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CSM Agenda Today

* Canvass
— Sage Handbook/Reader

* “Inference by Design”: outline, ideas, amendments

e Share

— Intellectual excitement
* Philosophy, statistics, public health, econometrics

 Methodological caveat






Presentation Outline

Rationale, motivation
Four “key” papers

The Handbook

— Volume | — Background

— Volume Il = Comparing like with like

— Volume Il — Panel data and instruments
— Volume IV — Experimental analogues

Concluding thoughts



What’s at Issue

 Fundamental issue of policy science

— how to draw “credible” (causal?) inferences from
observational data

e Causal identification via data analysis
— often a form of speculative post-mortem

* Basic conundrum of causal reasoning

— impossible to observe unit response under alternative
conditions



Rationale of Proposal

Traditional statistical theory
mainly about representation not causation (i.e. sampling)

Statistical inference=>causal inference
random assignment and manipulation of treatment conditions

Counterfactual/potential outcomes
conceptually bridges experimental/observational settings

Forward causation only
cause-to-effect (e.g. impact of policy intervention)

Econometrics
a parallel community of policy practice






Four “Key” Papers

Counterfactual thinking

— Estimating the effects of potential public health interventions.
Ahern et al. AJE 2009

Using panel data

— Does marriage reduce crime? Sampson et al. Criminology 2006

Statistical reasoning
— Causal inference using potential outcomes. Rubin, JASA 2005

The econometric paradigm

— How better research design is taking the con out of
econometrics. Angrist/Pischke, J Econ Persp 2010
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Counterfactual — Neighbourhood Norms

* Population average causal effect

 difference under one intervention vs. another (or none) by
estimating counterfactual exposures->outcomes

* Epidemiological association smoking/norms

e estimate counterfactual - impute new pattern of
neighbourhood smoking norms and derive smoking levels

* Prevalence estimates if norms “manipulated”
e 17% (versus 29%) if all neighbourhoods prohibitive



Ahern et al.
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Sampson et al.

CRIMINOLOGY

DOES MARRIAGE REDUCE CRIME?
A COUNTERFACTUAL APPROACHTO
WITHIN-INDIVIDUAL CAUSAL EFFECTS

ROBERT J. SAMPSON
Harvard University

JOHN H. LAUB
University of Maryland

CHRISTOPHER WIMER
Harvard University

KEYWORDS: marriage, crime, causality, counterfactual methods,
life course

Although marriage is associated with a plethora of adult oulcomes,
its causal siatus remains controversial in the absence of experimental
evidence. We address this problem by introducing a counterfactual life-
course approach that applies inverse probability of treatment weighting
(IPTW} to yearly longitudinal data on marriage, crime, and shared
covariates in a sample of 500 high-risk boys followed prospectively
from adolescence 1o age 32. The data consist of criminal histories and
death records for all 500 men plus personal interviews, using a life-
history calendar, with a stratified subsample of 52 men followed to age
70. These data are linked lo an extensive battery of individual and
family background measures gathered from childhood to age 17—
before entry into marriage. Applying IPTW to multiple specifications
that also incorporale extensive time-varying covariates in adulthood,
being married is associated with an average reduction of approximately
35 percent in the odds of crime compared to nonmarried states for the
same man. These results are robust, supporting the inference that states
of marriage causally inhibit crime over the life course.

We thank the Russell Sage Foundation (Grant # ES-01-23) for funding support and
the following colleagues for advice: Chris Wiaship, Felix Elwert, David Harding,
Steve Rawdenbush, Guanglei Homs, Jamic Robins, and the reviewers of
Criminology. Direct all correspondence to Robert J. Sampson, Department of
Saciology, Harvard University, William James Hall, 33 Kirkland St, Cambridge,
MA (2138 USA; c-mail: rsampson@wjhharvard.cdu.

CRIMINOLOGY VOLUME 44 NUMBER 3 2006 465
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Using Panel Data - Marriage and Crime

* Does marriage reduce crime?

* issues of selection and confounding

* Longitudinal data available on “high-risk” men

* within-individual analysis of role of marriage

* Do states of marriage causally inhibit crime?

