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Table 7.2 Advanced prostate cancer data. Treatment effect (log hazard ratio) in
age subgroups. •Adjusted• means adjusting for factors signi“cant at the 0.05 level,
as given in Table 7.1.

Subgroup Age (years) Patients (%) Unadjusted Adjusted

�β SE �β SE

1 � 60 10 Š1.29 0.39 Š1.53 0.49
2 61…70 20 Š0.15 0.26 Š0.34 0.27
3 71…75 43 Š0.25 0.17 Š0.16 0.18
4 > 75 27 0.27 0.19 0.16 0.21
All patients 100 Š0.18 0.11 Š0.16 0.11
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Figure 7.3 Advanced prostate cancer data. Kaplan…Meier curves of overall survival illustratingrx ×
bm (bone metastases) interaction. Solid lines: placebo (rx = 0); dashed lines: treatment E (rx = 1).

and nearly no treatment effect (HR= Š 0.16) whenbm = 0. The adjusted estimates shown
in Table 7.3 and again usingα� = 0.05, are similar to the unadjusted.

7.5.3 Final Model

The interactions identi“ed by MFPI appear to be genuine. To determine a “nal model, a
forwards stepwise (FS) method may be used. Here, FS is preferred to BE because BE would
begin with a heavily over“tted, unstable model. It is unlikely that several interactions are
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For the interaction, MFPI selected an FP2 function forer with powers(Š2, Š1) or an
FP1 function with powerŠ0.5. The AIC values for linear, FP1 and FP2 models were 3459.6,
3448.1 and 3449.1 respectively. The FP1 model may, therefore, be preferred.

The FP1 function ofer is shown for the twotam groups in Figure 7.4 (left panel). For
clarity, the range ofer values in the plot has been restricted to[0, 100]. The treatment…effect
plot (Figure 7.4, right panel) illustrates the difference clearly. The test for interaction has a
P -value of 0.042.

For largeer values (say,> 20 fmol lŠ1) the estimated treatment effect is nearly constant (log
hazard ratio aboutŠ0.5, hazard ratio 0.6 ), but it changes sharply for small values. To check this
result, thetam effect was considered in “ve subgroups with cutpoints partly determined by the
treatment…effect function, partly by the CDF ofer, and partly for clinical reasons. Biologically,
zero is a special group, and 10 is the cutpoint most often used in the clinical literature. Table 7.5
shows the estimated treatment effect in subgroups ofer, unadjusted and adjusted for other
factors. The unadjusted estimates summarize the comparison between Kaplan…Meier curves
presented in Figure 7.5. For these plots, groups 4 and 5 were amalgamated. Although some
of the groups are small, analysis in subgroups con“rms the treatment…effect function seen in
Figure 7.4. In the small subgroup wither = 0 (n = 82 with 45 events), the patients treated
with tam have a higher hazard, whereas in all other subgroups the hazard is reduced. These
checks clearly indicate that the form of dependence of the estimated treatment effect oner is
not the result of an artefact generated by the MFPI algorithm.
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Figure 7.4 GBSG breast cancer data. Analysis oftam× er interaction keepinger continuous, “tted
by FP1 functions with powerŠ0.5. Functions were estimated within multivariable models; for details
of the adjustment model, see the text. Left panel: solid line, estimated effect ofer in patients not treated
with tam; dashed line, estimated effect ofer in patients treated withtam; dotted line and right-hand
axis, CDF ofer. Right panel: effect oftam by ER status, with 95% pointwise CI. Horizontal dashed
lines denote zero and the main effect oftam in the absence of an interaction.
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Table 7.5 GBSG breast cancer data. Effect oftam (log hazard ratio) iner subgroups. •Adjusted•
means adjusted for factors signi“cant atα� = 0.05.

