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SUMMARY

The sample size necessary to detect a signi�cant gene × environment interaction in an observational
study can be large. For reasons of cost-e�ectiveness and e�cient use of available biological samples we
investigated the properties of sequential designs in matched case–control studies to test for both non-
hierarchical and hierarchical interactions. We derived the test statistics Z and V and their characteristics
when applied in a two-sided triangular test. Results of simulations show good agreement with theoretical
values for V and the type I error. Power values were larger than their theoretical values for very large
sample sizes. Median gain in e�ciency was about 27 per cent. For a ‘rare’ phenotype gain in e�ciency
was larger when the alternative hypothesis was true than under the null hypothesis. Sequential designs
lead to substantial e�ciency gains in tests for interaction in matched case–control studies. Copyright ?
2004 John Wiley & Sons, Ltd.
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1. INTRODUCTION

To study the association between a disease, for example cancer, and a genetic risk factor
or an environmental factor case–control studies can be designed and analysed. To adjust for
possible confounding factors a case can be matched to one or more controls by, for example,
ethnicity or age. Both genetic and environmental factors may contribute to the susceptibility
of disease and these factors may interact in their in�uence on the risk of disease [1]. Then
a gene–environment interaction can be interesting to explore. Interactions can be tested both
hierarchically by �rst including the main e�ects (for example G and E for a genetic and
an environmental factor) in the model and subsequently testing for the interaction between
these main e�ects (G×E), and non-hierarchically, thus modelling the interaction but not the
associated main e�ects. A non-hierarchical model can be of interest when both the genetic type
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and the exposure are required to increase the risk of disease [1, 2]. This kind of association
is discussed as model D [1].
Sample sizes necessary to detect signi�cant G×E interactions can be large when the oc-

currence of the genetic factor is rare [3]. Furthermore, when an increased risk does exist for a
genetic factor, the interaction is likely to be very moderate [4] and thus, again, large sample
sizes will be needed. Besides, epidemiological studies often use biological samples that are
limited in quantity or costly to obtain. These considerations make it essential to search for
study designs that make very e�cient use of available resources [5–8].
Matched case–control studies already require a smaller sample size than unmatched studies

under the same model speci�cations to study an association with disease [7, 9]. While matching
already leads to more e�cient designs in terms of �xed sample size, sequential methods may
reduce the average sample size even further [6, 7]. A sequential analysis tests the cumulative
data every time new information becomes available.
In the following we describe the test statistics we derived for the sequential analysis of

both hierarchical and non-hierarchical G×E interactions in matched case–control studies. We
investigated the e�ciency of these sequential analyses by simulations.

2. MODELS AND HYPOTHESES

In this paper, we assume a recessive bi-allelic disease with prevalence of the recessive allele
a equal to qa. Then a dichotomous disease phenotype can be de�ned from the three genotypes
AA, Aa and aa. The probability of the disease phenotype, P(G=1), equals q2a for aa and the
probability of no disease phenotype, P(G=0), equals 1 − q2a for AA or Aa. The probability
distribution for the dichotomous exposure variable is pe for exposure, i.e. P(E=1), and 1−pe
for no exposure, i.e. P(E=0). (Note that for a di�erent disease model the same methodology
can be applied by adjusting the probabilities of (no) disease phenotype.)

(a) G×E interaction in a non-hierarchical model: The likelihood for a non-hierarchical
interaction in a conditional logistic regression model, i.e. without main e�ects G and E,
can be written as

L(�GE)=
n∏
i=1

e�GEGi1Ei1

e�GEGi1Ei1 + e�GEGi2Ei2
(1)

where Gi1 and Ei1 denote the case information for genetic and environmental factors,
respectively, and Gi2 and Ei2 the control information, in the ith matched set.

(b) G×E interaction in a hierarchical model: The likelihood for a hierarchical interac-
tion in a conditional logistic regression model, i.e. with main e�ects G and E, can be
written as

L(�G; �E; �GE)=
n∏
i=1

e�GGi1+�EEi1+�GEGi1Ei1

e�GGi1+�EEi1+�GEGi1Ei1 + e�GGi2+�EEi2+�GEGi2Ei2
(2)

where Gi1 and Ei1 denote the case information for genetic and environmental factors,
respectively, and Gi2 and Ei2 the control information, in the ith matched set.
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3. THE SEQUENTIAL TESTS

For a sequential test as developed by Whitehead [10] to test the null hypothesis H0 : �=0
versus H1 : � �= 0 two test statistics are needed, the e�cient score statistic Z and Fisher’s
information V. Z is a cumulative measure for the exposure e�ect; V re�ects the amount of
information about � contained in Z . The parameter of interest � is standardized such that under
the null hypothesis it always equals 0. An example is the logarithm of the odds ratio for the
interaction. When the information of the genetic and environmental factors for a new case–
control set is obtained, new values for Z and V can be calculated. This is called a continuous
sequential analysis. Z and V can also be calculated when information on more than one
matched case–control set becomes available, a so-called group sequential analysis. Based on
Z and V a decision with respect to H0 is made. Therefore cumulative (Z; V )-values are plotted
in a graph forming a pathway. Critical boundaries that enable to make the decision are �xed
beforehand. These critical boundaries depend on the (two-sided) type I error 2�, the type II
error � and the parameter �R. �R is the expected value of the standardized parameter under the
alternative hypothesis H1. Each new (Z; V )-point is compared to the prede�ned boundaries.
We investigated the behaviour of the double triangular test (TT) [10] as a sequential test for
G×E interaction. This leads to one of three decisions (see Figure 1):
(i) enough evidence is obtained to reject the null hypothesis when the upper or lower bound-

ary is crossed, no more observations are necessary;
(ii) enough evidence is obtained to accept the null hypothesis when the inner wedge is

reached, no more observations are necessary;
(iii) more evidence is needed to come to a decision when the new point is still within the

boundaries, so more observations are necessary.

