 Baseline values.
b Exact binomial confidence interval.
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1 and 3. However, this approximation should not affect
our findings noticeably. The 8 grid was quite fine (incre-
ments of .02). The f grid was coarser (increments of .1);
however, on the basis of both previous work (Greenberg
1989, 1990) and our observations in this study, Z,.x
as a function of assumed penetrance is relatively flat.
Moreover, as mentioned earlier, our confirmatory stud-
ies agreed with the predicted baseline significance levels
(results not shown but available on request).

Of the total of 38,000 20-family data sets in the whole
study, only 1 yielded a Z value >4.0, and only 10
yielded Z values >3.0. (The highest Z observed over all
maximizations was 4.89; the next highest was 3.76.)
Therefore, we do not attempt to give significance levels
for Z values >3.0; our sample sizes are too small.

It is well known, on the basis of common experience
(or see Clerget-Darpoux et al. 1986), that, in a linkage
analysis, moderate changes in gene frequency have little
impact on Z values. (This is in contrast to the potential
impact of gene frequency on estimates of 6; e.g., see
Clerget-Darpoux et al. 1986.) Since we were interested
in Z values here, not in estimating 0, we used just one
gene frequency in this study.

How generalizable are our simulation results? It is
true that we did not consider any generating models
other than D and R with high and low penetrances.
However, we do not believe that significance levels (as
opposed to power) would change much if the true model
were, say, intermediate or two-locus but were analyzed
as D or as R (e.g., see Greenberg 1990). Also, our previ-
ous work has shown that two-locus models can be ade-
quately approximated by an appropriate single-locus
linkage analysis (Vieland et al. 19924, 1992b, 1993).
But also of significance is that our results in the present
study were very similar when we analyzed data under
the wrong model (table 3). Thus, although it is possible
that the guidelines that we have derived here ultimately
may prove inaccurate for other genetic models, until
further work is done these guidelines should serve as
workable rules.

Theoretical Issues

The situation being considered here represents a diffi-
cult one in statistics—since it is a situation in which (at
least) one parameter which plays a role in the alternative
hypothesis is not defined under the null hypothesis. In
our application, penetrance is that parameter. This com-
plication arises because, under the null hypothesis of
“no linkage,” there is no information about penetrance
(Hodge and Elston 1994).

Intuitively, for our investigations in part 1, we might
expect the df to fall, in some sense, “between” the df for
a likelihood ratio (LR) test with one unspecified parameter
and the df for an LR test with two unspecified parameters;
that is, if the alternative hypothesis on 6 were two-sided,
we would expect the distribution of the LR statistic to lie
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between xZ and 3. In our case, since the alternative is one-
sided (8 < '), we would expect a distribution between
Yyx3 and Yh(x3 + x3). However, even this intuition may
not hold as a general statistical principle, although in
fact none of our analyses in part 1 exceeded 'h(x}
+ x3)—or even came close; see figures 1 and 2. We now
examine these theoretical issues further, first from the
viewpoint of correlated versus independent statistical
analyses, then by examining other approaches.

Correlated versus independent analyses.—As noted,
the one-sided i represents the baseline to which we
compare our findings. A priori, the significance levels in
parts 1 and 2 must be at least as great as baseline, since,
in both part 1 and part 2, the max Z,,, cannot be
less than the Z,,,, obtained from analysis under a single
genetic model. By similar reasoning, significance levels
in part 3 must be at least as high as the greater of those
in parts 1 and 2, since, in part 3, Z,,, was maximized
over both penetrance and dominance model but, in parts
1 and 2, was maximized over only one or the other.

However, it is not a priori obvious how much higher
the significance levels would be for any of the three
parts of this study. By maximizing Z,,.x over dominance
model and/or over penetrance, are we adding the equiva-
lent of 1 df? the equivalent of ', df? This is the question
that our study attempted to answer.

