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MEDIATION	  ANALYSIS	  IN	  SOCIAL	  EPIDEMIOLOGY	  

§  The	  goal	  of	  mediaOon	  analysis	   is	   to	  assess	   the	  mechanisms	   that	  
explain	   an	  observed	   relaOon	  between	  an	  exposure	   variable	   and	  
an	  outcome	  and	  how	  they	  relate	  to	  a	  third	  variable,	  the	  mediator	  	  

§  MediaOon	   analysis	   is	   fundamental	   to	   understanding	   how	   social	  
factors	  contribute	  to	  populaOon	  health	  

§  However,	   the	   relevance	   of	   mediaOon	   to	   the	   study	   of	   social	  
determinants	  has	  not	  always	  been	  appreciated	  	  
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Social	  factor	   Mediator	   Health	  outcome	  
Figure	  1.	  The	  “direct	  effect”	  of	  a	  social	  factor	  on	  health	  



A	  PARADIGM	  SHIFT	  

§  In	   the	   mid	   to	   late	   1990s,	   there	   was	   substanOal	   debate	   in	  
epidemiology	   over	   what	   unit	   of	   analysis	   (i.e.,	   micro/geneOc,	  
individual/behavioral,	  or	  macro/social)	  is	  most	  relevant	  health	  	  

§  From	   this	   debate	   emerged	   the	   recogniOon	   that	   “We	   need	   to	   be	  
equally	   concerned	  with	   causal	   pathways	   at	   the	   societal	   level	   and	  
with	  pathogenesis	  and	  causality	  at	  the	  molecular	  level.”	  (Susser2)	  

§ A	  mulOlevel	  paradigm	  developed,	  and	  with	   it	  came	  a	  profusion	  of	  
hierarchical	   conceptual	   frameworks—invesOgaOng	   mediaOon	   of	  
social	  by	  biological	  factors,	  as	  well	  as	  earlier	  by	  later	  exposures,	  has	  
become	  a	  prolific	  research	  area	  in	  social	  epidemiology	  
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SOME	  MULTILEVEL	  FRAMEWORKS	  
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RELEVANCE	  OF	  MEDIATION	  ANALYSIS	  TO	  SDH	  

1.  IdenOfying	  criOcal	  periods	  over	  the	  life	  course;	  e.g.,	  does	  adult	  
SES	  mediate	  the	  effects	  of	  childhood	  SES	  on	  health?	  

2.  Assessing	  factors	  that	  explain	  social/racial/gender	  inequaliOes;	  
e.g.,	  do	  health	  behaviors	  mediate	  social	  inequaliOes	  in	  health?	  

	  
3.  What	  are	  the	  mechanisms	  that	  explain	  the	  effects	  of	  social	  

intervenOons;	  e.g.,	  what	  explains	  the	  effects	  of	  CCT	  programs?	  
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(2)	  TRADITIONAL	  METHODS	  FOR	  MEDIATION	  ANALYSIS	  
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BARON	  AND	  KENNY’S	  “PRODUCT	  METHOD”	  

§  In	  parallel	  to	  the	  development	  of	  theoreOcal	  frameworks	  has	  been	  
the	  evoluOon	  of	  empirical	  methods	  for	  mediaOon	  analysis	  

§ One	  method	  for	  mediaOon	  analysis,	  known	  as	  the	  product	  method,	  
was	  popularized	  by	  the	  work	  of	  Baron	  and	  Kenny	  (B&K)	  

§  B&K	   provided	   a	   simple	   approach	   for	   decomposing	   the	   overall	  
effect	  of	  an	  exposure	  on	  an	  outcome	  into	  direct	  and	  indirect	  parts	  
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ESTIMATING	  DIRECT	  AND	  INDIRECT	  EFFECTS	  VIA	  B&K	  	  

With	   a	   conOnuous	   mediator	   and	   outcome,	   the	   direct	   and	   indirect	  
effects	  can	  be	  esOmated	  by	  finng	  two	  regression	  models:	  
	  	  
[1]	  	  
	  	  
[2]	  
	  
The	  direct	  effect	  is	  given	  by	  	  	  	  	  	  and	  the	  indirect	  effect	  by	  	  
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Poll:	  How	  common	  	  
is	  this	  approach?	  



