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INTERACTIONS

The concept of “interaction” appears in numerous settings where a statistical

analysis is used to throw light on complex biological systems

Loosely defined:

One variable modifies the effect of another variable

Thus, sometimes referred to as an “Effect modifications”

... but is that actually the same?

For instance:

Smoking may be more dangerous to men than to women

Vaccination may be more “useful” for older people than for younger

A fetal gene might act differently depending on whether it is inherited

from the mother or the father
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INTERACTIONS

Consider the effect of X1 on Y

Does the effect change over levels of another variable X2?

Some questions:

What is the “correct” way of defining and measuring interactions?

How does a statistical interaction reflect the underlying biological

processes, for instance interactions at a molecular level?

What are gene-gene (epistatsis) and gene-environment interactions?

How do interaction analyses increase the required sample size of a

study?

Are statisticians good at social interactions?

Avoiding the last question, we will see that the answers to the others are

sometimes simple, sometimes complex.
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INTERACTIONS, RISK DIFFERENCE (RD)
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INTERACTIONS, RELATIVE RISK (RR), SCALE DEPENDENCE
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INTERACTIONS, QUALITATIVE
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INTERACTIONS VERSUS CONFOUNDING
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INTERACTIONS VERSUS CONFOUNDING
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NOTE

If

X1 changes the effect of X2 on Y

then always

X2 changes the effect of X1 on Y

BUT if

X1 reverses the effect of X2 on Y (i.e. “qualitative interaction”)

then it is not necessarily the case that

X2 reverses the effect of X1 on Y

(Sigh...)
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INTERACTIONS, BINOMIAL REGRESSION

Logistic model (logit link):

logit(p) = β0 + β1x1 + β2x2 + β3 x1 · x2︸ ︷︷ ︸
interaction

Relative risk model (log link):

log(p) = β0 + β1x1 + β2x2 + β3 x1 · x2︸ ︷︷ ︸
interaction

Additive model (identity link):

p = β0 + β1x1 + β2x2 + β3 x1 · x2︸ ︷︷ ︸
interaction
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INTERACTION: HETEROGENEITY MODEL (INDEPENDENT ACTION)

D2

D1

D

X2

X1

0/1

0/1

β2

β1

P(D) = P(D1 ∪D2) = P(D1) + P(D2) − P(D1 ∩D2)

P(D1) = β1X1 P(D2) = β2X2

P(D) = β1X1 + β2X2 − β1β2 X1 · X2︸ ︷︷ ︸
β3=−β1β2

Interaction on an additive scale but components act independently!
Håkon K. Gjessing (NIPH) Interactions: Examples and interpretations Makerere, Friday, 9 June 2023 9 / 35



INTERACTION: HETEROGENEITY MODEL (INDEPENDENT ACTION)
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β2

β1

P(D) = P(D1 ∪D2) = P(D1) + P(D2) − P(D1 ∩D2)

Additiv for log(1 − p)

1 − P(D) = (1 − β1X1)(1 − β2X2)

Håkon K. Gjessing (NIPH) Interactions: Examples and interpretations Makerere, Friday, 9 June 2023 9 / 35



INTERACTION: HETEROGENEITY MODEL (INDEPENDENT ACTION)

D2

D1

D

X2

X1

0/1

0/1

β2

β1

P(D) = P(D1 ∪D2) = P(D1) + P(D2) − P(D1 ∩D2)

Multiple loci:

P(D) = P(D1 ∪ · · · ∪DK) = 1 −
∏
i

(1 − P(Di)) = 1 −
∏
i

(1 − βiXi)
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GENETIC INTERACTION MODELS: ALLELE INTERACTIONS
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GENETIC INTERACTION MODELS: ONE NECESSARY LOCUS
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GENETIC INTERACTION MODELS: X-INACTIVATION
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Håkon K. Gjessing (NIPH) Interactions: Examples and interpretations Makerere, Friday, 9 June 2023 12 / 35



MULTIPLICATIVE VERSUS ADDITIVE

Assume:

Baseline risk 4%

RD = 1% risk difference for both X1 and X2

RR = 1.25 relative risk for both X1 and X2

Additive risk
X2

0 1

X1
0 4% 4% + 1% = 5%

1 4% + 1% = 5% 4% + 1% + 1% = 6%

Multiplicative risk

X2

0 1

X1
0 4% 4% · 1.25 = 5%

1 4% · 1.25 = 5% 4% · 1.25 · 1.25 = 6.25%
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MULTIPLICATIVE VERSUS ADDITIVE

Assume:

Baseline risk 4%

RR = 1.25 relative risk for both X1 and X2

RD = 1% risk difference for both X1 and X2

When X1 = 1 and X2 = 1:

ADDITIVE RISK

4% + 1% + 1% = 4% · (1 + 0.25 + 0.25) = 6%

MULTIPLICATIVE RISK

4% · (1 + 0.25) · (1 + 0.25) = 4% · (1 + 0.25 + 0.25 + 0.0625) = 6.25%

Difference is small when effect is “small” compared to baseline risk
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DO “CANONICAL” INTERACTIONS EXIST?
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INTERACTIONS: ALL COMBINATIONS

Exposures: X(0/1) and Z(0/1) Response: 0/1
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INTERACTIONS: STATISTICAL VERSUS “BIOLOGIC”??