One way to think about these issues is to ask to what
extent different analyses performed on the same data set
are correlated. Consider the case in which an investiga-
tor performs two analyses on the data set, as in part 2.
Let p represent the baseline significance level associated
with the one-sided x,°. If the two analyses were indepen-
dent, the new asymptotic significance level would be 2p
— p% if the two analyses were negatively correlated, the
maximum possible would be 2p. A priori, we expect the
two analyses in part 2 to be positively correlated, which
is why the observed significance levels tend to be <2p
(or 2p — p*, which is indistinguishable from 2p). If any-
thing, it is surprising, for D models with high pene-
trance, that the significance levels are as close to 2p as
we have observed. This seems to imply that, for these
generating models and with our ascertainment scheme
(families with at least two affected children), many fami-
lies/data sets yield positive evidence for linkage when
they are analyzed under one dominance model but yield
negative or no evidence for linkage when they are ana-
lyzed under the other. This situation would lead to un-
correlated (or even negatively correlated) linkage analy-
ses in part 2. This also would explain why our observed
significance levels are higher for these same generating
models in the analyses in part 3.

As mentioned, we can put an upper bound of 2p on
the (asymptotic) significance levels in part 2, where p
represents the baseline significance level. However, in
part 1, where we maximize over 10 f values for each
model, this kind of reasoning is not helpful. These 10
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(table 6). Note that the comparison ¥ curves are different from those in the other figures. A, Generating model D50; N = 1,000 data sets. B,

values of f represent an approximation to maximizing
Over a continuous range of f values, and clearly these
analyses are highly positively correlated with each other.

Part 3 represents a “combination” of the other two
parts, in the sense that we are maximizing over both
dominance model and penetrance. However, the analy-
ses in part 3 also can be viewed as simply taking the
maximum of the two max Zna’s from parts 12 and 1b.
Hence, the significance level for part 3 cannot exceed
the sum of those from parts 1a and 1b, by the same
reasoning as has been used for part 2 above. Since sig-
nificance levels in parts 1a and 1b were, at most, approx-
imately doubled, we conclude that those in part 3 will
be increased, gt most, 4X. In fact, taking 4X as a guide-
line is quite conservative, as can be seen in table 6 and
figure 4 (see the tail probabilities for the 2x3 curve). The
guidelines for how much to raise the cutoff value of Z
(table 4) also are based on this reasoning and hence also
are very conservative.

Other theoretical approaches.—Davies (1977, eq.
[3.71) has considered this general statistical problem and
has derived an asymptotic upper bound on the signifi-
cance level of such a test. This result is a complex for-
mula that must be tediously evaluated for any particular
application. D. Rabinowitz (personal communication)
has calculated this upper bound for a simple genetic
model (D with reduced penetrance), in triads consisting
of one phase-unknown parent and two sibs.

These theoretical results of Davies and Rabinowitz
are asymptotic, and it is reasonable to ask how large
a data set we would need in order to use asymptotic
properties of the LR statistic. In part 1 of this study we
examined both 20-family and 40-family data sets. The
resultant distributions of significance levels were virty-
ally identical to each other, implying that a data set of

20 nuclear families of varying sizes is reasonably close
to asymptoticity for this kind of analysis. Hence we
considered only 20-family data sets subsequently. (The
40-family results are not shown in the tables or figures
but are available on request.)

In part 1a of this study, we generated larger numbers
of data sets (N = 2,000-3,000) in order to produce
confidence intervals narrower than what we would get
from N = 1,000 data sets. However, once we saw the
pattern that the results were following, N = 1,000
seemed sufficient for our analyses in part 1b. The runs
are time-consuming, and we did not wish to perform
more than were necessary to answer the question being
posed. For part 2, we simulated N = 2,000 data sets for
each generating model, to confirm the observed pattern
whereby significance levels were higher for data sets gen-
erated under D80 than for those generated under the
other models. For part 3, N = 1,000 data sets seemed
sufficient,