Subgroup ER (fmol lŠ1) Patients (%) Unadjusted Adjusted

�β SE �β SE

1 0 12 0.67 0.31 0.47 0.32
2 1…10 17 Š0.61 0.30 Š0.41 0.31
3 11…36 21 Š0.58 0.30 Š0.68 0.32
4 37…115 25 Š0.34 0.25 Š0.40 0.26
5 >115 25 Š0.31 0.26 Š0.42 0.27
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Figure 7.5 GBSG breast cancer data. Kaplan…Meier survival curves illustratingtam× er interaction
with patients divided into four groups by usinger cutpoints of 0, 10 and 36 fmol lŠ1. Solid lines:tam;
dashed lines: notam. (Adapted from Royston and Sauerbrei (2004a) with permission from John Wiley
& Sons Ltd.)

7.7 CATEGORIZATION

7.7.1 Interaction with Categorized Variables

In many “elds, continuous variables are often converted into categorical variables by grouping
values into two or more categories. As discussed in Section 3.4, categorization of continuous
data is unnecessary for statistical analysis, and is not a natural way of analysing continuous
variables. Usually, it is done to make the analysis and interpretation of results simpler. It
appears to be the standard approach for handling interactions, at least in clinical research
(Assmann et al., 2000).
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In this section, thetam× er interaction in the GBSG data is used to illustrate the dif“culties
caused by categorizing a continuous variable. Often, only one cutpoint is used and it is not
speci“ed in advance. It is tempting to search for a suitable cutpoint to answer the two questions
•Does the study show that the effect of the treatmentt depend on the continuous variablez?•,
and •Which cutpoint onz best separates nonresponders from responders tot?• The “rst
question might be answered by investigatingP -values for thet × z interaction with different
cutpoints onz, and the second by exploring possibly different treatment effects associated
with each cutpoint.

7.7.2 Example: GBSG Study

In practice, patients wither > 20 fmol lŠ1 are always regarded as having high ER. Therefore,
clinically relevant cutpoints lie below 20 fmol lŠ1. In the GBSG study, 60% of patients had
er > 20 fmol lŠ1. For each integer cutpointc on er in the range[0, 20], binary dummy
variableser_c were de“ned as 0 ifer � c and 1 if er > c. Cox regression models
were “tted, adjusted forx� as in Section 7.6.2. For eachc the P -value for the interaction
tam × er_c was calculated. Additionally, adjusted Cox models were “tted separately in
each subgroup de“ned byer_c (i.e. low er and higher). The regression coef“cients and
associatedP -values for the effect oftam were computed in each subgroup.

As shown in Figure 7.6 (left panel), thetam × er_c interaction is signi“cant atP < 0.05
only for two cutpoints:c = 0 andc = 8. In the high ER group, the regression coef“cient
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Figure 7.6 GBSG breast cancer data. Cutpoint analysis of interactions in 21 subgroups, adjusting
for other prognostic factors. Cutpointser_c in the range[0, 20] are used to de“ne low and high ER
subgroups. Left panel:P -values for tests oftam × er interaction. Right panel: regression coef“cients
(log hazard ratios) from Cox models for effects oftam in subgroups with ER low (circles) and high
(triangles). (Adapted from Royston and Sauerbrei (2004a) with permission from JohnWiley & Sons Ltd.)
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Figure 7.7 Schematic depiction of the two sets of subgroups used in STEPP. SW (left) and TO (right).
The horizontal axis indexes the various subpopulations for which treatment effects are estimated, and
shows the range of covariate values (vertical axis) used to de“ne the cohort of patients included in each
subpopulation. The TO version has the overall population as the centre group. (Adapted from Sauerbrei
et al. (2007d) with permission from Elsevier Limited.)

The estimated treatment effects in the subpopulations de“ned byz2 should be similar to
the treatment effect in the overall population ifz2 has no in”uence on the treatment effect,
i.e. no interaction exists betweenz1 andz2. Plots showing the estimated treatment effect with
corresponding CIs in the subpopulations and tests based on the deviation of treatment effects
in the subpopulations from the corresponding estimate in the overall population may be used
to investigate an interaction betweenz1 andz2. For z1, each subpopulation is represented by
its mean. For more details see Bonetti and Gelber (2004).