According to Rothman & Greenland:

Statistical interaction

Departure from additivity on any given scale

“Biologic” interaction

Additivity on risk scale

X = 1 X = 0 X = 1 X = 0

Z = 1 Z = 1 Z = 0 Z = 0

2∗ 1 1 1 0 Single plus joint causation by X = 1 and Z = 1

3∗ 1 1 0 1 Z = 1 blocks X = 1 effect (preventive antagonism)

Example, 2∗ :

Z is a fatal traffic accident

X is heavy smoking

Outcome is death

Dying in a traffic accident prevents death from smoking...

Is that “biologic interaction”??
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ACTUALLY ONLY 4 BASIC STRUCTURES POSSIBLE

0 = no outcome

1 = outcome

Z

0 1

X
0 1 1

1 1 1

Z

0 1

X
0 0 1

1 1 1

Z

0 1

X
0 0 0

1 1 1

Z

0 1

X
0 0 1

1 1 0

Non-interactions Interactions
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CAUSAL PIE (IN THE SKY)

You will eat, bye and bye,

In that glorious land above the

sky;

Work and pray, live on hay,

You’ll get pie in the sky when

you die

“The Preacher and the Slave” by Joe Hill
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INTERACTIONS: WHO SAID IT WAS EASY?
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Abstract
There are 512 two-locus, two-allele, two-phenotype, fully

penetrant disease models. Using the permutation be-

tween two alleles, between two loci, and between being

affected and unaffected, one model can be considered to

be equivalent to another model under the corresponding

permutation. These permutations greatly reduce the

number of two-locus models in the analysis of complex

diseases. This paper determines the number of nonre-

dundant two-locus models (which can be 102, 100, 96,

51, 50, or 58, depending on which permutations are

used, and depending on whether zero-locus and single-

locus models are excluded). Whenever possible, these

nonredundant two-locus models are classified by their

property. Besides the familiar features of multiplicative

models (logical AND), heterogeneity models (logical

OR), and threshold models, new classifications are add-

ed or expanded: modifying-effect models, logical XOR

models, interference and negative interference models

(neither dominant nor recessive), conditionally domi-

nant/recessive models, missing lethal genotype models,

and highly symmetric models. The following aspects of

two-locus models are studied: the marginal penetrance

tables at both loci, the expected joint identity-by-descent

(IBD) probabilities, and the correlation between marginal

IBD probabilities at the two loci. These studies are useful

for linkage analyses using single-locus models while the

underlying disease model is two-locus, and for correla-

tion analyses using the linkage signals at different loca-

tions obtained by a single-locus model.
Copyright © 2000 S. Karger AG, Basel

Introduction

Disease models involving two genes, usually called
‘two-locus models’ [e.g. ref. 41, 64], have been widely used
in the study of complex diseases, including likelihood-
based linkage analysis [34, 48, 61, 77], allele-sharing-
based linkage analysis [9, 17, 24, 39, 46, 75], marker-asso-
ciation-segregation method [4, 14], weighted-pairwise
correlation method [94], variance component analysis
[84–86], recurrence risk of relatives [67, 74, 88], and
segregation analysis [16, 18, 19, 31, 32, 35]. Besides
human genetics, two-locus models have also been used in
the study of evolution, as well as in genetic studies of
inbreeding animals and plants.

Using two-locus models is a natural choice if the un-
derlying disease mechanism indeed involves two or more
genes, though there have been extensive discussions on
the power of using single-locus models for linkage analysis
in that situation [15, 29, 30, 33, 36, 40, 69, 78, 79, 87, 89,
90]. Also, two-locus models have frequently been used in
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INTERACTIONS: WHO SAID IT WAS EASY?

Example 1:

Locus 2

bb bB BB

aa 0 0 0

Locus 1 aA 0 0 0

AA 0 0 1

0 = no disease

1 = disease

Example 2:

Locus 2

bb bB BB

aa 0 1 1

Locus 1 aA 1 1 1

AA 1 1 1

0 = no disease

1 = disease
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PARENT-OF-ORIGIN EFFECTS
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PARENT-OF-ORIGIN EFFECTS

Parent-of-origin effect:
Interaction between allele effect and parent-of-origin

GxE:
Further interaction with environment

Non-smokers Smokers
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PARENT-OF-ORIGIN EFFECTS
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PARENT-OF-ORIGIN EFFECTS, CLEFT LIP/PALATE

Table 1: Examples

RS470563, ZNF236

Test effect Stratum RRcm RRcf RRcm/RRcf

POO effects
S1 0.952 1.073 0.888 (0.862, 1.339)
S2 0.952 1.073 0.888 (0.862, 1.339)