Practical Guidelines for Investigators

When analyzing complex genetic diseases for linkage,
the investigator often does not know the mode of inheri-
tance of the disease being studied. In this situation, sev-
eral approaches are available. One can choose a single
genetic model (perhaps based on evidence from family
studies or on a segregation analysis) and perform linkage
analysis based on that model. One can turn to affected-
sib-pair, affecteds-only, and other “nonparametric”’
methods. Or one can perform linkage analysis under the
assumption of two or more genetic models, which allows
the option of more intensive data exploration, as we
have recommended elsewhere (Hodge et al. 1993). Each
approach (and there are others, as well, not discussed
here) has its advantages and disadvantages. Our focus
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here is on the third course of action, calculating Z values
under multiple models. Previous research has shown
that, when the mode of inheritance is unknown, analyz-
ing data under different mode-of-inheritance assump-
tions has more power to detect linkage than does analyz-
ing data under a single genetic model (e.g., see
Greenberg and Hodge 1989; Greenberg 1990; Vieland
et al. 1992b; Greenberg and Berger 1994). Taking this
approach has the advantage of using more of the genetic
information available in a data set, thereby not only
increasing the chances of detecting linkage but also
yielding other information about the trait or disease,
such as mode of inheritance and penetrance. The disad-
vantage of this approach—that is, increasing the type I
error—is what we have attempted to quantify in this
study.

Several investigators have considered some aspects of
the increase in type I error when linkage is analyzed
under several models. Weeks et al. (1990) presented a
computer-simulation method for evaluating the inflation
in Z after Z,.. has been maximized over diagnostic
schemes and/or over penetrances. They presented rough
guidelines for “deflating” a Z of 3.0 by 0.3-1.0 units
but commented that “the bulk of the lod score inflation
is apparently due to maximization over diagnostic
schemes, rather than over penetrances” (Weeks et al.
1990, p. 242). Unfortunately, other investigators have
not preserved this distinction and have concluded from
the Weeks et al. work that they must deflate a Z of
3.0 by a whole LOD-score unit when maximizing over
penetrance. As we have shown here, however, even the
0.3 figure is already conservative if the user maximizes
only over penetrance or only over dominance model,
and a figure of 0.6 is very conservative if one maximizes
over both penetrance and dominance model. (It is also
important to note that the Weeks et al. work was not a
general simulation study but was based on a particular
published data set [Sherrington et al. 1988] involving
schizophrenia.) Clerget-Darpoux et al. (1990) focused
on what happens when Z,,, is maximized simultane-
ously over penetrance, diagnostic classification, and
multiple laboratories. They considered a single three-
generation pedigree, with a fixed distribution of affected
individuals within this pedigree, and they examined only
analyses under dominant modes of inheritance. They
found that type I errors were greatly increased when all
these multiple analyses were performed. Risch (1991)
derived a conservative correction (i.e., deflate Z ., by
logot, where ¢ is number of models) based on treating
all analyses as independent; however, as discussed
above, this is excessively conservative.

To some extent, the goal of these cited studies is to
provide a post hoc warning to readers, a warning with
which we strongly agree. As Clerget-Darpoux et al.
(1990, p. 245) say, “‘the significance of a LOD-score
value of 3 is very difficult to assess ... multiple tests
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may have been performed, voluntarily or otherwise.” In
other words, when one reads a linkage study reporting
a “significant” Z, in which the investigators have max-
imized Z values over multiple factors, the reader has no
reliable way to evaluate the finding. However, our goal
in this study is different. We are attempting to provide
investigators with guidelines to use before they under-
take their study. We do not advocate maximizing Z
values indiscriminately over all possible factors; rather,
we propose maximizing over a well-defined parameter,
such as penetrance, and/or maximizing over dominance
model. Our results here enable the investigator to accu-
rately evaluate the increase in significance level that will
result from such a course of action.

In summary, then, for Z values <3.0 and with the
potential limitations of our simulation studies kept in
mind:

1. For maximizing only over penetrance, significance
levels are approximately doubled. To achieve a given
probability of type I error, increase Z by ~0.3 LOD
units (conservative).

2. For maximizing only over two dominance models (D
vs. R), significance levels are increased by one and
one-half to two times. Use the 0.3-LOD-unit guide-
line above, but note that here it is very conservative.

3. For maximizing simultaneously over penetrance and
two dominance models, significance levels are in-
creased by 2-3 times in most cases—and certainly
not >4X. Increasing Z by 0.6 LOD units is very
conservative.

A prudent investigator may decide that it is worth max-
imizing Z.. over penetrance and/or over dominance
model, because these increases in significance levels (P
values) are relatively modest, in return for the higher
probability of detecting linkage.
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