7.9 EXAMPLE 3: COMPARISON OF STEPP WITH MFPI

7.9.1 Interaction in the Kidney Cancer Data

Royston et al. (2004) used the kidney cancer data from the MRC RE01 trial (see
Appendix A.2.9) with the MFPI procedure and found a signi“cant interaction between treat-
menttrtand white cell countwcc.Altogether, they considered 10 potential predictive factors,
of which six were continuous. Interest centres on thetrt × wcc interaction.

Figure 7.8 displays the results of several STEPP analyses of the interaction between treat-
menttrt and white cell countwcc. It is clear that use of small subpopulations (n1 = 25,
n2 = 40; upper left-hand plot) with the SW method results in considerable variation caused
by over“tting the data. Increasing the sample size in each subpopulation reduces the variation
and leads to treatment estimates which show a similar dependence onwcc. For example, for
n1 = 50,n2 = 80, there is only one additional •blip• forwcc around 7. The lower panel clearly
indicates that results from the TO version are less noisy and, hence, easier to interpret. The
graph withg = 4 (lower right-hand plot) clearly indicates an interaction, and can be regarded
as a rough approximation to the treatment effect function from MFPI (see Figure 7.9).

7.9.2 Stability Investigation

(In)stability, loosely de“ned as a vulnerability of modelling results to small changes in the
data, is a critical issue when working with ”exible models (Breiman, 1996b). See Chapter 8
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Figure 7.8 Kidney cancer data. STEPP plots for the interaction betweentrt andwcc, constructed
with several choices of parameter values. Upper panel: SW; lower panel: TO. The plotted points rep-
resent the estimated treatment effects in each subgroup, with 95% CIs (faint dashed lines). The solid
horizontal lines at zero represent no treatment effect and the dashed lines the estimated overall treatment
effect. (Adapted from Sauerbrei et al. (2007d) with permission from Elsevier Limited.)
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Figure 7.9 Kidney cancer data. Treatment effect plot forwcc (white cell count) from an MFPI ana-
lysis. Estimated treatment effect with pointwise 95% CI. The dashed line denotes the overall effect of
treatment. (Adapted from Sauerbrei et al. (2007d) with permission from Elsevier Limited.)
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Figure 7.11 Kidney cancer data. Results from 1000 bootstrap replications of STEPP analysis ofwcc.
Left panel: SW (m = 40, n = 60); right panel, TO (g = 6). Thick lines represent the original data,
bootstrap mean and 95% CI. Note that the bootstrap mean and original estimates are indistinguishable.
Thin lines are results from 20 bootstrap replications selected at random. (Adapted from Sauerbrei et al.
(2007d) with permission from Elsevier Limited.)

or > 15). The estimated effects from 11 subpopulations using the TO version of STEPP with
g = 6 agree very closely with the functions from MFPI. For the bulk of the distribution ofwcc
values, the 95% pointwise CI derived from the 1000 bootstrap replications is a little wider
than the interval from the original analysis. For larger values (say,> 12), the data become
sparse and the bootstrap intervals become much wider, re”ecting greater uncertainty in the
FP2 functions selected by MFPI.

Figure 7.11 shows a random sample of 20 curves from 1000 bootstrap replications using
STEPP withn1 = 40, n2 = 60 (SW) org = 6 (TO). Major instability is apparent for the
SW version. Functions for the TO version are more variable than the functions from MFPI,
but the trend representing the result from the original analysis stands out clearly. For TO, the
bootstrap interval is narrower than the corresponding interval from MFPI, where selection
and estimation of the treatment effect function was repeated in each bootstrap replication. The
wider intervals are partly due to the additional variation introduced in the MFPI analyses by
selecting the adjustment model. Note that with STEPP the range of the covariate is restricted
in the tails by the grouping process. No information about the treatment effect function is
available beyond the range of the mean covariate values in the extreme groups.

7.10 COMMENT ON TYPE I ERROR OF MFPI

Little is known about the type I and type II errors of MFPI. In one example (Sauerbrei et al.,
2007d), the values of the continuous variable haemoglobin in the kidney cancer dataset were
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repeatedly permuted at random. Independence of the effects of treatment and the continuous
variable was thereby simulated. Using 1000 permutations, the distribution ofP -values from
a test of interaction was close to uniform on(0, 1) (data not shown). In 54 of the 1000
permutations theP -value was< 0.05, showing that the type I error of the MFPI procedure
was close to its nominal level.