Figure 1. Decision areas for a double TT.
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Table I. Gene (G)× environment (E) interaction in a matched case–control set (G=0:
genetically not at risk, G=1: genetically at risk, E=0: not exposed, E=1: exposed).

Control

G=0 G=0 G=1 G=1
E=0 E=1 E=0 E=1

G=0 @
Case E=0

G=0 @
E=1

G=1 @
E=0

G=1 @ @ @
E=1

@: case–control pairs informative for a test on interaction.

The test statistics Z and V for a sequential test on interaction in a non-hierarchical model
on matched case–control data can be derived in a rather straightforward way [7, 10]. This
derivation is given in Appendix A.
For a sequential test on interaction in a hierarchical model on matched-case–control data

the test statistics Z and V are derived by �rst estimating the main e�ects in a conditional
logistic regression model without an interaction term on the available cumulative data [10]. The
estimated main e�ects are substituted as nuisance parameters so that Z and V can subsequently
be derived for the sequential test on interaction (see Appendix B).
In a matched case–control design only discordant sets are informative for the relation to

test. This means, for example, that when we study the e�ect of exposure, only matched
pairs with the case exposed and the control not, or vice versa, are informative for a pos-
sible association between an exposure factor and a disease. This aspect applies also to
tests on G×E interaction (see Table I). The fact that only discordant sets are informa-
tive in�uences the total number of matched sets necessary for a test on interaction. Based
on the conditional logistic regression model, the probability of a discordant pair equals
�disc =peq2a(1− peq2a)(� + 1)=(1 + peq2a(�− 1)) (see Appendix C), where � is the odds ra-
tio for the interaction term in the model, i.e. �= exp(�GE). We assume that the odds ratios
for the main e�ects of G and E are equal to 1.

4. FIXED SAMPLE SIZE DETERMINATION

Gauderman describes how the �xed sample size can be estimated for a test on G×E interac-
tion in a hierarchical model [3]. His calculations are based on a likelihood ratio test statistic
for a conditional logistic regression analysis of matched case–control data.
First the expected log-likelihood ‘1 = E(ln(L(�G; �E; �GE))), with L as de�ned in equation

(2), is maximized with respect to the observable phenotype and exposure data. This results
in expected MLEs �̂1G; �̂

1
E; �̂

1
GE and an expected log-likelihood ‘̂

1. Then, the expected log-
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likelihood ‘0 = E(ln(L(�G; �E))), under the null hypothesis (i.e. H0 :�GE =0) is maximized.
This leads to expected MLEs �̂0G; �̂

0
E and an expected log-likelihood ‘̂

0. The likelihood ratio
test statistic is de�ned as �=2(‘̂1−‘̂0). For N matched sets N� is the non-centrality parameter
of the �2-distribution under the alternative hypothesis H1. When both the genetic factor and
the environmental factor are dichotomous, the test on interaction has one degree of freedom
and N can be computed as N =(z� + z�)2=� with 2� as the (two-sided) type I error, � as
the type II error and zx as the standardized normal deviate exceeded with probability x. For
these calculations user-friendly software is provided [11].
We followed the same approach for a non-hierarchical model. Now the expected log-

likelihoods ‘1 = E(ln(L(�GE))) and ‘0 = E(ln(L(∅))) (the ‘null’ model), with L as de�ned
in equation (1), are maximized leading to the MLE �̂1GE and expected log-likelihoods ‘̂

1

and ‘̂0. Again the test on interaction has one degree of freedom and N can be calculated
as before.
The necessary �xed sample size for a test on interaction in a non-hierarchical model

can also be estimated using Whitehead’s test statistic V (Fisher’s information), V =(z� +
z�)2=(�GE)2 with �GE = �R= ln(�) under H1 [10]. The number of discordant matched case–
control sets is equal to Ndisc = 4V (see Appendix A). The total number of matched case–
control sets can be estimated by Ntot = 4V=�disc with �disc as the probability of a discordant
matched set.

5. SAMPLE SIZE DETERMINATION FOR A SEQUENTIAL TEST

When a sequential test is used, sample size is a stochastic variable and therefore cannot be
determined beforehand. Only an average or median estimate or other characteristics of its
distribution can be given. This estimate can be derived by multiplying the average or median
value for V by 4 and dividing it by the probability of a discordant set. (The computer program
PEST version 4 provides the average and median values for V [12].) A G×E interaction can
be tested continuously or group sequentially. In genetic laboratory determinations a 96-wells
plate is common for PCR-based genotyping. For a G×E interaction two wells are required
for each matched case–control set, one to determine the phenotype of the case and one to
determine the phenotype of the control, leading to a group size of, e.g. 44, when space is
also reserved for blank and control samples. A group sequential analysis will in general be
less e�cient in terms of sample size than a continuous sequential analysis. However, it may
be more e�cient in terms of cost or logistic (laboratory) considerations.
For a ‘rare’ gene a group size of 44 often contains no information to be able to estimate

the main e�ect of G in a hierarchical model. In these situations the group size was increased
to 3 ∗ 44.

