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Recent�developments�in�the�methodology�of�epidemio-
logical� research� have� emphasized� the� importance� of�
achieving�clarity�of�purpose�by�classifying�research�ques-
tions�into�one�of�three�types:�descriptive,�predictive,�and�
causal.�Dyer’s�paper�in�a�recent�issue�of�the�journal�[1]�
makes�a�welcome�contribution�to�this�literature,�high-
lighting�several�specific�‘‘mistakes’’�that�are�commonly�
made�in�the�design�and�reporting�of�research�data�anal-
ysis,�despite�increasing�recognition�of�the�value�of�the�
‘‘three�tasks’’�classification.�In�related�work,�a�colleague�
and�I�reviewed�the�continuing�high�prevalence�of�poorly�
conceived�statistical�analyses�(especially�using�multivari-
able�regression),�provided�a�detailed�outline�of�how�these�
problems�can�be�traced�back�to�the�way�in�which�statisti-
cal�methods�are�taught,�with�an�emphasis�on�models�and�
techniques� ahead� of� purposes,� and� outlined� a� way�
forward�based�on�reforming�biostatistics�teaching�pro-
grams�[2].

Although�many�of�Dyer’s�points�are�well�taken�(and�are�
welcome�even�if�largely�reiterating�concerns�expressed�
elsewhere),�their�overall�coherence�is�reduced�by�the�au-
thor’s�desire� to� recognize� a�variant�of� the�prediction�
research�task�that�he�describes�as�‘‘identifying�variables�
that�predict�some�health�state’’.�Specifically,�I�believe�his�
‘‘mistake� 1’’� is� largely�misconceived.�He� emphasizes�
correctly�that�the�concept�of�confounding�has�no�role�in�
addressing�descriptive�and�predictive�research�questions�
but�then�seeks�to�defend�a�role�for�regression�adjustment�
in�a�variant�of�prediction�research�that�is�described�as�
‘‘prognostic�factor�research’’.�In�a�rejoinder�[3]�to�invited�
commentaries�on�our�‘‘call�for�reform’’�paper,�we�point�
out� that� prognostic� factor� research� does� not�
generally� address� a� well-posed� research� question.� It

seeks�to�identify�(independent)�prognostic�factors�while�
failing�first�to�provide�a�clear�definition�of�a�prognostic�
factor.

Following�the�lead�of�others�(especially�an�influential�
overview�paper�from�the�PROGRESS�guidelines�group�
[4]),�Dyer�provides�the�general�definition�that�a�prognostic�
factor�is�a�variable�that�is�‘‘associated�with�a�future�health�
outcome�among�people�with�a�particular�disease�or�health�
status’’.�Taken�at�face�value,�however,�this�would�allow�
many�variables�to�be�defined�as�prognostic�factors,�as�truly�
null�bivariate�associations�are�uncommon.�The�field�of�
prognostic�factor�research�thus�promotes�the�idea�that�atten-
tion�should�focus�on�factors�for�which�their�‘‘prognostic�
value�over�established�prognostic�factors’’�can�be�estab-
lished.�However,�there�is�no�clarity�around�exactly�what�this�
means�and�how�it�can�be�defined�and�then�evaluated.�
Instead,�in�a�tradition�that�seems�to�have�originated�with�
a�great�pioneer�of�biostatistical�methods�in�practice,�Doug�
Altman�[5],�researchers�turn�to�the�use�of�multivariable�
regression�for�assessing�the�evidence�that�a�putative�predic-
tive�factor�demonstrates�an�independent�effect,�over�and�
above�other�predictors.