7.11 CONTINUOUS-BY-CONTINUOUS INTERACTIONS

As has already been discussed and illustrated, discrete-by-continuous interactions involving
randomized treatments are particularly important in clinical trials. The topic of continuous-
by-continuous interactions is also of interest, perhaps having more relevance to observational
studies than to trials. A popular approach is to assume linearity for both variables and test
the multiplicative term for signi“cance. The model may “t poorly if one or both of the main
effects is nonlinear (Cohen et al., 2003).

Despite its importance in many areas, modelling of interactions seems often to be ignored
in practical analyses (Ganzach, 1998). Uncertainty about how to proceed in the context of
multivariable modelling may be a reason. Even in the simplest case, the decision on whether
to include an interaction requires a comparison between additive modelsβ1z1 + β2z2 and
interaction modelsβ1z1 + β2z2 + β3z1z2. Three questions immediately arise:

1. Is the sample size suf“cient to allow detection of a •nonnegligible• interaction?
2. Is the assumption of linear effects ofz1 andz2 justi“able?
3. Is the increased complexity of the model resulting from including the interaction

worthwhile?

Certainly, the presence of an interaction complicates the interpretation and presentation of
the model.

Because of lack of power, a small sample size may result in erroneous rejection of the
interaction (Greenland, 1983). Incorrectly assuming linear effects forz1 andz2 may lead to
a wrong decision to include the interaction. The severity of the problem and the probability
of selecting the interaction model instead of a model with nonlinear terms forz1 and/orz2

depend on several factors. They include the correlation betweenz1 andz2, the magnitude of
β1, β2 andβ3, the sample size, and possible measurement errors inz1 andz2. MacCallum
and Mar (1995) reported a large simulation study looking at factors in”uencing the chance of
selecting the correct model. Whereas the interpretation of estimates from an additive model
is straightforward, e.g. increasingz1 from a to b leads to an increase inE(y) of β1(b Š a),
it is much harder to interpret the increase in an interaction model where it depends onz2,
e.g. (β1 + β3z2)(b Š a). The meaning ofβ1 changes when the product term is included
(Greenland, 1989).

In real analyses, more than two predictors must be considered, increasing the dif“culties. If
one variable,z1 say, is of particular interest, e.g. an exposure variable in an epidemiological
study, then the analysis strategy is more straightforward. The main interest resides in the
estimation of a satisfactory functional form forz1, adjusted for possible confounders. The
potential addition of interactions betweenz1 and confounders can be done in a second step. If
a product term is to be included, then so also should be the relevant main effects (the hierarchy
principle: see Bishop et al. (1975)). Including several interactions produces a complex and
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perhaps uninterpretable model. Subject-matter knowledge should be taken into account when
considering such model extensions, and could result in adding nonsigni“cant interaction terms
(Pearce and Greenland, 2005, p. 388).

For general model building without any particular variable of interest, all two-way inter-
actions may be considered. Since the main-effects model may include nonlinear functions,
products of these functions should be included as candidates. To handle this, we propose a
procedure which is a natural extension of MFPI. More model building and data-dependent
decisions are involved, leading to possible over“tting. Several •reality checks• are needed to
assess whether or not signi“cant interactions are artefacts of mismodelling. The aim should be
to select models which are •as simple as possible• but which nevertheless show the important
dependencies in the data. Most of the •signi“cant• interactions are not expected to reveal any
crucial aspect of the data and, hence, are not required in a “nal model. However, a detailed
search for interactions may improve model “t and may display interesting features of the
data. Whether these features arise by chance or are reproducible must be assessed in external
validation studies.

