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ess of a substantive problem into a statisti
al model and of theinterpretations of the results in terms of the subje
t matter domain. The wholepro
edure is termed `methodologi
al modelling'.To demonstrate a methodologi
ally oriented approa
h to statisti
al modelling anew appli
ation of Edwards and Havr�anek's model sear
h algorithm is presentedappropriate for a model spa
e of survival models. The algorithm allows for userintervention at ea
h step.Keywords: Substantive resear
h problem, methodologi
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h, EH algorithm.1 Introdu
tionIt is amazing that general literature on statisti
al modelling is so s
ar
e.Dobson (1983) seems to be the �rst book that dis
usses statisti
al modellingin a general way although it does not 
onsider more advan
ed modellingte
hniques like stru
tural equation modelling or graphi
al modelling. Are
ent sour
e is Edwards (2000, Chapter 6) that provides an more generaldis
ussion of modelling.The present paper has two aims: (a) We introdu
e the 
on
ept of method-ologi
al modelling and will give a graphi
al des
ription of the translation ofa resear
h problem into a statisti
al model and of the interpretation of theresults in terms of the subje
t matter domain; (b) We give a new appli
a-tion of Edwards and Havr�anek's model sear
h algorithm to Cox regressionanalysis, adding the possibility of user intervention.We will try to arrive at a more formal des
ription of this modelling pro
essusing a graphi
al te
hnique developed in Ad�er (1995).



2 Methodologi
al aspe
ts of statisti
al modellingWe will make a distin
tion between modelling in the `
ontext of justi�
a-tion' and in the `
ontext of dis
overy' whi
h leads to di�erent spe
i�
ations.In the last instan
e, the advantages of splitting the pro
edure in a mod-elling and a testing phase, will be dis
ussed. As an example of a statisti
almodelling te
hnique that allows for a high level interpretation, we dis
ussa model strategy introdu
ed by Edwards and Havr�anek.2 Methodologi
al modelling (M-modelling)De�nition 1 (Methodologi
al modelling) Methodologi
al modelling in-di
ates the subsequent a
tivities of (a) translating a substantive resear
hproblem into the spe
i�
ation of a 
lass of statisti
al models ( the modelspa
eM), (b) sele
ting the most relevant subset S �M of statisti
al mod-els ( statisti
al modelling), and (
) Interpreting S in terms of the resear
hproblem.We also use the abbreviation M-modelling instead of `methodologi
al mod-elling', in 
ontrast to S-modelling or statisti
al modelling. Note that theterm `statisti
al modelling' may sometimes be too narrow: it is intended toin
lude also 
ases in whi
h simulations or neural network training are used(see below).In (a), the resear
h problem is translated into the spe
i�
ation of a set ofmanageable statisti
al models. This 
an be done without a
tually spe
ifyinga resear
h design and 
olle
ting data. Note that usually something is lostduring this translation: usually the resulting statisti
al models are onlyvalid under assumptions imposed by the statisti
al framework. This mayrestri
t the generality of the answers the S-modelling phase provides andmay lead to `giving good answers to the wrong problem'.As to (b): methodologi
al modelling en
ompasses statisti
al modelling.Here we a
tually need data, so this a
tivity impli
itly presupposes thata resear
h design has been spe
i�ed and that data are 
olle
ted on whi
hto exe
ute the analyses. As to S-modelling: there is a host of literature onvarious statisti
al modelling te
hniques: (a) Regression modelling; (b) Log-linear modelling; (
) Multilevel modelling; (d) Stru
tural Equation Mod-elling; (e) Graphi
al modelling; (f) Modelling using the state-spa
e model;(g) Dynami
 modelling; (h) Neural network modelling. In the related liter-ature, examples are given that also in
lude the re
ommended interpretationin terms of the resear
h domain.To the best of our knowledge, nothing more general has been said on thethird phase ((
) in our de�nition), possibly be
ause this is on the one hand
losely related to the spe
i�
 subje
t matter domain where the resear
hquestion arises and, on the other hand, to the spe
i�
 statisti
al te
hnique.One may ask what is the pla
e of methodologi
al modelling in the di-
hotomy 
on�rmatory versus exploratory resear
h, or, to put it more gen-erally: whether modelling �ts into the `
ontext of justi�
ation' or into the
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ontext of dis
overy'. The answer is that it �ts in either 
ontexts but thatthe pro
edures are di�erent. The 
orresponding relevant questions are: (a)Do the data 
on�rm the theoreti
al models that were postulated beforehand? (Theory-driven); (b) Do the statisti
al analyses of the data suggest as-so
iations and stru
tures in the subje
t matter domain? (Data-driven). Inthe �rst 
ase, a theoreti
al framework or even a theory should be availableand it should be possible to produ
e a 
lear problem formulation in termsof the resear
h domain. The methodologi
al task is to translate this intoa resear
h design that, when data are 
olle
ted, allows to test statisti
almodels that are dire
t translations of subje
t matter 
onsiderations. Thestatisti
al analysis is then aiming at 
on�rmation of a theoreti
al 
on
ept:the models that were spe
i�ed beforehand are tested on the data, and wewant to know if they are supported, in other words if they �t the data. Theinterpretation of the out
ome of the statisti
al analysis allows an answerto the resear
h problem in the form of a label or stamp like 
onfirmedor not 
onfirmed. This resembles hypothesis testing with the di�eren
ethat in 
ase we 
on
lude that our hypothesis is not 
on�rmed, we may de-velop ideas for a theory that is supported by the data. At that moment weswit
h to a data-driven approa
h, be
ause the newly formulated theory issuggested by this data only.In the exploratory 
ase, no theoreti
al model in the stri
t sense is avail-able although ideas about the relevan
e of 
ertain notions for the problemare ne
essary to be able to formulate a resear
h design and 
olle
t dataa