The�difficulty�is�that�this�approach�appears�to�tie�the�
definition�of�prognostic�factor�to�a�null�hypothesis�about�
a�coefficient�in�an�assumed�regression�model.�This�in�turn�
makes�it�very�difficult�to�discern�an�inherent�meaning�in�
the�concept,�unless�the�proposed�model�is�assumed�to�
represent�the�‘‘true’’�data�generating�process,�which�is�
highly�implausible�in�practice�[2].�Ultimately,�we�end�up�
with�the�circularity�that�the�definition�of�a�prognostic�fac-
tor�in�practice�is�that�it�is�a�factor�that�has�been�declared�to�
have�a�statistically�significantly�coefficient�in�a�multivari-
able�regression�model�(‘‘adjusting’’�for�other�predictors)�in�
a�currently�available�dataset.�Thus�the�definition�becomes�
inseparable�from�the�method�for�determining�whether�the�
factor�meets�the�definition,�that�is,�whether�it�has�an�‘‘in-
dependent’’� effect…� Furthermore,� this� method� may�
clearly�return�different�results�depending�on�which�other�
predictors�have�been�included,�details�of�model�specifica-
tion�(especially�for�continuous�variables,�but�also�with
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respect�to�interactions),�statistical�significance�threshold,�
and,�of�course,�sample�size.

These�difficulties�may�be�illustrated�in�the�brief�example�
on�prognosis�in�amyotrophic�lateral�sclerosis�that�Dyer�
uses.�He�cites�an�extensive�systematic�review�[6]�that�ex-
amines�evidence�on�a�wide�range�of�potentially�prognostic�
factors,�observing�that�because�a�clinical�indicator�(bulbar�
onset)�is�more�likely�to�be�seen�at�diagnosis�in�older�(rather�
than�younger)�patients,�then�it�was�important�‘‘to�confirm�

that�bulbar�onset�is�predictive�of�poorer�prognosis�over�
and�above�age�in�adjusted�analyses’’.�This�implies�that�a�
rather�simple�regression�model�could�provide�a�definitive�
answer�to�an�inherently�complex�and�ill-defined�question.�
In�fact,�the�results�of�such�an�analysis�would�depend�on�
many�analytic�decisions�around�model�specification�(scale�
of�outcome,�nature�of�age�relationship,�presence�or�absence�
of� interactions,� including� across� populations),� not� to�
mention�the�key�issue�of�sample�size.�In�a�small�study,�with�
an�ambitious�model,�the�‘‘effect’’�of�interest�might�well�
appear�to�be�‘‘nonsignificant’’.�It�is�interesting�that�the�au-
thors�of�the�review�only�conclude,�sensibly,�that�‘‘there�is�a�
general�consensus�that�older�age�and�bulbar�onset�are�nega-
tively�related�to�amyotrophic�lateral�sclerosis�outcome,�but�
the�complex�relationship�between�age,�female�gender,�and�
bulbar�onset�remains�to�be�clarified.’’�This�example�high-
lights�the�difficulties�that�arise�from�conflating�the�com-
plexities� of� complex� biological� processes� with� the�
relative� simplicity� of� multivariable� linear� regression�
models.

A�further�concern�with�Dyer’s�discussion�of�prognostic�
factor�studies�is�that�there�is�a�contradiction�between�ele-
ments�of�the�advice�given�under�‘‘mistake�1’’�and�under�
‘‘mistake�2’’.�Under�the�former�heading,�he�recommends�
that�studies�‘‘present�an�adjusted�estimate’’,�to�‘‘assess�ev-
idence�of�[…]�the�extent�to�which�the�candidate�prognostic�
factor�may�be�a�predictor�over�and�above�the�established�
prognostic�factors’’,�implying�that�the�regression�coefficient�
in�question�might�be�of�interest,�beyond�testing�the�corre-
sponding�null�hypothesis.�Yet�under�‘‘mistake�2’’�he�ad-
vises,�quite�reasonably�in�my�view,�that�‘‘the�individual�
coefficients�(in�a�multivariable�prediction�model)�are�not�
particularly�meaningful’’.