7.11.1 Mismodelling May Induce Interaction

Mismodelling a curved regression relationship, say as linear, may induce a spurious inter-
action with another variable (Lubinski and Humphreys, 1990; MacCallum and Mar, 1995).
We illustrate this effect by considering predictors of 10-year all-cause mortalityall10 in
the Whitehall I dataset in a logistic regression analysis. In an MFP model forall10, both
age andweight are signi“cant predictors of outcome. We consider only these two pre-
dictors and their possible interaction. MFP selects a model with linearage and an FP2
transformation ofweight with powers(Š1, 3). The interaction betweenage andweight
is computed by including the multiplicative termsage × weightŠ1 andage × weight3

in the logistic model. The likelihood ratio test (two d.f.) for this interaction hasχ 2 = 5.27
(P = 0.07), i.e. is not signi“cant at the 0.05 level. However, ifweight is erroneously
modelled as linear, thenage × weight is highly signi“cant (χ2 = 8.74, P = 0.003),
suggesting that mismodelling of the main effect ofweight has induced a spurious
interaction.

We “rst show that there is no strong interaction betweenage andweight whenweight
is modelled as a nonlinear function. To check the model and illustrate the effect, we divide
age into four equal (quartile) groups and compute a running line smooth of the binary
outcomeall10 on weight in each age group. Because the de“nitive analysis involves
a logistic regression model, the smoothed probabilities are transformed to the logit scale
and the results plotted againstweight. With no interaction betweenage and weight,
we would expect the curves to be roughly parallel. The results (see Figure 7.12) show
that the logits of the smoothed probabilities are indeed approximately parallel across age
groups, suggesting no (strong) interaction. Also shown in Figure 7.12 are the estimated slopes
from logistic regressions onweight in each age group, erroneously assuming linearity.
The lines are clearly not parallel. The sign of the slope even changes across age groups,
explaining why a signi“cant interaction is found when the effect ofweight is assumed
linear.

Other types of mismodelling, such as omission of correlated in”uential variable(s), may
also introduce spurious interactions.
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Figure 7.12 Whitehall I data. Graphical exploration of possible interaction betweenageandweight.
The four pairs of lines show running line smooths (jagged lines) and linear “ts (straight lines) in each of
the four quartile groups byage. The changing slopes of the linear “ts erroneously indicate an interaction,
which disappears when a nonlinear function ofweight is “tted.

7.11.2 MFPIgen: An FP Procedure to Investigate Interactions

With MFPI, a model for discretez1 and continuousz2 is determined by “nding the best FP
transformation ofz2 and forming multiplicative interaction terms with the dummy variable(s)
for z1. A joint test of interaction involving the FP terms forz2 and all dummy variables forz1

is performed.
For generalz1 andz2 (both possibly continuous) and confoundersx, a new procedure called

MFPIgen, in the same spirit as MFPI, is as follows:

1. Apply MFP to x, z1, z2 with signi“cance levelα� for selecting members ofx and FP
functions of continuous variables. Forcez1 andz2 into the model and apply the FSP to
them. In the notation of Chapter 6 (see Section 6.1), MFP(α� , α� ) is applied tox, while
simultaneously MFP(α1, α2) with α1 = 1 and chosenα2 is applied toz1, z2. This step
requires a single run of MFP.

2. Multiplicative interaction terms are calculated between the FP transformations selected
for z1 andz2, or between untransformedz1 andz2 if no FP transformation is needed. For
example, if both variables need FP2 transformation, then four interaction terms are created.

3. The model selected onx, z1, z2 is re“tted with the interaction terms included. The latter are
tested in the usual way using a likelihood ratio test. Ifk interaction terms are added to the
model, then the interactionχ2 test hask d.f. For example, if FP2 functions were selected
for bothz1 andz2, thenk = 2 × 2 = 4.

4. All pairs of predictors are considered for possible interaction, irrespective of the statistical
signi“cance of the main effects in the MFP model. Ifz1 and/orz2 is binary or forced to be
linear, then the procedure simpli“es to the usual situation. Ifz1 and/orz2 are categorical,
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then joint tests on all dummy variables are performed. An option is to treat the dummy
variables as separate predictors.