ordingly. On
e the data have been 
olle
ted, statisti
al modelling pro-
eeds in an exploratory way, whi
h 
an be des
ribed as follows: we are`poking around' in the data trying to �nd out interesting patterns in termsof the subje
t matter domain. Note that this, in turn, resembles aims andstrategies used in data mining. In this 
ase, there is always an interpreta-tive problem: sin
e this method is 
ompletely data-driven, we may arriveat 
on
lusions that are only relevant for the data under s
rutiny. In some
ases a solution may lay in some kind of 
ross-validation, for instan
e bysplitting the data in two parts and use one part for exploration (`learning')and the other to 
on�rm what is found in the �rst part (`testing'). This
learly presupposes that there are enough data available to do the anal-yses on ea
h part. The exploratory pro
edure is indi
ated in Figure 1. Itmay be obvious from the above des
ription of 
on�rmative and exploratorymethodologi
al modelling that ea
h pro
edure holds parts of the alterna-tive: if in the 
on�rmatory 
ase the prede�ned theory is not 
on�rmed,a new theory is formulated (or the old theory is adapted) based on the�ndings during S-modelling and all of sudden our 
on�rmatory pro
eedingbe
omes data-driven and exploratory. On the other hand, the pro
edureproposed above for exploratory M-modelling be
omes 
on�rmatory if wefollow a 
ross-validation strategy. And, if we 
onsider the s
ienti�
 pro
essin a resear
h �eld, both kinds of modelling alternate: exploratory analysesare done �rst and, based on the results, other resear
hers try to 
on�rm orfalsify the �ndings by doing new experiments.



4Methodologi
alaspe
tsofstatisti
almodelling

Con
epts

Resear
h design�� ��derive 2�� ��
olle
t data 3 �� ��translate 2

D�� ��split at random 4
M = SMi�� ��statisti
al modelling 5 �� ��interpret 7

S = SMj �M
Subje
t Matter Domain:

�� ��test models 6S 0 = SM 0j � S �M
DL

DT

�� ��theory formation 8 New 
on
eptsTheories�� ��spe
ify 1Relevant variables?
?

??
?

?