Related�concerns�apply�to�Dyer’s�discussion�of�regres-
sion�adjustment�in�descriptive�epidemiology.�The�exam-
ples�cited�do�not�clearly�explain�the�potential�role�for�
regression�models.�If�a�researcher�wishes�to�‘‘describe�
COVID-19�mortality�rates�[…]�according�to�age�groups,�
sex,�or�ethnicity’’,�then�they�should�do�just�that,�that�is,�
present� an� appropriate� cross-tabulation.� A� regression�
model�does�not�assist�with�this,�unless,�for�example,�the�
researcher�is�interested�in�describing�sex�differences�in�a�
hypothetical�population�in�which�the�age�distribution�does�
not�differ�between�the�sexes,�for�which�purpose�a�regres-
sion�model�might�provide�an�avenue�for�model-based�
standardization� of� differences� between� the� sexes.� In

another�(sketch)�example,�the�author�refers�to�describing�
average�patient�trajectories�over�time,�for�the�estimation�
of�which�a�linear�mixed-effects�model�might�be�useful.�
Examining�the�difference�between�men�and�women�might�
be�performed�in�a�number�of�ways,�with�the�proposed�
approach�of�introducing�the�variable�sex�‘‘into�the�model’’�
one�that�might�be�reflexive�for�many�statisticians�but�in�
fact�relies�on�strong�assumptions⨉in�particular�that�the�
age/time�trajectories�in�the�outcome�measure�are�parallel�
between� the� two� sexes,� in� the� scale� chosen� for� the�
outcome.

Here�and�elsewhere,�the�author�exhibits�some�of�the�
same�tendencies�that�we�documented�in�our�article�[2],�
whereby�statisticians�(and�others,�often�leaning�on�what�
they�have�learned�from�statisticians)�tend�to�jump�reflex-
ively�to�the�fitting�of�regression�models�as�if�they�are�an�
omnibus�tool�for�answering�many�questions,�even�in�the�
case�of�questions�that�have�not�been�well�specified.�In�this�
regard,�expressions�such�as�‘‘independent�effect’’�and�‘‘ac-
counting�for�additional�variables’’�(last�sentence�in�the�
paragraph� on� descriptive� epidemiology)� should� be�
avoided,�because�they�do�not�have�a�clear�meaning.�These�
considerations�underlie� the� importance�of�a�structured�
approach�to�question�specification�and�analysis�planning,�
following� our� ‘‘roadmap’’� concept� [2].� This� requires�
beginning�with�absolute�clarity�of�specification�of� the�
research�question,�within�one�of� the� three� categories,�
including�defining�estimands�(target�parameters)�of�inter-
est,�followed�by�consideration�of�assumptions�that�are�
necessary�for�the�data�to�yield�valid�answers.�At�the�final�
step,�an�analysis�plan�is�specified,�often�introducing�further�
assumptions�in�the�form�of�parametric�models�to�facilitate�
the� estimation� of� target� parameters.� Following� this�
approach�provides�a�good�recipe�for�avoiding�the�sorts�
of�mistakes�that�Dyer�discusses.

In�summary,�I�do�not�believe�that�studies�aiming�to�
‘‘identify’’�independent�predictors�or�‘‘prognostic�factors’’�
are�addressing�well-defined� research�questions.� Indeed,�
beyond�the�issues�already�raised,�there�is�a�broader�question�
of�the�extent�to�which�it�is�ever�sensible�to�frame�a�research�
question�as�if�it�could�be�answered�dichotomously,�as�in�‘‘is�
this�an�(independent)�prognostic�factor?’’�Prediction�ques-
tions,�which�include�prognosis,�are�those�that�involve�the�
development�of�a�model�or�algorithm�to�provide�predictions�
of�outcomes�using�available�variables�that�are�potential�pre-
dictors.�Some�variables�may�have�greater�predictive�value�
than�others,�but�this�should�be�assessed�by�comparing�the�
predictive�value�of�the�model�or�algorithm�with�and�without�
the�use�of�that�variable,�not�by�examining�its�‘‘independent�
effect’’�in�a�multivariable�regression�model.�More�broadly,�
debates�on�whether�to�‘‘adjust’’�or�not�for�certain�variables�
in�a�regression�model�can�only�be�answered�by�situating�the�
analysis�within�a�sharply�defined�research�question�and�a�
sharply�defined�rationale�for�specifying�a�regression�model�
in�the�first�place.
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