5. All interactions should be checked for artefacts (see Section 7.4.2) and ignored if they fail
the check.

6. If more than one interaction is detected, then a forward stepwise procedure can be used to
extend the main-effects model.

There is one difference between this algorithm, MFPIgen, and MFPI. In MFPI, the con-
founder modelx� is selected independently ofz1 andz2, whereas a joint model is selected
in MFPIgen. The reason for the difference is that MFPI is principally intended for use with
data from a randomized trial in which the effect of the treatment covariatez1 is by design
independent of other covariate effects. Therefore, adjustment byx� is less important (see, for
example, Table 7.1). In observational studies, however, it may be necessary fully to adjust the
effects ofz1 andz2 for confounders before investigating their interaction.

Since MFPIgen addresses dozens of potential interactions, multiple testing is a major issue.
Results must be checked in detail and interpreted cautiously as hypotheses only. See Section
7.3 for further comments.

7.11.3 Examples of MFPIgen

Simplest Case
We consider the simplest case of a continuous-by-continuous interaction, i.e. that of a con-
tinuous outcome and two continuous covariates. Cohen et al. (2003) describe a study in 250
individuals of the intention to quit smokingy as a function of a measure of the fear of health
ill-effects of smokingx and of self-ef“cacy for quitting smokingz. The correlation between
x andz is 0.3. On applying MFPIgen, linear functions are selected forx andz and thex × z
interaction is signi“cant (P = 0.008).

Figure 7.13 shows the relationship betweeny andz in the four quartile groups ofx. The
relationship betweeny andz appears linear in each group. The regression slopes onz are
nearly the same in the “rst and second quartile groups but subsequently increase withx. The
largest slope is seen in the highest quartile group.

The MFPIgen model selected for this dataset isE(y) = β0 + β1x + β2z + β3xz, whereas
Cohen et al. (2003) included additional quadratic termsx2 andx2z. Althoughx2 andx2z are
jointly signi“cant at the 0.05 level, they complicate the interpretation of the model and add
little to R2, which increases from 0.52 to 0.54.

More Complex Cases (1): Prostate Cancer Dataset
Table 7.6 shows the results of applying MFPIgen to all 21 pairs of variables in the prostate
cancer dataset. In principle, each of the 21 analyses could involve a different main-effects
model, to which is added one interaction term. Consider, for example, the interaction between
age andpgg45. MFP is applied to all variables, withage andpgg45 forced into the model
and the other variables selected at the 0.05 signi“cance level. FP functions for all variables
are selected in the usual way at the 0.05 level. Finally, the interaction between the selection
functions for age andpgg45 is tested.

Linear terms were selected for all variables considered in interactions except forcavol,
for which a log transformation was always selected. Six and two of the 21 interactions are sig-
ni“cant at the 0.05 and 0.01 levels respectively, the strongest beingpgg45× cp (P = 0.003).
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Figure 7.15 Whitehall I data. Graphical presentationage× chol interaction. Left-hand panels show
the logistic scale, right-hand panels the probability scale. Upper panels show results for the 10th, 35th,
65th and 90th centiles of the distribution ofage, lower panels for the same centiles ofchol. Adjusted
for other covariates.

signi“cant at the 0.04 level but is not considered further. One interaction stands out:age ×
chol. The relationship between mortality predicted by the “tted interaction model andchol
at the 10th, 35th, 65th and 90th centiles of the distribution ofage is presented in Figure 7.15.
Theage by chol relationship is adjusted for other covariates centred on their means (see
Section 4.11). The results show that the risk gradient onchol is much steeper in younger men
than in older ones. The lines converge at achol of 12 mmol lŠ1. A very high cholesterol level
(12 mmol lŠ1) is associated with a probability of 10-year mortality of about 18%, irrespective
of age. The lower right panel shows that the risk gradient on cholesterol disappears at about
age 62 years.

The validity of this putative interaction was checked in four equal-sized age groups as
follows.The slopes from logistic regression oncholwere computed, adjusted for other factors
in the MFP model (see above). The results are shown in Figure 7.16. The linearity assumption
in each age group was checked by cubic regression splines (four d.f.) and con“rmed to be well
supported by the data. However, the slopes onchol are not monotonically ordered across the
age groups, suggesting a possible lack of “t of the linear-by-linear interaction model.