-6

3s2
FIGURE 1. Methodologi
al modelling in the 
ontext of dis
overy.M: 
lass of models; S: a

epted models; S 0: 
on�rmed models fromS. D: data, DL: `learning' data set; DT : `test' data set.
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t ourselves to the large 
lass of regression models. Theyall have in 
ommon that we 
an dis
ern two 
lasses of variables: dependentand independent variables. The information needed for the assignment ofvariables to these 
lasses 
an only be derived from the subje
t matter do-main. This also applies for other information like whether a variable is fo
alor only a `
onfounder', a disturbing variable, for whi
h we want to 
orre
tour models.We will further 
on
entrate on the problem of �nding a parsimonious setof independent variables that optimally predi
t the dependent. We willfo
us on Cox regression analysis, although the proposed pro
edure will be
ompletely appli
able to other forms of regression analysis.3 Example data setThe example is taken from the study by Van Bokhorst-de van der S
huerenet al. (2000) in whi
h forty-nine severely malnourished head and ne
k 
an-
er patients undergoing ablative and re
onstru
tive surgery were followedprospe
tively and their perioperative immune parameters were related tolong-term survival. In the study it was found that preoperative humanleuko
yte antigen-DR (HLA-DR) expression on mono
ytes was di�erentbetween patients who survived and patients who died. Proportional haz-ards identi�ed an HLA-DR expression on mono
ytes below the 
uto� points(mean 
uores
en
e index < 15, peak 
hannel index < 9) to be of signi�
antin
uen
e on survival. The authors draw the 
on
lusion that in addition toknown prognosti
 parameters, (with other parameters) the immune pa-rameter HLA-DR expression on mono
ytes may 
arry prognosti
 value in
an
er patients.The example is used here only to demonstrate the merits of the EH pro
e-dure. We analyzed models that used six of the most promising predi
torsbut many more variables were used in the study.4 Model sear
h methodsBy 
hoosing one of the many stepwise approa
hes, most of the variablesele
tion pro
ess is left to the software itself, following an algorithm thatis ex
lusively de�ned in statisti
al terms and in whi
h there is no room forsubje
t matter 
onsiderations. To 
ir
umvent this, some authors advo
atea more 
ontent-dire
ted iterative stepwise pro
edure whi
h allows the userat ea
h step of the iteration pro
ess to indi
ate to in
lude or ex
lude theterm that has been brought up by the software.In Edwards's book, the so-
alled EH-algorithm is dis
ussed. The methodallows to sear
h a large model spa
e in an eÆ
ient way. This method isbased on assumptions on this model spa
e rather than on individual mod-els. It allows to �nd, instead of only one optimal model, a whole series of



6 Methodologi
al aspe
ts of statisti
al modellingmodels that all have optimal properties. In the regression 
ase, by properlysorting the resulting models, we 
an get information about the asso
ia-tion of the individual variables and the dependent variable. Furthermore,
ollinearity does no longer in
uen
e the results in the way it o

urs instepwise regression analysis. The EH pro
edure 
an be exe
uted using theprogram MIM (an a
ronym for Mixed Intera
tion Modelling) program de-veloped by Edwards (2000). Alternatively, we developed `s
enario' for theparallel empty shell PROTOSHELL that allows to sear
h a spa
e of logisti
regression models. In the next se
tion we will report on the development ofa similar appli
ation for Cox regression analysis in whi
h the EH algorithmis used but in whi
h user intervention is allowed at ea
h step.We give a sket
h of the requirements and assumptions underlying Edwards'salgorithm: (a) A distan
e measure between models must be de�ned. (b)For this distan
e a threshold must be de�ned beforehand that serves todis
ern between a

epted and reje
ted models. (
) A hierar
hi
al ordeningis de�ned on the models: model MA � MB when model MB has all theterms of MA but MA has more terms.MB is said to be more parsimoniousthan MA. (d) The assumption of 
oheren
e should hold, i. e. it should bereasonable to assume that if model MA is less parsimonious than MB andMB is reje
ted, that it follows thatMA is reje
ted. Similarly, ifMA0 is moreparsimonious thanMB0 andMA0 is a

epted,MB0 is also a

epted. (e) Thepro
edure starts from either the empty model M; whi
h is assumed to bereje
ted or the full model whi
h is de
lared a