IS	  IT	  TIME	  TO	  ADMIT	  THAT	  WE	  HAVE	  A	  PROBLEM?	  

§  The	  B&K	  method	  has	  been	  cited	  ~50,000	  Omes	  (Google	  scholar)	  

§ However,	  it	  gives	  unbiased	  results	  under	  very	  specific	  circumstances	  

§  Specifically,	   the	  product	  method	  cannot	  be	  used	   to	  esOmate	  direct	  
and	  indirect	  effects	  in	  models	  with	  interacOons	  or	  nonlineariOes	  	  

§  Further,	   the	  assumpOons	  needed	   for	   the	  direct	  and	   indirect	  effects	  
to	  be	  interpreted	  as	  causal	  (i.e.,	  unconfounded)	  effects	  were	  unclear	  
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(3)	  MODERN	  MEDIATION	  METHODS	  
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RECENT	  DEVELOPMENTS	  IN	  MEDIATION	  ANALYSIS	  

§  Over	   the	   past	   decade,	   there	   has	   been	   a	   “veritable	   explosion”	   of	  
methodological	  developments	  for	  causal	  mediaOon	  analysis	  

§  The	   counterfactual	   framework	   has	   underlined	   the	   assumpOons	  
needed	   to	   idenOfy	   direct	   and	   indirect	   effects,	   including	   the	  
controlled	  direct	  effect,	  and	  natural	  direct	  and	  indirect	  effects	  

§  Newer	  approaches	  also	  accommodate	  senngs	  with	  an	  interacOon	  
between	  the	  exposure	  and	  mediator	  in	  the	  outcome	  model	  	  
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THE	  TOTAL	  EFFECT	  

§  When	   performing	   a	   mediaOon	   analysis,	   we	   oren	   start	   by	  
esOmaOng	  the	  total	  effect	  of	  an	  exposure	  A	  on	  outcome	  Y	  	  

§  The	   total	   effect	   comparing	   the	   outcome	   Y	   when	   we	   change	   the	  
exposure	  from	  level	  a*	  to	  a	  is	  given	  by	  

§  For	   the	   total	   effect	   to	   have	   a	   causal	   interpretaOon,	   we	   must	  
assume	   no	   unmeasured	   confounding	   of	   the	   treatment-‐outcome	  
relaOon	  arer	  accounOng	  for	  potenOal	  confounding	  by	  covariates	  X	  
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THE	  CONTROLLED	  DIRECT	  EFFECT	  

§  The	  controlled	  direct	  effect	  (CDE),	  which	  is	  defined	  as	  the	  effect	  of	  
the	  treatment	  on	  outcome	  had	  we	  intervened	  to	  set	  the	  mediator	  
M	  to	  some	  fixed	  level	  m,	  	  

§  To	  idenOfy	  the	  CDE,	  we	  must	  assume	  no	  unmeasured	  confounding	  
of	  the	  total	  effect	  (A1)	  by	  X;	  we	  must	  also	  assume	  no	  unmeasured	  
confounding	  by	  W	  of	  the	  mediator-‐outcome	  effect	  (A2)	  
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NATURAL	  DIRECT	  AND	  INDIRECT	  EFFECTS	  

§  In	   contrast	   to	   the	   CDE,	   the	   natural	   direct	   effect	   (NDE)	   sets	   the	  
mediator	  for	  each	  individual	  to	  the	  level	  it	  would	  have	  been	  under	  
the	  presence	  or	  absence	  of	  the	  treatment	  	  

§  Corresponding	  to	  the	  NDE	  is	  the	  natural	  indirect	  effect	  (NIE)	  	  