6. DATA GENERATION AND SIMULATIONS

To investigate the performance of the test statistics simulation studies were carried out both
under H0 :�=1:0 and under H1 with a � of 1.5, 2.0 and 3.0, where � is the odds ratio for
the interaction term in the model. The odds ratios for the main e�ects G and E are assumed
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to be equal to 1. The two-sided type I error 2� was set equal to 0.05, the power 1 − � to
0.80 or 0.90, pe =P(E=1) to 0.25, and q2a=P(G=1) to 0.01 for a ‘rare’ phenotype or 0.40
for a ‘common’ phenotype. For each combination of � and P(G=1), a large population
of matched cases and controls was simulated. The probability of occurrence of the several
combinations of phenotype and exposure for both cases and controls was based on the law
of Hardy–Weinberg and the conditional logistic regression model.
For each combination of the power, the � and P(G=1) 2500 simulations were run on

random samples from the corresponding large population both under H0 and under H1. Simu-
lations were performed using the so-called Christmas tree correction [10]. Every simulation
run resulted in an average, median and 90th percentile for the information statistic V and
for the total number of case–control sets N . The fraction of simulations that resulted in the
rejection of H0 is an estimate of the type I error and the power of the test.

7. RESULTS OF SIMULATIONS

For the non-hierarchical interaction model both continuous and group sequential analyses were
simulated (Table II(a) and II(b)). For data with a ‘common’ phenotype (P(G=1)=0:40) and
� equal to 1.5 or 2.0 the simulation results agreed very well with the theoretical values for 2�
and 1−�. For � equal to 3.0 resulting signi�cance levels were about 0.05, but power values
were lower than the theoretical values. The median gain in number of matched case–control
sets necessary for a sequential test compared to Gauderman’s �xed sample size estimate was
about 25 per cent. For data with a ‘rare’ phenotype (P(G=1)=0:01) power values were
mostly larger than their theoretical values, especially for �=1:5. Median e�ciency gain was
about 22 per cent.
For the hierarchical interaction model only group sequential analyses were simulated (Ta-

ble III(a) and III(b)). For the data with a ‘common’ phenotype simulation results for all
�s resembled their theoretical values. Only for �=1:5 power values were larger than the
theoretical values. Median e�ciency gain as compared to Gauderman’s �xed sample size es-
timate was about 34 per cent. For data with a ‘rare’ phenotype power values were larger than
theoretical values, but signi�cance levels were about the theoretical value of 0.05. Median
e�ciency gain was about 30 per cent.
In general, for data generated under H0 the median e�ciency gain was smaller than that

under H1.

8. AN EXAMPLE

Breast cancer is caused by genetic factors, environmental factors or a combination of these
two in most cases. Van der Hel (submitted) investigated the combined e�ects of smoking and
genetic polymorphisms in relevant metabolic genes. She also looked at the cumulative e�ect of
putative at risk phenotypes on breast cancer risk. N -acetyltransferase 1 and 2 (NAT1, NAT2),
glutathione S-Transferase M1 (GSTM1) and T1 (GSTT1) are enzymes, involved in carcinogen
metabolisms. The genes coding for the NAT enzymes contain polymorphic sites, which cause
variable enzymatic activity. GSTM1 or GSTT1 null phenotype results in a complete lack of
enzymatic activity.

Copyright ? 2004 John Wiley & Sons, Ltd. Statist. Med. 2004; 23:3755–3771
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Table II. Results of 2500 simulations of sequential analyses on non-hierarchical interactions using a
double triangular test.

2� 1− � G�xed W�xed Nav Nmed N90 Vav Vmed V90 rej. fr.

(a) P(G=1)=0:40 and P(E=1)=0:25 (group size=44 sets)

OR =1:5
H0 0.05 0.80 Cont.seq. 698.2 656 970 31.50 29.50 43.50 0.040

Grp seq. 713.8 660 968 32.17 30.25 44.00 0.046
Theor. 707.6 662 975 31.84 29.80 43.89

0.90 Cont.seq. 948.9 884 1315 42.67 39.75 58.75 0.046
Grp seq. 960.3 924 1364 43.21 40.25 59.75 0.056
Theor. 947.8 887 1306 42.65 39.91 58.78

H1 0.05 0.80 910 891 Cont.seq. 595.3 568 916 31.67 30.50 48.00 0.806
Grp seq. 599.8 572 924 32.67 31.00 50.03 0.823
Theor. 598.2 572 926 32.05 30.67 49.61

0.90 1218 1193 Cont.seq. 737.1 692 1180 39.23 36.75 62.00 0.900
Grp seq. 722.2 660 1144 39.32 36.75 62.25 0.901
Theor. 724.8 681 1154 38.83 36.46 61.82

OR=2:0
H0 0.05 0.80 Cont.seq. 242.0 229 338 10.91 10.25 14.75 0.050

Grp seq. 255.4 220 352 11.55 11.00 15.75 0.044
Theor. 242.2 227 334 10.90 10.20 15.02

0.90 Cont.seq. 325.2 307 457 14.62 13.75 20.25 0.046
Grp seq. 339.8 308 484 15.24 14.25 20.75 0.048
Theor. 324.2 304 447 14.59 13.66 20.11