* Yes — average 35% reduction compared to non-married
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Rubin

Causal Inference Using Potential Outcomes: Design, Modeling, Decisions

Donald B Rubin
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Statistical Reasoning - Design and Decisions

e Science and design vs. analysis and decisions

* Fisher never related his work on likelihoods and models to
his work on experimental design

* Neyman — potential outcomes of treatment

* defines causal effects for both randomised and non-
randomised studies (“Neyman-Rubin” model)

* Causal inference and assignment mechanism

* assigns treatments to units (randomised in experiments),
creating special type of missing data
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Angrist and Pischke

Journal of Economic Perspectises—Volume 24, Number 2—Spring 2010—Pages 3-30

The Credibility Revolution in Empirical
Economics: How Better Research Design
is Taking the Con out of Econometrics

Joshua D. Angrist and Jorn-Steffen Pischke

ust over 2 quarter century ago, Edward Leamer (1083) reflected on the state of

empirical work in economics. He urged empirical researchers to “uake the con

out of econometrics” and memorably observed (p. 37): “Hardly anyone takes
data analysis seriously. Or perhaps more accurately, hardly anyone takes anyone
else’s data analysis seriously.” Leamer was not alone; Hendry (1980), Sims (1080),
and others writing at about the same time were similarly disparaging of empirical
practice. Reading these commentaries as late-1930s Ph.D. students, we wondered
abour the prospects for a satisfying career doing applied work. Perhaps credible
empirical work in economics is a pipe dream. Here we address the questions of
whether the quality and the credibility of empirical work have increased since
Leamer’s pessimistic assessment. Our views are necessarily colored by the areas of
applied microeconomics in which we are active, but we look over the fence at other
areas as well.

Leamer {1985) diagnosed his contemporaries’ empirical work as suffering
from a distressing lack of robustness 10 changes in key assumptions—assump-
tions he called “whimsical” because one seemed as good as another. The remedy
he proposed was sensitivity analysis, in which researchers show how their results
vary with changes in specification or functional form. Leamer's critique had a
refreshing emperor's-new-clothes earthiness that we savored on first reading and
still enjoy wday. But we're happy to report that Leamer’s complaine that “hardly
anyone @akes anyone else’s data analysis seriously” no longer seems justified.

u fushua D). Angrist is Ford Professor of Economics, Massachusetls nstitute of Technolagy,
Cambridge, Massachusetts. forn-Steffen. Pischke is Professor of Economics, London School
of Economics, London, United Kmgdom. Their e-mail addresses are {engrist@mil.edu) and
{5 pischke@ise.ac. k).
doi-10.1257Jep. .23
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Econometrics - “Better” Research Design

* “take the con out of econometrics” (1985)
* Leamer “Hardly anyone takes data analysis seriously.”

e Better research design — quasi-experimental

* Instrumental variables, regression discontinuity,
differences-in-differences

* Has the design pendulum swung too far?
* Lack of external validity; ignore the big questions?
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Angrist and Pischke

Figure ]

Homicide FEates and the Death Penalty in the United States and Canada
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Sage Handbook Series

Sage Benchmarks in Social Research Methods
Four-volume readers

75 “readings”

Previous examples

— Social Statistics

— Causality
— Computational Social Science

Working title: “Inference by Design”



Current Structure of Proposal

Volume | — Background

e Causal inference
* Potential outcomes
* “Evaluation research”

Volume |l — Comparing like with like

* Matching methods

* Propensity scoring
Volume Ill — Panel data and instruments

* Fixed effects
e Difference-in-difference
* Instrumental variables

Volume IV — Experimental analogues
e Regression discontinuity
* Quasi-experiments, natural experiments
* Field experiments



Volume | - Background

e A. Causal inference from observational data
e B. Potential outcomes and counterfactuals

* C. Programme and policy evaluation



Causal Inference from Observational Data

DATE AUTHOR(S) TITLE SOURCE

1986 Holland Statistics and causal inference JASA

1999 Winship, Morgan The estimation of causal effects from Ann Rev Sociol
observational data

2000 Little, Rubin Causal effects in clinical and Ann Rev Public
epidemiological studies Health

2000 Sobel Causal inferences in the social sciences JASA

2005 Heckman The scientific model of causality Sociol Methodology

2007 Rubin The design versus the analysis of Statistics in
observational studies for causal effects Medicine

2010 Gangl Causal inferences in sociological research Ann Rev Sociology

12 April 2012
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Causal Inference from Observational Data

 Holland

e Sobel

e Rubin

» The analysis of causation should begin with studying the
effects of causes.

» No causation without manipulation.

» Only causal sequences are counterfactually regular.

» Observational studies can and should be designed to
approximate randomized experiments as closely as
possible.