§  Formally	   defined	   by 	   	   	   	   	   	   ,	   the	   NIE	   answers	   the	  
counterfactual	   quesOon:	   if	   we	   were	   to	   hold	   the	   treatment	  
constant,	  what	  would	  the	  effect	  be	  if	  we	  intervened	  to	  change	  the	  
mediator	   from	   the	   value	   realized	  under	   the	   control	   condiOon	   to	  
the	  value	  realized	  under	  the	  treatment	  condiOon?	  
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NATURAL	  DIRECT	  AND	  INDIRECT	  EFFECTS	  

§  In	   addiOon	   to	   the	   assumpOons	   for	  
idenOfying	   the	   CDE,	   addiOonal	  
condiOons	   must	   be	   saOsfied	   for	   a	  
causal	  interpretaOon	  of	  the	  NDE	  &	  NIE	  

§  First,	   no	   unmeasured	   confounding	   of	  
the	   relaOon	   between	   the	   treatment	  
and	  mediator	  (A3),	  indicated	  by	  Z	  

§  Second,	   no	   consequence	   of	   treatment	  
that	   confounds	   the	   relaOon	   between	  
the	  mediator	  and	  outcome	  (A4)	  
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CONTROLLED	  OR	  NATURAL	  MEDIATED	  EFFECTS?	  

§  With	  non-‐lineariOes,	  this	  disOncOon	  can	  become	  important	  	  

§  Natural	  effects	  are	  auracOve	  because	  they	  sum	  to	  the	  total	  effect	  

§  Some	   have	   argued	   that	   natural	   effects	   are	   a	   “cross-‐world”	  
counterfactual	  because	   they	  require	  us	   to	  esOmate	   the	  outcome	  
with	  the	  exposure	  set	  to	  a,	  but	  the	  mediator	  set	  to	  what	  it	  would	  
have	  been	  under	  a*	  —these	  effects	  cannot	  be	  esOmated	  in	  a	  RCT!	  

§  From	  the	  policy	  standpoint,	  the	  CDE	  may	  be	  of	  greater	  interest	  
	  
§  Note:	   If	   we	   suspect	   Pme-‐varying	   confounding	   of	   the	   mediator-‐

outcome	  effect	   	   then	  we	  cannot	   idenOfy	  natural	  effects,	  but	   the	  
CDE	  can	  be	  esOmated	  using	  marginal	  structural	  models	  	  	   19	  
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(4)	  SES	  AND	  HEALTH	  OVER	  THE	  LIFE-‐COURSE	  
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Lawlor	  et	  al.	  (2006)	  

CHILDHOOD	  SES	  IS	  RELATED	  TO	  HEALTH	  IN	  ADULTHOOD	  
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SESC	   SESA	   Health	  

② The	  pathway/social	  trajectory	  model	  (e.g.,	  occupaOonal	  health)	  

③ The	  cumulaOve	  exposure	  model	  

SESC	   SESA	   Health	  
Kuh	  et	  al.	  (2003)	  

① The	  latent	  effects/sensiOve	  period	  model	  (e.g.,	  “Barker”	  hypothesis)	  	  

SESC	   SESA	   Health	  

MEDIATION	  FOR	  TESTING	  LIFE-‐COURSE	  HYPOTHESES	  



HEALTH	  AND	  RETIREMENT	  	  STUDY	  DESIGN	  

§ NaOonal	  sample	  of	  US	  adults	  and	  their	  spouses	  

§ ParOcipants	  selected	  using	  mulO-‐stage	  area	  probability	  sampling	  

§ Biennial	  follow-‐up	  interviews	  (or	  proxy	  interviews	  for	  decedents)	  
conducted	  through	  2006	  

§ 9760	  enrollees	  in	  the	  1992	  cohort	  

1931	   1941	  

Birth	  

1992	   1994	   1996	   1998	   2000	   2002	   2004	   2006	  

Enrollment/	  
Baseline	   Follow-‐up	  
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N=9760	  HRS	  enrollees	  

N=9265	  parOcipants	  with	  baseline	  and	  1+	  follow-‐up	  interview	  between	  1992-‐2006	  