H1 0.05 0.80 282 266 Cont.seq. 184.5 175 284 11.32 10.75 17.00 0.802
Grp seq. 193.2 176 308 11.97 11.50 18.00 0.820
Theor. 178.8 171 277 10.97 10.50 16.98

0.90 378 357 Cont.seq. 222.7 211 350 13.68 13.00 21.25 0.909
Grp seq. 293.1 220 352 14.70 14.00 22.50 0.907
Theor. 216.6 203 345 13.29 12.48 21.15

OR=3:0
H0 0.05 0.80 Cont.seq. 97.8 92 143 4.43 4.00 6.00 0.048

Grp seq. 112.7 88 176 5.09 5.00 6.75 0.053
Theor. 96.4 90 133 4.34 4.06 5.98

0.90 Cont.seq. 129.5 122 189 5.79 5.50 7.75 0.046
Grp seq. 144.4 132 220 6.49 6.25 9.00 0.050
Theor. 129.1 121 178 5.81 5.44 8.01

H1 0.05 0.80 100 87 Cont.seq. 63.9 61 99 4.49 4.75 7.25 0.756
Grp seq. 73.6 88 88 5.60 5.75 8.00 0.774
Theor. 58.3 56 90 4.37 4.18 6.76

0.90 134 116 Cont.seq. 79.7 76 124 5.96 5.75 8.75 0.858
Grp seq. 89.9 88 132 6.81 6.75 10.25 0.882
Theor. 70.5 66 112 5.29 4.97 8.42
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Table II. Continued.

2� 1− � G�xed W�xed Nav Nmed N90 Vav Vmed V90 rej. fr.

(b) P(G=1)=0:01, P(E=1)=0:25 (group size=3× 44 sets)
OR =1:5
H0 0.05 0.80 Cont.seq. 27 034.2 25 564 37 799 31.97 30.25 44.75 0.060

Grp seq. 26 392.1 24 684 37 536 32.20 30.00 45.00 0.062
Theor. 25 472.0 23 840 35 112 31.84 29.80 43.89

0.90 Cont.seq. 36 413.8 34 522 50 558 42.99 40.50 59.28 0.048
Grp seq. 35 158.2 32 846 49 148 42.79 49.75 60.00 0.064
Theor. 34 120.0 31 928 47 024 42.65 39.91 58.78

H1 0.05 0.80 31312 30679 Cont.seq. 19 983.3 18 950 31 333 31.46 29.75 49.25 0.852
Grp seq. 21 614.6 20 856 32 736 33.64 32.50 50.75 0.748
Theor. 20 677.4 19 787 32 006 32.05 30.67 49.61

0.90 41918 41070 Cont.seq. 23 771.7 22 095 37 519 37.41 35.25 58.30 0.942
Grp seq. 27 208.9 25 828 42 284 42.54 40.50 65.75 0.846
Theor. 25 051.6 23 523 39 884 38.83 36.46 61.82

OR=2:0
H0 0.05 0.80 Cont.seq. 9303.1 8833 13 152 10.98 10.25 15.00 0.058

Grp seq. 8776.5 8338 12 408 11.01 10.25 15.00 0.046
Theor. 8720.0 8160 12 016 10.90 10.20 15.02

0.90 Cont.seq. 12 485.8 11 838 17 584 14.70 13.75 20.25 0.052
Grp seq. 11 689.6 11 000 16 192 14.58 13.38 20.25 0.050
Theor. 11 672.0 10 928 16 088 14.59 13.66 20.11

H1 0.05 0.80 9289 8759 Cont.seq. 5908.6 5655 9215 11.08 10.25 17.00 0.839
Grp seq. 6377.6 6116 9724 11.55 11.00 17.00 0.782
Theor. 5850.7 5600 9056 10.97 10.50 16.98

0.90 12436 11726 Cont.seq. 7065.8 6662 11 113 13.21 12.25 20.75 0.932
Grp seq. 7702.5 7260 11 968 13.93 13.25 21.53 0.886
Theor. 7088.0 6656 11 280 13.29 12.48 21.15

OR=3:0
H0 0.05 0.80 Cont.seq. 3741.1 3573 5426 4.40 4.00 6.00 0.047

Grp seq. 3524.3 3256 5324 4.42 4.00 6.25 0.054
Theor. 3472.0 3248 4784 4.34 4.06 5.98

0.90 Cont.seq. 4838.0 4586 7020 5.75 5.50 7.50 0.052
Grp seq. 4616.7 4400 6644 5.84 5.50 8.00 0.054
Theor. 4648.0 4352 6408 5.81 5.44 8.01

H1 0.05 0.80 3024 2622 Cont.seq. 1860.9 1758 2961 4.62 4.25 7.25 0.818
Grp seq. 1913.8 1804 2992 4.75 4.75 7.00 0.802
Theor. 1765.7 1689 2731 4.37 4.18 6.76

0.90 4048 3510 Cont.seq. 2272.7 2120 3589 5.58 5.00 8.75 0.919
Grp seq. 2337.6 2200 3652 5.80 5.50 8.75 0.901
Theor. 2137.4 2008 3402 5.29 4.97 8.42

Notation: G�xed: �xed sample size estimate according to Gauderman; W�xed: �xed sample size estimate ac-
cording to Whitehead; Nav: average number of case–control sets; Nmed: median number of case–control sets;
N90: 90th percentile of the number of case–control sets; Vav: average value for V ; Vmed: median value for V ;
V90: 90th percentile value for V ; rej. fr.: fraction of simulations that rejected H0.
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Table III. Results of 2500 simulations of sequential analyses on hierarchical interactions using a double
triangular test.