S1/S2 1 (-) 1 (-) 1 (-)

GxE effects
S1 1.155 1.155 1 (-)
S2 0.482 0.482 1 (-)

S1/S2 2.401 (1.472, 3.911) 2.401 (1.472, 3.911) 1 (-)

POOxE effects
S1 1.087 1.221 0.890 (0.655, 1.196)
S2 0.445 0.517 0.861 (0.387, 1.873)

S1/S2 2.444 (1.266, 4.749) 2.363 (1.253, 4.434) 1.034 (0.447, 2.424)

RS2964137, KIAA0947

Test effect Stratum RRcm RRcf RRcm/RRcf

POO effects
S1 0.707 0.936 0.755 (0.505, 1.111)
S2 0.707 0.936 0.755 (0.505, 1.111)

S1/S2 1 (-) 1 (-) 1 (-)

GxE effects
S1 0.802 0.802 1 (-)
S2 0.865 0.865 1 (-)

S1/S2 0.928 (0.538, 1.603) 0.928 (0.538, 1.603) 1 (-)

POOxE effects
S1 0.533 1.170 0.456 (0.290, 0.705)
S2 1.915 0.385 4.979 (2.137, 11.253)

S1/S2 0.278 (0.135, 0.576) 3.038 (1.446, 6.345) 0.092 (0.036, 0.236)

1
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SURPRISE, SURPRISE(?)

Simulated data, n = 10000 :
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Y = X1 + X2 + ε

Data simulated without any interaction

(Cf. Prof. Magne Thoresen, UiO)
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SURPRISE, SURPRISE(?)

Linear regression, including interaction:

Coefficients:

Estimate Std. Error t value Pr(>|t|)

(Intercept) -0.1128420 0.3990666 -0.283 0.777

X1 1.0038665 0.0135478 74.098 <2e-16 ***

X2 1.0037252 0.0135910 73.852 <2e-16 ***

I(X1 * X2) -0.0001540 0.0004365 -0.353 0.724

As expected, no sign of interaction
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SURPRISE, SURPRISE(?)

Cut X1 and X2 at 25:

X1.cat =

{
0 when X1 < 25

1 when X1 ⩾ 25
X2.cat =

{
0 when X2 < 25

1 when X2 ⩾ 25
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SURPRISE, SURPRISE(?)

New linear regression, using the two categorical variables:

Coefficients:

Estimate Std. Error t value Pr(>|t|)

(Intercept) 40.0916 0.2248 178.36 <2e-16 ***

X1.cat 11.1076 0.3067 36.22 <2e-16 ***

X2.cat 11.1162 0.3118 35.66 <2e-16 ***

I(X1.cat * X2.cat) 6.5513 0.3897 16.81 <2e-16 ***

Rounded mean values of Y in categories of X1.cat and X2.cat:

X2.cat

0 1

X1.cat
0 40 51

1 51 69

X2.cat

0 1

X1.cat
0 40 40 + 11

1 40 + 11 40 + 11 + 11 + 7
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SURPRISE, SURPRISE(?)

X2.cat

0 1

X1.cat
0 40 40 + 11

1 40 + 11 40 + 11 + 11 + 7
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CAUTION: INTERPRETATION OF MAIN EFFECTS!

Y = X1.cat+ X2.cat+ I(X1.cat ∗ X2.cat)

Coefficients:

Estimate Std. Error t value Pr(>|t|)

(Intercept) 40.0916 0.2248 178.36 <2e-16 ***

X1.cat 11.1076 0.3067 36.22 <2e-16 ***

X2.cat 11.1162 0.3118 35.66 <2e-16 ***

I(X1.cat * X2.cat) 6.5513 0.3897 16.81 <2e-16 ***

Y = X1.cat+ X2.cat

Coefficients:

Estimate Std. Error t value Pr(>|t|)

(Intercept) 37.9119 0.1862 203.62 <2e-16 ***

X1.cat 15.1658 0.1919 79.05 <2e-16 ***

X2.cat 15.3095 0.1897 80.72 <2e-16 ***
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INTERACTIONS: ALTERNATIVE CODING

Two new variables:

X2.cat0 = (1 − X1.cat) ∗ X2.cat

X2.cat1 = X1.cat ∗ X2.cat

REGRESSION

Y = X1.cat+ X2.cat0 + X2.cat1
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INTERACTIONS: ALTERNATIVE CODING

Coefficients:

Estimate Std. Error t value Pr(>|t|)

(Intercept) 40.0916 0.2248 178.36 <2e-16 ***

X1.cat 11.1076 0.3067 36.22 <2e-16 ***

X2.cat0 11.1162 0.3118 35.66 <2e-16 ***

X2.cat1 17.6675 0.2338 75.57 <2e-16 ***

X2.cat

0 1

X1.cat
0 40 40 + 11

1 40 + 11 40 + 11 + 11 + 7

Interpretation:

X2.cat0 is the effect of X2 when X1 = 0

X2.cat1 is the effect of X2 when X1 = 1
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