Potential outcomes and counterfactuals

DATE AUTHOR(S) TITLE SOURCE
1951 Roy Some thoughts on the distribution of earnings Oxford Economic
Papers
1990 Holland Rubin’s model and its application to causal American Journal of
inference ... Epidemiology
1991 Fearon Counterfactuals and hypothesis testing ... World Politics
2001 Morgan Counterfactuals, causal effect heterogeneity, Sociology of Education
and the Catholic School
2003 Harding Counterfactual models of neighbourhood effects | American Journal of
Sociology
2005 Rubin Causal inference using potential outcomes JASA
2006 Sampson et al. Does marriage reduce crime? A counterfactual | Criminology

approach ...

12 April 2012
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Potential outcomes and counterfactuals

* Harding

» This study employs counterfactual models ... to estimate
the effects of neighborhood poverty ...

e Sampson et al.

» Our approach is to extend “counterfactual” methods for
time-varying covariates to a within-individual analysis of
the role of marriage ...



Programme and policy evaluation

DATE AUTHOR(S) TITLE SOURCE

1969 Campbell Reforms as experiments Amer Psych

1975 Alwin, Sullivan Issues of design and analysis in evaluation Sociological Methods
research & Res

1994 Imbens, Angrist Identification and estimation of local average Econometrica
treatment effects

1999 Dehejia, Wahba Causal effects in non experimental studies JASA

2009 Ahern et al. Estimating the effects of potential public health | American Journal of
interventions ... Epidemiology

2009 Imbens, Wooldridge Recent developments in the econometrics of Journal of Economic
program evaluation Lit

2010 Angrist, Pischke The credibility revolution in empirical J Economic

economics: how better ...

Perspectives

12 April 2012
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Programme and policy evaluation

e Ahern et al.

» Causal inference methods allow estimation of the effects
of potential public health interventions ...

e Alwyn, Sullivan

» The principal inferential device whereby the effects of
various policies are made known involves the
incorporation of valid comparison into research design ...



Volume Il = Comparing like with like

* D. Matching methods

* E. Propensity scoring



Matching methods

DATE AUTHOR(S) TITLE SOURCE

1968 Cochran The effectiveness of adjustment by sub- Biometrics
classification in removing bias ...

1984 Rosenbaum, Rubin Reducing bias in observational studies using JASA
sub-classification

1985 Rosenbaum, Rubin Constructing a control group using multivariate | The American
matched sampling ... Statistician

1997 Smith Matching with multiple controls to estimate Sociological
treatment effects in observational studies Methodology

1998 Heckman et al. Matching as an econometric evaluation Review of Economic
estimator Stud

2003 Christakis, Iwashyna | The health impact of health care on families: a | Social Science and
matched cohort study ... Medicine

2004 DiPrete, Engelhardt Estimating causal effects with matching Sociol Methods and
methods ... Research

2005 Smith, Todd Does matching overcome Lalonde’s critique of |J Econometrics
nonexperimental estimators?

2006 Morgan, Harding Matching estimators of causal effects. Sociol Methods and
Prospects, and pitfalls Research

2008 Gilligan, Sergenti Do UN interventions cause peace? Q J Pol Sci

2010 Stuart Matching methods for causal inference Statistical Science

12 April 2012
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Matching methods

 Morgan, Harding

» ... matching techniques can be used effectively to
strengthen the prosecution of causal questions in
sociology

e Stuart

» When estimating causal effects using observational data,
it is desirable to replicate a randomized experiment as
closely as possible by obtaining treated and control
groups with similar covariate distributions.



Propensity scoring

DATE AUTHOR(S) TITLE SOURCE

1983 Rosenbaum, Rubin The central role of the propensity score in Biometrika
observational studies for causal effects

1997 Rubin Estimating causal effects from large data sets [ Ann Internal Medicine
using propensity scores

2001 Hirano et al. Efficient estimation of average treatment effects | EConometrica
using the estimated propensity score

2002 Dehejia, Wahba Propensity score-matching methods for Rev Econom Statist
nonexperimental causal studies

2002 Woodridge Inverse probability weighted estimation for J Econom
general missing data problems

2004 Lunciford, Davidian Stratification and weighting via propensity Statistics in Medicine
scores...

2006 Baser Too much ado about propensity score models? [ Value in Health

2007 Austin et al. Statistics in Medicine

A comparison of the ability of different
propensity score models to balance ...

12 April 2012
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Volume Il — Panel data and instruments

* F. Fixed effects

e G. Difference-in-difference

e H. Instrumental variables.