2� 1− � G�xed Nav Nmed N90 Vav Vmed V90 rej. fr.

(a) P(G=1)=0:40, P(E=1)=0:25 (group size=44 sets)

OR =1:5
H0 0.05 0.80 Grp seq. 1431.4 1364 1980 32.00 30.05 44.28 0.052

Theor. 31.84 29.80 43.89
0.90 Grp seq. 1933.6 1804 2684 43.29 40.30 60.01 0.061

Theor. 42.65 39.91 58.78
H1 0.05 0.80 2007 Grp seq. 1283.8 1232 2024 30.68 29.21 48.15 0.868

Theor. 32.05 30.67 49.61
0.90 2687 Grp seq. 1505.9 1408 2376 36.02 33.77 57.58 0.945

Theor. 38.83 36.46 61.82
OR=2:0
H0 0.05 0.80 Grp seq. 496.8 484 660 11.10 10.40 15.24 0.053

Theor. 10.90 10.20 15.02
0.90 Grp seq. 666.8 616 924 14.92 14.04 20.23 0.054

Theor. 14.59 13.66 20.11
H1 0.05 0.80 674 Grp seq. 461.0 440 704 11.29 10.81 17.33 0.802

Theor. 10.97 10.50 16.98
0.90 902 Grp seq. 538.7 484 880 13.20 12.45 20.94 0.912

Theor. 13.29 12.48 21.15
OR=3:0
H0 0.05 0.80 Grp seq. 213.0 220 308 4.66 4.44 6.31 0.051

Theor. 4.34 4.06 5.98
0.90 Grp seq. 277.7 264 396 6.11 5.72 8.40 0.045

Theor. 5.81 5.44 8.01
H1 0.05 0.80 270 Grp seq. 191.5 176 308 4.69 4.48 7.12 0.815

Theor. 4.37 4.18 6.76
0.90 361 Grp seq. 230.3 220 352 5.66 5.35 8.89 0.908

Theor. 5.29 4.97 8.42

(b) P(G=1)=0:01, P(E=1)=0:25 (group size=3× 44 sets)
OR =1:5
H0 0.05 0.80 Grp seq. 36 336.5 34 320 51 084 32.80 30.89 46.08 0.066

Theor. 31.84 29.80 43.89
0.90 Grp seq. 48 906.2 45 672 69 300 44.24 41.34 62.48 0.074

Theor. 42.65 39.91 58.78

H1 0.05 0.80 44 614 Grp seq. 28 704.1 27 324 44 484 30.97 29.22 48.14 0.888
Theor. 32.05 30.67 49.61

0.90 59 726 Grp seq. 33 674.7 32 076 52 549 36.35 34.65 56.48 0.968
Theor. 38.83 36.46 61.82

OR=2:0
H0 0.05 0.80 Grp seq. 12 380.0 11 748 17 292 11.14 10.50 15.33 0.057

Theor. 10.90 10.20 15.02

0.90 Grp seq. 16 478.5 15 444 22 968 14.86 13.83 20.64 0.064
Theor. 14.59 13.66 20.11
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Table III. Continued.

2� 1− � G�xed Nav Nmed N90 Vav Vmed V90 rej. fr.

H1 0.05 0.80 13 942 Grp seq. 8513.5 8052 13 332 10.13 9.59 15.89 0.915
Theor. 10.97 10.50 16.98

0.90 18 664 Grp seq. 11 545.6 11 088 17 952 14.07 13.48 21.87 0.887
Theor. 13.29 12.48 21.15

OR=3:0
H0 0.05 0.80 Grp seq. 4869.7 4620 6864 4.38 4.09 5.99 0.039

Theor. 4.34 4.06 5.98

0.90 Grp seq. 6487.0 6204 8976 5.88 5.53 8.10 0.043
Theor. 5.81 5.44 8.01

H1 0.05 0.80 4965 Grp seq. 3355.4 3168 5148 4.46 4.28 6.86 0.850
Theor. 4.37 4.18 6.76

0.90 6646 Grp seq. 3914.3 3564 6204 5.23 4.85 8.30 0.935
Theor. 5.29 4.97 8.42

Notation: G�xed: �xed sample size estimate according to Gauderman; Nav: average number of case–control
sets; Nmed: median number of case–control sets; N90: 90th percentile of the number of case–control sets;
Vav: average value for V ; Vmed: median value for V ; V90: 90th percentile value for V ; rej. fr.: fraction of
simulations that rejected H0.