N=8318	  CHD	  free	  	  
parOcipants	  (85%)	  

N=9055	  stroke	  free	  
	  parOcipants	  (93%)	  

N=8278	  diabetes	  free	  	  
parOcipants	  (85%)	  

708	  cases	  (9%)	   2001	  cases	  (24%)	   1461	  cases	  (18%)	  

12.63	  

19.40	   18.50	   18.18	   16.72	   14.56	  

0.00	  

10.00	  

20.00	  

30.00	  

50-‐51	   52-‐53	   54-‐55	   56-‐57	   58-‐59	   60-‐62	  

Baseline	  age	  (%)	  

47.07	  52.93	  

Sex	  (%)	  

Male	   Female	  
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78.84	  

21.16	  

Race/ethnicity	  (%)	  

White/other	   Black	  

HEALTH	  AND	  RETIREMENT	  	  ANALYTICAL	  SAMPLE	  



MEASURES	  
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SESC	   SESA	   Health	  

§  Outcome:	  incident	  (CHD),	  diabetes,	  and	  stroke	  
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SESC	   SESA	   Health	  

§  Outcome:	  incident	  (CHD),	  diabetes,	  and	  stroke	  
§  SESC=ƒ(father’s	  educaOon,	  mother’s	  educaOon,	  region	  of	  birth,	  

rural/urban	  residence,	  father’s	  occupaOon)	  
	  

MEASURES	  
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SESC	   SESA	   Health	  

§  Outcome:	  incident	  (CHD),	  diabetes,	  and	  stroke	  
§  SESC=ƒ(father’s	  educaOon,	  mother’s	  educaOon,	  region	  of	  birth,	  

rural/urban	  residence,	  father’s	  occupaOon)	  
§  SESA	  =	  ƒ(educaOon,	  occupaOon,	  employment,	  income,	  wealth)	  
	  

MEASURES	  
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SESA	   Health	  X	  

§  Outcome:	  incident	  (CHD),	  diabetes,	  and	  stroke	  
§  SESC=ƒ(father’s	  educaOon,	  mother’s	  educaOon,	  region	  of	  birth,	  

rural/urban	  residence,	  father’s	  occupaOon)	  
§  SESA	  =	  ƒ(educaOon,	  occupaOon,	  employment,	  income,	  wealth)	  
§  Baseline	  characterisOcs	  (X)	  =	  age,	  sex,	  race,	  childhood	  health	  
	  

SESC	  

MEASURES	  
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SESC	   SESA	   Health	  X	  

W	  

§  Outcome:	  incident	  (CHD),	  diabetes,	  and	  stroke	  
§  SESC=ƒ(father’s	  educaOon,	  mother’s	  educaOon,	  region	  of	  birth,	  

rural/urban	  residence,	  father’s	  occupaOon)	  
§  SESA	  =	  ƒ(educaOon,	  occupaOon,	  employment,	  income,	  wealth)	  
§  Baseline	  characterisOcs	  (X)	  =	  age,	  sex,	  race,	  childhood	  health	  
§  Time-‐varying	  risk	  factors	  (W):	  smoking,	  high	  blood	  pressure,	  BMI,	  

self-‐rated	  health,	  diabetes,	  funcOonal	  limitaOons	  
	  

MEASURES	  



STATISTICAL	  ANALYSES	  
① EsOmate	  the	  “total	  effect”	  of	  SES	  on	  mortality	  	  
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① EsOmate	  the	  “total	  effect”	  of	  SESC	  on	  mortality	  
② EsOmate	  the	  direct	  effect	  of	  SESC	  on	  health	  by	  adjusOng	  for	  SESA	  

(the	  B&K	  approach)	  
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STATISTICAL	  ANALYSES	  



① EsOmate	  the	  “total	  effect”	  of	  SESC	  on	  health	  
② EsOmate	  the	  direct	  effect	  of	  SESC	  on	  health	  by	  adjusOng	  for	  SESA	  