Fixed effects

DATE AUTHOR(S) TITLE SOURCE

1998 Cherlin et al. Effects of parental divorce on mental health American Sociological
throughout the life course Rev

1998 Duncan et al. How much does childhood poverty affect the American Sociological
life chances of children? Rev

1999 Guo, van Wey Sibship size and intellectual development Am Soc Rev

2000 Conley, Bennett Is biology destiny? Birth weight and life Am Soc Rev
chances

2004 Halaby Panel models in sociological research: Theory | Annual Review of
and practice. Sociology

2011 Gunasekara et al. Change in income and change in self-rated SSM

health: Systematic review

12 April 2012
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Fixed effects

* Halaby

» The fundamental structure of panel data provides the
analytical leverage for ... the estimation of causal effects

e Duncan et al.

» We use whole-childhood data from the PSID to relate
children’s completed schooling and nonmarital fertility to
parental income ...

e Gunsekara et al.

» ... the true causal short-term relationship between
income and health ... may be much smaller than that
suggested by previous, mostly cross-sectional research.



Difference-in-difference

DATE

AUTHOR(S)

TITLE

SOURCE

2004

Bertrand et al.

How much should we trust differences-in-
differences estimates?

Quarterly Journal of
Economics

12 April 2012
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Instrumental variables

DATE AUTHOR(S) TITLE SOURCE

1993 Manski Identification of endogenous social effects: the | Review of Economic
reflection problem Stud

1995 Bound et al. Problems with instrumental variables JASA
estimation...

1996 Angrist et al. Identification of causal effects using JASA
instrumental variables

1996 Heckman Randomisation as an instrumental variable Rev Econ Stat

1997 Staiger, Stock Instrumental variables regression with weak Econometrica
instruments

2011 Denny Instrumental variable estimation of the effect of | SSM
prayer on depression

2011 Sovey, Green Instrumental variables estimation in political Am J Pol Sci
science. A readers’ guide

12 April 2012
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Instrumental variables

* Denny

» Using Instrumental Variables estimation, which allows
one to isolate exogenous variation in prayer, leads to the
conclusion ... there may be some benefit to prayer ...



Volume IV — Experimental analogues

* |. Regression discontinuity
e J. Quasi-experiments and natural experiments

* K. Field experiments.



Regression discontinuity

DATE AUTHOR(S) TITLE SOURCE
1960 Thistlethwaite, Regression-discontinuity analysis: an Journal of Educational
Campbell alternative to ex post facto experiment Psych
1983 Berk, Rauma Capitalising on non-random assignment to JASA

treatments: aregression discount ..

1995 Myer et al. Workers’ compensation and injury duration: American Economic
evidence from a natural exp Rev
1999 Berk, de Leeuw An evaluation of California’s inmate JASA

classification system using a generalised
regression discount design

2001 Hahn et al. Identification of treatment effects by Economtrica
regression discontinuity designs

2008 Imbens, Lemieux Regression discontinuity designs: a guide to J Econom
practice

12 April 2012 Causal Inference in Observational Settings 42




Quasi-experiments and natural experiments

DATE AUTHOR(S) TITLE SOURCE

1985 Berk, Newton Does arrest really deter wife battery? Am Soc Rev

1994 Card and Krueger Minimum wages and employment: a case American Economic
study ... Review

1995 Myer et al. Workers’ compensation and injury duration: American Economic
evidence from a natural exp Rev

2002 Schneeweiss et al. Quasi-experimental longitudinal designs to Journal of Clinical
evaluate drug benefit policy.. Epidemiology

2009 Kirk A natural experiment on residential change American Sociological
and recidivism ... Rev

2010 Strully et al. Effects of prenatal poverty on infant health ASR

12 April 2012
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Field experiments

DATE AUTHOR(S) TITLE SOURCE
2008 Clampet-Lundquist, Neighborhood effects on economic self- American Journal of
Massey sufficiency: a reconsideration of the MTO Sociology
experiment
2008 Ludwig et al. What can we learn from neighbourhood American Journal of
effects from MTO? Sociology
2008 Sampson Moving to inequality: neighborhoods and American Journal of
experiments meet social structure Sociology
12 April 2012 Causal Inference in Observational Settings 44







Concluding Thoughts

e Can insistence on causal purity go too far?
— Smoking and lung cancer; climate change
— Status of predictive and descriptive work?