Follow-up of a population-based screening program for early detection of breast cancer in
the Netherlands (DOM) revealed 942 women with incident breast cancer. One thousand control
women were randomly selected from the DOM-cohorts. As environmental factor the smoking
status of the women was assessed at baseline by a self-administered questionnaire. Women
were classi�ed as ‘never’ smokers or ‘ever’ smokers. The probability of being an ‘ever’
smoker was estimated as 0.30. When a woman had three or four putative phenotypes at risk
she was considered ‘susceptible’, otherwise she was not. The probability to be ‘susceptible’
was estimated as 0.30 (Van der Hel, submitted).
A total of 579 cases and controls could be matched on age. To detect an odds ratio equal to

2 with a hierarchical test on interaction, a two-sided signi�cance level 2�=0:05 and a power
1−�=0:80 a �xed sample size of at least 674 matched sets (according to Gauderman) would
be required. For a non-hierarchical test on interaction with the same speci�cations at least 290
(according to Whitehead) to 308 matched sets (according to Gauderman) would be required.
Cumulative data on cases and controls were analysed in the chronological order the cases
became apparent. Data were analysed sequentially with group sizes of 44 case–control sets.
The non-hierarchical test on interaction led to the acceptance of the null hypothesis (i.e.

no interaction between G and E) after 5 groups of data (=220 case–control sets of which
33 informative sets) were analysed (Figure 2(a)). Z was equal to −0:5 and V was equal to
8.25. The median unbiased estimate for � was 0.92 (95 per cent C.I. 0.46; 1.84).
Thus an e�ciency gain of about 29 per cent with respect to the �xed sample size was

reached by using a group sequential test.
The hierarchical test on interaction also concluded that there was no evidence for an in-

teraction between G and E after the analysis of nine groups of data (=396 case–control sets
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Figure 2. Results of a sequential double TT with 2�=0:05 and 1−�=0:80 to detect
an odds ratio �=2. Z is the e�cient score statistic; V is Fisher’s information. Each
× stands for the cumulative results of a group of 44 case–control sets. The curved
inner boundaries re�ect the Christmas tree correction [10]. (a) a non-hierarchical

interaction; and (b) a hierarchical interaction.

of which 73 were informative) (Figure 2(b)). Z was equal to 0.24 and V was equal to 9.56.
The median unbiased estimate for � was 1.11 (95 per cent C.I. 0.57; 2.19). The main e�ects
were estimated as odds ratios for G and E, ORG=1:173 and ORE =1:167. Here an e�ciency
gain of 41 per cent was reached by using a group sequential test instead of a �xed sample
test.

9. DISCUSSION

In this paper sequential tests for G×E interactions were developed. We emphasize that these
tests can also be applied in situations where gene × gene interactions are of interest. If the
prevalence of the susceptible gene is rare, the sample size necessary to detect a signi�cant
G×E interaction in an observational study can be (very) large. Note that sample sizes will
become even larger in case of gene × gene interactions.
If an increased risk does exist for the combination of a genetic and an environmental fac-

tor, its size is more likely to be moderate (odds ratio of 1.2–1.6) than large, thus requiring
a large number of observations [4]. As an alternative to a large study, many small studies
can be pooled. But pooling of small studies may be hampered by publication bias (i.e. pos-
itive �ndings are more likely to be published than negative �ndings) [4]. Therefore a large,
conclusive study to detect a moderate interaction would be preferred to a meta-analysis of
small studies.
For reasons of cost-e�ectiveness and e�cient use of available resources, like biological

samples, we investigated the properties of sequential designs in matched case–control studies
to test for interaction. Matched study designs already require smaller sample sizes than un-
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matched designs. Sequential tests require, on average, a smaller sample size than their �xed
sample size counterparts.
We derived the test statistics for sequential tests on hierarchical and non-hierarchical inter-

actions in matched case–control studies. For non-hierarchical interactions we compared results
of continuous and group sequential tests. The continuous sequential analyses re�ect the theo-
retical properties of the tests, while the group sequential tests re�ect more the way laboratory
analyses will be performed in practice.
For the non-hierarchical models we estimated �xed sample sizes according to Gauderman

and by using Whitehead’s expression for V. Di�erences between the two estimates arise
because Gauderman bases his calculations on the likelihood ratio test, while Whitehead uses
the score test. For the hierarchical models we could only estimate sample size following
Gauderman’s formula. E�ciency gains for the sequential tests were calculated with respect to
Gauderman’s �xed sample size estimate.
Results of our simulations for sequential tests showed a good agreement with theoretical

values for both types of interaction when a ‘common’ phenotype was assumed. E�ciency
gains ranged from 19 to 48 per cent for �s less than or equal to 2. Only for very small
studies (�=3) the gain was obviously less. For the ‘rare’ phenotype the gain in e�ciency
was largest for data generated under the alternative hypothesis. The probability of a discor-
dant, and thus informative, pair depends on the odds ratio and, especially when the phenotype
is ‘rare’, this leads to smaller values for �disc under H0 (when �=1) than under H1 (when
�¿1). This results sometimes in median estimates of the number of matched sets necessary
that are only slightly smaller or even somewhat larger than the �xed sample size estimate.
Because �disc is smaller under H0 than under H1, more case–control sets are needed under H0
than under H1 to get the same amount of information V .
In general, the larger studies in terms of sample size led to power values that were larger

than their theoretical values. Resulting signi�cance levels agreed well with their theoretical
values.
The ability of a sequential test to accept the null hypothesis was illustrated by the example

of the breast cancer data. A possible interaction with �=2 between genetic susceptibility and
smoking was tested non-hierarchically and hierarchically. Both sequential tests accepted the
null hypothesis without using all the available data. Gains of 29 and 41 per cent in the number
of matched sets (as compared to the �xed sample size) necessary to come to a decision were
reached for the non-hierarchical and hierarchical test, respectively.
Case-only designs are mentioned as alternative to matched case–control designs [2, 13, 14].