(the	  B&K	  approach)	  
③ EsOmate	  the	  direct	  effect	  of	  SESC	  on	  health	  using	  a	  inverse	  

probability	  weighted	  marginal	  structural	  model	  (MSM)	  
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STATISTICAL	  ANALYSES	  



EFFECT	  DECOMPOSITION/REGRESSION	  APPROACH	  

	  
① “Total	  effects”	  model:	  

	  

	  

	   SESC	   SESA	  

Risk	  factors	  

Y	  Confounders	  
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� 

log
Pr Yi =1( )

1 − Pr Yi =1( ) = β0 + β1SESiC + β2Confounders



	  
① “Total	  effects”	  model:	  

	  

	  

	  

� 

log
Pr Yi =1( )

1 − Pr Yi =1( ) = β0 + β1SESiC + β2SESiA + β3Confounders + β4Risk_ factors

SESC	   SESA	  

Risk	  factors	  

Y	  Confounders	  
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log
Pr Yi =1( )

1− Pr Yi =1( ) = β0 + β1SESiC + β2Confounders

	  
② “MediaOon”	  model:	  

	  

	  

	  

EFFECT	  DECOMPOSITION/REGRESSION	  APPROACH	  



MARGINAL	  STRUCTURAL	  MODEL/IPW	  APPROACH	  

� 

wi
SESC =

1
P(SESC = SESi

C Confoundersi)

� 

wi
SESA =

1
P(SESA = SESi

A SESi
C ,Confoundersi,Risk _ factorsi)

� 

log
Pr Yi =1( )

1 − Pr Yi =1( ) = β0 + β1SESiC + β2SESiA

� 

,W = wi
SESC *wi

SESA

SESC	   SESA	  

Risk	  factors	  

Y	  Confounders	  
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� 

P(SESC = SESi
C )

� 

P(SESA = SESi
A SESi

C )

VanderWeele	  (2009)	  
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CHD:	  TOTAL	  EFFECT,	  B&K,	  AND	  MSM	  RESULTS	  

38	  



DIABETES:	  TOTAL	  EFFECT,	  B&K,	  AND	  MSM	  RESULTS	  
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STROKE:	  TOTAL	  EFFECT,	  B&K,	  AND	  MSM	  RESULTS	  
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(5)	  CONCLUSIONS	  AND	  FUTURE	  DIRECTIONS	  
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SUMMARY	  OF	  FINDINGS	  

§  Regression	   esOmates	   of	   the	   direct	   effect	   of	   early-‐life	   SES	   on	  
health	  were	  auenuated	  relaOve	  to	  MSM	  esOmates	  

§  Marginal	  structural	  models	  showed	  a	  dose-‐response,	  direct	  effect	  
of	  early-‐life	  SES	  on	  stroke	  and	  diabetes,	  but	  not	  CHD	  

§  Most	   theories	   of	   life-‐course	   development	   of	   chronic	   disease	  
suggest	   an	   underlying	   causal	   structure	   in	   which	   the	   marginal	  
structural	  model	  would	  idenOfy	  the	  causal	  effect	  of	  interest,	  but	  
the	  convenOonal	  regression	  approach	  would	  not	  
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THE	  VALUE	  OF	  MEDIATION	  ANALYSIS	  IN	  EPIDEMIOLOGY	  

§  MediaOng	  pathways	  are	  not	  only	  omnipresent	  in	  epidemiologic	  
frameworks,	  but	  there	  may	  be	  value	  in	  mediaOon	  tests:	  

§  One	   of	   the	   challenges	   of	   studying	   macro-‐level	   determinants	   of	  
health	  over	  the	  life-‐course	  is	  that	  “we	  are	  oRen	  at	  somewhat	  of	  a	  
loss	  as	  to	  how	  to	  change	  the	  ‘fundamental’	  cause	  of	  the	  outcome,	  
but	   have	   more	   opPmism	   that	   we	   could	   change	   a	   putaPve	  
mediator,	   and	   the	   preferred	   policy	   response	   would	   obviously	  
depend	  on	  the	  primary	  mediators”	  	  (M	  Glymour)	  
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