epted and via the aboverules tries to �nd the most parsimonious a

epted models.5 Results from the example data setVariables were sele
ted from the many variables in the data set whi
hshowed most in
uen
e in forward and ba
kward stepwise Cox regressionanalysis. The following variables were used: (a) Main lo
ation of the tumor(MAL), (b) Swallowing (SWA), (
) Hospitalization duration (HDU), (d)Major Compli
ations (MAC), (e) Minor Compli
ations and, (f) Antigen-DR at followup (ANF). Table 1 summarizes the output of the EH Coxregression analysis.�2 
hange was used as a distan
e between models. The threshold �2 valuefor 1 degree of freedom at � = 0:05 is 3:841. Note however that for the
ategori
al variables like MAL the number of degrees of freedom is largerthan one. The �2 
hanges of the variables versus the empty model were:MAL: 14:3, SWA: 34:3, HDU: 6:1, MAC: 4:2, MIC: 2:2 and ANF: 3:0).Thus, MIC and ANF are not statisti
ally di�erent from a reje
ted model.By user de
ision they were in
luded for testing in higher order models.Another user de
ision was taken in the 
ase of model (7): �2 was 3:561 andit was left in the models to be tested.The pro
edure was run both upwards (starting from the (reje
ted) emptymodel) resulting in models 1-10 and downwards (from the (a

epted) sat-urated model) to yield models 11-14.



Ad�er, H. J. et al. 7MAL SWA HDU MAC MIC ANF U/A/ROne independent1 �2 �3 �4 �Two independents5 � � R6 � �7 � � UR8 � �Three independents9 � � � A10 � � � A11 � � � A12 � � � A13 � � � AFive independents14 � � � � � RTABLE 1. Overview of the models produ
ed by the EH algorithm. Thelast 
olumn indi
ates the state of the model: Blank: intermediate model;U: kept by user intervention; A: a

epted; R: reje
ted.Swallowing (SWA) turned out to be a 
entral variable: it o

urs in all a
-
epted models. The lo
ation of the tumor (MAL), although in itself relatedto the survival of the patient, seemed to be of less 
onsequen
e. Minor
ompli
ations (MIC) and Antigen-DR at followup (ANF) seem to be re-lated: with hospitalization duration and major 
ompli
ations they form twogroups of three variables that enter pairwise in the a

epted models.6 Dis
ussion and Con
lusionThe 
on
ept of methodologi
al modelling allows us to arrive at a morepre
ise des
ription of the modelling pro
ess. However, it is ne
essary tomake a distin
tion between modelling in a 
on�rmative or an exploratory
ontext, where `
ontext' refers to the nature of the substantive problem. Inboth 
ases it is 
lear that, although statisti
al modelling is a well-developeddis
ipline, the two other parts of the methodologi
al modelling pro
ess,(a) translation of the resear
h problem into a spe
i�
ation of the spa
e ofstatisti
al models and (b) the interpretation of the results have less re
eivedmu
h less attention.We use a diagramming method introdu
ed in Ad�er (1995) as a formalizationmethod. It allows a well-de�ned graphi
al representations of methodologi
al
on
epts. The diagrams 
an be automati
ally translated into a algebrai
spe
i�
ation similar to the spe
i�
ation used to spe
ify stru
tural equation



models. This in turn allows an immediate formulation of an algorithmi
representation.As an example, the method of Edwards and Havr�anek to sear
h a modelspa
e is used to demonstrate that this method allows higher 
on
eptualinterpretations eventually requiring user intera
tion. Apart from this, themethod makes high 
ollinearity between variables visible.Table 1 and its interpretation suggest that in many modelling situationsthe `optimal' model produ
ed by 
onventional software is by no means theonly model. Instead, an impression should be obtained of the stru
ture ofthe model spa
e and this kind of model sear
h pro
edure 
an provide thisstru
ture.A s
rupulous analysis of the modelling pro
ess makes it 
lear that thereis more to it than Statisti
s proper, although statisti
al modelling is anessential part of the pro
ess. Both the translation of subje
t matter notionsinto appropriate statisti
al models and the ba
k-translation of the resultsof the statisti
al analysis in terms of the original resear
h question deservethorough analysis. In this arti
le, we only made a beginning by pre
iselydes
ribe what is going on. The EH pro
edure was used to demonstrate thatan analysis is possible that allows for a high-level 
on
eptual interpretation.A
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