Gauderman shows that case-only designs can be more e�cient than matched case–control
designs to study (gene × gene) interaction [14]. Case-only designs require no selection of
controls, but they are only useful to test an interaction in the cases. They depend strongly
on the assumption that the genetic and the environmental factor are independent in the large
population. If that association has still to be examined, a (matched) case–control study yields
more information. If genetic and environmental main e�ects are also of interest or have to
be adjusted for, case-only designs are no option. Further work will show e�ciency gains of
the use of sequential designs in case-only studies and compare these e�ciency gains to those
from non-hierarchical models in matched case–control studies.
When biological samples are scarce or laboratory examinations are costly savings in sam-

ples, labour, and/or costs can be very valuable. Sequential tests can be very useful to handle
the available data e�ciently and can lead to considerable savings.
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When biological samples for controls are abundant, but those for cases are scarce, still
more e�ciency can be obtained by matching more than one control to a case [7, 15].

APPENDIX A: A NON-HIERARCHICAL INTERACTION MODEL

The likelihood for a non-hierarchical interaction in a conditional logistic regression model has
the form

L(�GE)=
n∏
i=1

e�GEGi1Ei1

e�GEGi1Ei1 + e�GEGi2Ei2

where Gi1 and Ei1 denote the case information for genetic and environmental factors, respec-
tively, and Gi2 and Ei2 the control information, in the ith matched set.
The logarithm of L(�GE) is equal to

‘(�GE)=
n∑
i=1

{�GEGi1Ei1 − ln(e�GEGi1Ei1 + e�GEGi2Ei2)}

Taking the �rst derivative with respect to �GE leads to

@‘=@�GE =
n∑
i=1

{
Gi1Ei1 − Gi1Ei1e�GEGi1Ei1 +Gi2Ei2e�GEGi2Ei2

e�GEGi1Ei1 + e�GEGi2Ei2

}

Substituting �GE =0 gives

@‘=@�GE(�GE =0)=
n∑
i=1

{
Gi1Ei1 − Gi1Ei1 +Gi2Ei2

2

}
=Z

Note that Z is the e�cient score statistic evaluated under the null hypothesis (�GE =0). Note
also that for the ith matched set

Zi=Gi1Ei1 − 1
2 (Gi1Ei1 +Gi2Ei2)=

1
2(Gi1Ei1 −Gi2Ei2)

For concordant case–control pairs both Gi1Ei1 and Gi2Ei2 equal 0 or both equal 1 (see Table
I) and Zi becomes 0; for discordant pairs Zi becomes +1

2 or − 1
2 .

The negative of the second derivative with respect to �GE is equal to

@2‘=@�2GE =
n∑
i=1



∑

j=1;2(GijEij)
2e�GEGijEij ·∑j=1;2e

�GEGijEij −
(∑

j=1;2GijEije
�GEGijEij

)2
(∑

j=1;2e
�GEGijEij

)2



Substituting �GE =0 gives

V =
n∑
i=1



∑

j(GijEij)
2 · 2−

(∑
j GijEij

)2
4




=
1
4

n∑
i=1
(Gi1Ei1 +Gi2Ei2)(2− (Gi1Ei1 +Gi2Ei2)):
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Note that V is Fisher’s information about � contained in Z . For concordant case–control pairs
both Gi1Ei1 and Gi2Ei2 equal 0 or both equal 1 (see Table I) and the contribution of the ith
matched set to V is therefore 0; for discordant pairs the contribution of the ith matched set
to V is 1

4 .

APPENDIX B: A HIERARCHICAL INTERACTION MODEL

The likelihood for a hierarchical interaction in a conditional logistic regression model has the
form

L(�G; �E; �GE)=
n∏
i=1

e�GGi1+�EEi1+�GEGi1Ei1

e�GGi1+�EEi1+�GEGi1Ei1 + e�GGi2+�EEi2+�GEGi2Ei2

where Gi1 and Ei1 denote the case information for genetic and environmental factors, respec-
tively, and Gi2 and Ei2 the control information, in the ith matched set.
This likelihood is identical to the likelihood of �tting a logistic regression model to a set

of data with constant response, no intercept and di�erences between the corresponding values
for case and control for G, E and GE:

L(�G; �E; �GE)=
n∏
i=1

e�G�Gi+�E�Ei+�GE�GEi

1 + e�G�Gi+�E�Ei+�GE�GEi

where �Gi=Gi1–Gi2 (the di�erence between the case value Gi1 and the control value Gi2),
�Ei=Ei1–Ei2 (the di�erence between the case value Ei1 and the control value Ei2) and
�GEi=Gi1Ei1–Gi2Ei2 (the di�erence between the case value Gi1Ei1 and the control value
Gi2Ei2).
The logarithm of L(�G; �E; �GE) is equal to

‘(�G; �E; �GE)=
n∑
i=1

{�G�Gi + �E�Ei + �GE�GEi − ln(1 + e�G�Gi+�E�Ei+�GE�GEi)}

The �rst-order derivative with respect to �GE is

@‘=@�GE =
n∑
i=1

{
�GEi − �GEie�G�Gi+�E�Ei+�GE�GEi

1 + e�G�Gi+�E�Ei+�GE�GEi

}
(B1)