Davis et al (Lancet article)

*.the: most urgent czllnf allis -n
ernuve Lhe cloak of invisibility
fran the shaulders of Indigenous
pt'-r‘-ple-i—m'.-l onke 1o reveal Hhei

civersity and haritage, but alse L
'=-rl—:-n:'. ontheir cultural tragility
ard Lo protecl ard strengthen
Ibvit essertial, Buaneatinnagl plave
inhuman soriesy.”

Ind'genows Health

Brlakes

THE LANCET

12 April 2012

LI e A IAR
Pt L P
Ltk ]

Quality of hospital care for Maori patients in New Zealand:
ret rospective cross-seotional assessment
FTE KX, 'l'_.\ W e '.:r-' W T PR T, LR N OO T

SRy

Bakgrrsn Sem dodanl g sl bl askaasas poamair—tby Mici—l ks vnsde dbosuns bl
winhrs Do e nepsnks emdabean W ansed s sl s i guahe of Dok vie b B s
dvn e, pro ruahle sl arsd nar 1 indiase =T adbepiee T T LT

Mt ®e undinedk o micral meeniak B g ssckoral mren o sdmlefons 11 goeal padkc hapials
sl T e 1T bk [ ki atis e L araend 0T Erienis s s b U0 13 hredok s sl
by el meaemadr B ureple e 3 s RPper R n T o IR by erenrms gl
Pt TP TR a3l e, =y mhl i £ s e

rllllpmuul:a_llptuuulLu ML 1N DERAE A0 T PRI T LT e e b b
L ctmd e i Dol e g Ak ol wispanal ity

< whin s din. 19 22 clun orars b Bliane cx som gl rith
e g P S T e Sy pp——— -

prevezuble, i-heatnl . dis dapzri perined at.crc ool D ax, s sschalanogaptk oo, and

AT Eir s e e

AL w=- B Aaskrwm =1 pokrlnl orual s sbe=td ve mavwch o comdmily

e Meagprks a v emureh poblicly fedsd verkal omen e Smdtys avyma e bomiel e
e al by Wicai = conpendl puse B Dt pavsed be Bes Solae] i o is8senymo-Reib ogs.
A e o s, DB e ek i el ny el s poaes Las e ablmacal.

Initroales live
Leake o ;o Harus ap e degper b owrsy mulh
s s hesth el cuomer woow
rncdere wth perml btwbesy o W0
Ty bewren pETe g | s, sherier
1h=ae {1 ar rioe T ke amvee dindal
wal  gargankerss ol Ll amd  palwads
meiaesoz, ekl By s bz m Lmabk
. = aoabalble o G pebcbal o sy
sfvarcia oy ITEm Ira B who mT i
e Moo, shelbs hmy cbores Hed
T nrre groups @ Tad secenl mres v
o e deer fied 50 2 arpam e e Snaheorhod tan
e 1T enfin o eh o e

S Trealand ean 3 ey beclganrin mieons, ke
Waua—lhal lup scmblinlal doadwanaga o 1]
alalaaanparal will Jenarc r prpekles. wiied
punagdl o Bk v oo™
aod |63 sazecamer a1 Enk Ay bow 5.5 5
thaa k= nzadtlcn edvezmle Sambh Lam and
Vach: mramk gross asc s e lethr lnady
hrhy dreriame a7 mhieoe indigroe e
e gl ol ke Srork A1 Akbnesy e
FreerTrom s sorerabred e ey af sakareng

hnded, serth iy dockoremarsgeg oo = peasho

v ool ore. | oplod s e vl 5= o of dasae
mim :m'u. v oumlke and

remrkren Ifr“-n.fl‘lr T crhe o C el
Tl !
T F Tk B oaweemen o deardee fromr
1N IR g A K gl 2 Rk
sy s L v sl
b ezcrap ke, e gl Lele Uiy bre
.-x’:';n:\u.l h ez —ﬂ'.m: TR, A

e 1I.b|'.r inndr
Tremat ke raTr o maane e bk
e remerrrp bk e vk Tkl e ek e et
s e e ol e s hem o e
Cao oo T cacewd e sz ol L oarsse wsd
wanarcid duug basaml® Fad enak d aed
G lamisa o el ol we claal il o daare
fexpmadss fwy e adainza belh soectes
md.ndh. prmee 2 BT AT 3T AN, S o

s ™ k. mimiz mimnlk “ersadkable
rr“—rr: n prfedmol iy o TreTnn
Atk rgebk ey on ooreme hrrndn of
Fraty P vkl preortcl addanes o mrverirem
2l um L padwater 2 o mad iy mo s
mgan W ool el
235 FLIE BRI LI

v matmr uin i ok prders 1z waslz
e dand

e Bt veem WA e 10 L

Causal Inference in Observational Settings

47



Davis et al. (Medical Care article)

MEDICAL
CARE

-
. ——
Qratos o Toame e

-

Al

12 April 2012

.wh— - - Swmas \ @9 -
-—

ORIGINAL ARTICLE

Do Hospital Bed Reduction and Multiple System Reform
Affect Patient Mortality?