In the MFP model, an FP1 term forage with powerŠ1 is close to signi“cant at the 0.05
level. To try to improve the “t, a model includingageŠ1, chol and their product was “tted.
The deviance was reduced by 7.6 compared with that for the model withage,chol and their
product. A common approach is to consider quadratic terms. A similar deviance reduction
was obtained by adding quadratic interaction terms (age2, age2 × chol) to the linear by
linear interaction model. The quadratic terms were highly signi“cant (χ2 = 9.67, two d.f.,
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Figure 7.16 Whitehall I data. Interaction betweenage andchol. The relationship betweenall10
andchol is explored in four equal-sized age groups. Solid lines: “t and 95% pointwise CIs from cubic
spline regression with four d.f. Dashed lines: “tted line onchol from linear logistic regression model.

P = 0.008). Since the FP1 interaction model is more parsimonious and its “t is similar to the
quadratic model, it is preferable.

Figure 7.17 repeats Figure 7.15 but includes the interaction betweenageŠ1 andchol. The
slight curvature onage can be seen, but the overall message from the revised model is not
very different. It requires a large sample size to be able to distinguish between such subtly
different models.

The example is instructive in that MFPIgen found a highly signi“cant interaction between
age andchol, which subsequent checking showed to be susceptible to some improvement.
In a complete analysis of the dataset, the researcher might go on to consider other extensions of
theage function and its interaction. The lesson to learn is that simple approaches to interaction
modelling may not always be suf“cient. Care is needed in checking the “t of the model and
improving it if necessary.

7.11.4 Graphical Presentation of Continuous-by-Continuous Interactions

Since a two-way interaction involves three variables, a three-dimensional surface plot might
be considered the preferred way to present it. However, such a plot may be hard to interpret,
since its appearance depends critically on the orientation of the axes. Also, not all statistical
software can produce three-dimensional graphics.

In our view, a better option is a •sliced•plot, as in Figures 7.15 and 7.17. The “tted function at
selected centiles of the distribution of the “rst variable is plotted against the second variable.
The plot is repeated, reversing the roles of the two variables. In the Whitehall I example,
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We emphasize the importance of several model checks to ensure that a postulated interac-
tion is supported by the data and not a result of mismodelling or driven by a few in”uential
observations. We also draw attention to the important distinction between a prespeci“ed inter-
action and one that is identi“ed in a data-dependent fashion. The strength of evidence for an
interaction differs considerably between these two cases.

STEPP has been used several times in the literature with data from randomized trials to
demonstrate interaction between treatment and a continuous covariate.The approach compares
treatment effects in overlapping sub-intervals of the covariate. It may be considered as midway
between the still-popular dichotomization with the comparison of treatment effects in two
subgroups and our method, which estimates a treatment effect function. In one example using
the TO version of STEPP with a smaller number of subgroups, the results from MFPI and
STEPP agreed remarkably closely.

The principles of MFPI have been extended to investigate continuous-by-continuous inter-
actions. We have shown in examples the importance of considering possibly nonlinear main
effect functions. If nonlinearity is ignored by using the common approach of testing linear-
by-linear product terms, then spurious interactions can be introduced into a model. Models
derived with MFPIgen may not only “t the data better, but if an interaction term is not required,
they may even give results which are easier to interpret. However, the sample size may not
be large enough to discriminate well between several models with similar “ts. Subject-matter
knowledge plays an important role here.

For detailed discussion of various aspects of interactions between different types of vari-
ables, see for example DeMaris (2004, chapters 4 and 5) and Cohen et al. (2003, chapters
7 and 9). A fuller discussion of interaction among continuous variables, including higher
order interactions, is given by Aiken and West (1991). A more ”exible approach using semi-
parametric modelling for investigating interactions with continuous predictors is described by
Ruppert et al. (2003, chapter 12). None of these books considers the FP framework.