To test the null hypothesis H0 : �GE =0 sequentially, we will have to derive Z and V
statistics, that are adjusted for the main gene (G) and environmental (E) e�ects. Therefore,
we derived estimates for �G and �E by �tting the reduced model (i.e. a model without the
interaction term) in a logistic regression analysis [10, Chapter 7.5].
Substituting the obtained estimates bG and bE for �G and �E and �GE =0 in (B1) leads to

Z =
n∑
i=1

{
�GEi − �GEiebG�Gi+bE�Ei

1 + ebG�Gi+bE�Ei

}

=
n∑
i=1

{
�GEi

(
1− ebG�Gi+bE�Ei

1 + ebG�Gi+bE�Ei

)}

Copyright ? 2004 John Wiley & Sons, Ltd. Statist. Med. 2004; 23:3755–3771



SEQUENTIAL TESTS FOR GENE–ENVIRONMENT INTERACTIONS 3769

Note that Z equals the sum over all non-zero values for the variable of interest (�GEi)
times the di�erence between the constant response (=1) and the �tted value for a logistic
regression model with covariates �Gi and �Ei, a constant response and no intercept term.
To derive Fisher’s information V we have to work out the second derivatives of the log-

likelhood with respect to the parameter of interest �GE .
We simplify the notation by denoting �i for exp(�G�Gi + �E�Ei + �GE�GEi).

@2‘=@�2GE =
n∑
i=1

{
− (�GEi)

2�i(1 + �i)− (�GEi�i)2
(1 + �i)2

}

=
n∑
i=1

{
(�GEi)2

�2i − �i(1 + �i)
(1 + �i)2

}
=

n∑
i=1

{
(�GEi)2

−�i
(1 + �i)2

}
(B2)

@2‘=@�GE@�G =
n∑
i=1

{
− (�GEi)�Gi�i(1 + �i)− (�GEi�i)(�Gi�i)

(1 + �i)2

}

=
n∑
i=1

{
�GEi�Gi

�2i − �i(1 + �i)
(1 + �i)2

}
=

n∑
i=1

{
�GEi�Gi

−�i
(1 + �i)2

}
(B3a)

@2‘=@�GE@�E =
n∑
i=1

{
− (�GEi)�Ei�i(1 + �i)− (�GEi�i)(�Ei�i)

(1 + �i)2

}

=
n∑
i=1

{
�GEi�Ei

�2i − �i(1 + �i)
(1 + �i)2

}
=

n∑
i=1

{
�GEi�Ei

−�i
(1 + �i)2

}
(B3b)

The information V is equal to −[l��(�; ’)−{l�’(�; ’)}′·{(l’’(�; ’)}−1·{l�’(�; ’)}] [10], where
�=�GE is the parameter of interest and ’=(�G; �E)′ is the vector of nuisance parameters.
Thus

l��(�; ’) = @2‘=@�2GE

{l�’(�; ’)}′ = {@2‘=@�GE@�G; @2‘=@�GE@�E}′

l’’(�; ’) =

(
@2‘=@�2G @2‘=@�G@�E

@2‘=@�E@�G @2‘=@�2E

)
(B4)

Substituting �=0 and ’∗=(bG; bE)′ into the expression for V leads for the separate parts
of this equation to: (B2) this second derivative is equal to the negative of the sum over
all non-zero values for �GEi times pi(1− pi) with pi= �̂i=(1 + �̂i); (B3a) and (B3b) these
second derivatives are the negative of the sum over all non-zero values for �GEi times the

Copyright ? 2004 John Wiley & Sons, Ltd. Statist. Med. 2004; 23:3755–3771



3770 I. VAN DER TWEEL AND M. SCHIPPER

covariates �Gi and �Ei, respectively, times pi(1 − pi); (B4) this matrix is the covariance
matrix of the parameter estimates for the �t of a logistic regression model with covariates
�Gi and �Ei, a constant response and no intercept term. (See also Reference [10, Section
7.6.2] for the derivation of Z and V ).
(N.B. The same values for Z and V are derived for the conditional logistic regression model

when a Cox PH regression model with strata is used to estimate the nuisance parameters.)

APPENDIX C

We de�ne pe =P(E=1), q2a=P(G=1) and �= exp(�GE).
We assume that the odds ratios for the main e�ects of G and E are equal to 1.
For the controls the following holds:

P2(G=0 ∩ E=0)= (1− pe)(1− q2a)

P2(G=0 ∩ E=1)=pe(1− q2a)

P2(G=1 ∩ E=0)= (1− pe)q2a
P2(G=1 ∩ E=1)=peq2a

For the cases the following holds:

P1(G=0 ∩ E=0)= (1− pe)(1− q2a)eb0

P1(G=0 ∩ E=1)=pe(1− q2a)eb0

P1(G=1 ∩ E=0)= (1− pe)q2aeb0

P1(G=1 ∩ E=1)=peq2a�eb0

with

eb0 =
1

1 + peq2a(�− 1)
resulting in

�disc = P1(G=1 ∩ E=1)[P2(G=0 ∩ E=0) + P2(G=0 ∩ E=1) + P2(G=1 ∩ E=0)]

+P2(G=1 ∩ E=1)[P1(G=0 ∩ E=0) + P1(G=0 ∩ E=1) + P1(G=1 ∩ E=0)]

=
peq2a(1− peq2a)(� + 1)
1 + peq2a(�− 1)
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