A Trend and Multilevel Analysis in New Zealand Over the Period
1988-2001

Peter Davis, PhD,* Roy Lay-Yee, MA,* Alastair Scout, PhD, and Robin Gauld, FhD}

Background: The impact of hospital and system
the quakity and pattemn of care is an important issue of public pulu:\'
comcem.
Objective: To assess the effect on patterns of care and patent
catcomes of a substantial reduction in public hospital bed availabil-
ity and multiple reorganizations in New Zealand through the 1990s.
Research Design: Trend analysis using both tabular and multilevel
technsques.
Subjects: Access to discharge datn, amounting to 6,639,487 records,
was secured for all 34 major public hospatals m New Zealand cver
the period 19852001
Ouicome Measures: Number of discharges. admission rate, access
levels, mean bength of stay, anplanned readmission rate, und 60-day
postadmission martality rate.
Resulis: Akboagh the number of inpaticnt beds in use declined by
onc-third over the period and the naticnal population grew by nearly
cae-fifth, discharge volumes increased significandy and rates of
inpatient admission were maintuned, as were access levels for
valnerable groups. These chamges were accompanied by workload
ad;usrm:nl! (s halving i length of stzy and an imcreasc by @ quarter
rates). Yet dy patient mor-
nlny decreased by a quarter over the period of study, a rate of
dechine that was slowed by the major workload adjustments but not
by reform phase.
Conchusions: Other things being equal, a substantial reduction in
inpatient bed availability can he effected in national public koepital
systems, while largely maintximing nccess and quality of care
However, the warkload adjustments that are required may show
improvements in patient ostcomes.

Key Words: bealth system reform, patient owicemes, mallevel
ysis
(Med Care 2007;45: 1186-1194)

there has been a i change in the
role of the huﬂ:lllal through the 19%0s, with higher rates of
admission, shorter periods of sy, and growing rates of
outpatient and day care ! An important strand in this change
in rolle was a conscious restructuring of hospital workforce
and redesign of work in inpatient settings scross the devel-
oped world? Over this same period, many of these countries
also underwent bouts of broader health reform.* New Zea-
land, where the government pays for §0% of health care and
public institutions dominate the health system, was no excep-
tion. The country underiook 4 sets of changes to the publicly-
funded health system wp to 2001 (see Fig. 1), including a
succession of public hospital sector reorganizations * At the
same time, in a related trend, the sector experienced a
substantial raduction in the availability of inpatient beds *
The substantive inferest in the New Zealand case is 4-fold
First, it was one of a group of countries with national health
service-type systems that implemented a suite of marketori-
ented reforms from the late-1980s to the mid-1990s (the others
being Italy, Spain, Sweden, and the United Kingdom).* These
reforms were typically intended to create a “market” for publicly-
funded health services by instituting competitive tendering
between government-purchasing agencies and service provid-
ers vying among one another to win contracts to provide
public services. and also by transforming public hospitals into
public corporations expected to function like private cost-
conscious businesses. These were features of the second and
third reform phases in Mew Zealand (see Fig. 1). Second, this
suite of reforms probably went Further and faster in New
Zealand than anywhere else and were part of a broader
reform thrust in economic and social policy. They also
drew widespread popular and political opposition.® Third,
New Zealand simultaneously expenenced both a substanbial
reduction in nvmlabllll)' Dl'publll: huq:nlal beds and 4 separate
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structural ‘ourth, even though many of
these reform experiments were sbm ]wed. internationally, as
Or has noted, “the lack of proper evaluation . . . is striking.™
particularly with concems about possible effects on access
and quality.®

Given the strength and coherence of the reform pro-
gram, and its powerfully managerial and efficiancy objec-
tives,* 2 key questions arise. First, how did the performance
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Concluding Thoughts

Can insistence on causal purity go too far?
— Smoking and lung cancer; climate change
— Status of predictive and descriptive work?

Still plenty of “wriggle room” in clinical trials

— Major investment in flu vaccine despite doubts

But still a worthwhile criterion
— Lack of clinical trial scrutiny for hip replacement

The policy sciences need this credibility
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