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b. A paradoxical approach to this state of the world
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ABSTRACT
OBJECTIVE
To assess the impact of communicating DNA based
disease risk estimates on risk-reducing health
behaviours and motivation to engage in such
behaviours.
DESIGN
Systematic review with meta-analysis, using Cochrane
methods.
DATA SOURCES
Medline, Embase, PsycINFO, CINAHL, and the
Cochrane Central Register of Controlled Trials up to 25
February 2015. Backward and forward citation searches
were also conducted.
STUDY SELECTION
Randomised and quasi-randomised controlled trials
involving adults in which one group received
personalised DNA based estimates of disease risk for
conditions where risk could be reduced by behaviour
change. Eligible studies included a measure of
risk-reducing behaviour.

medication use, sun protection behaviours, and
attendance at screening or behavioural support
programmes) or on motivation to change behaviour,
and no adverse effects, such as depression and
anxiety. Subgroup analyses provided no clear evidence
that communication of a risk-conferring genotype
affected behaviour more than communication of the
absence of such a genotype. However, studies were
predominantly at high or unclear risk of bias, and
evidence was typically of low quality.
CONCLUSIONS
Expectations that communicating DNA based risk
estimates changes behaviour is not supported by
existing evidence. These results do not support use of
genetic testing or the search for risk-conferring gene
variants for common complex diseases on the basis
that they motivate risk-reducing behaviour.

Expectations that communicating DNA based
Accepted: 14 February 2016

SYSTEMATIC REVIEW REGISTRATION
This is a revised and updated version of a Cochrane
review from 2010, adding 11 studies to the seven
previously identified.

risk estimates changes behaviour is not
RESULTS
We examined 10 515 abstracts and included 18 studies
that reported on seven behavioural outcomes,
including smoking cessation (six studies; n=2663),
diet (seven studies; n=1784), and physical activity (six
studies; n=1704). Meta-analysis revealed no
significant effects of communicating DNA based risk
estimates on smoking cessation (odds ratio 0.92, 95%
confidence interval 0.63 to 1.35, P=0.67), diet
(standardised mean difference 0.12, 95% confidence
interval −0.00 to 0.24, P=0.05), or physical activity
(standardised mean difference −0.03, 95% confidence
interval −0.13 to 0.08, P=0.62). There were also no
effects on any other behaviours (alcohol use,

Introduction
Searching for gene variants associated with risks of
common complex conditions, including diabetes and
various cancers, continues to receive considerable
attention.1 2 Although the main target of such research is
more eﬀective treatments, more precise prediction of
disease has also been anticipated. Less attention has
been given to evaluating whether health benefits, in
particular risk-reducing changes in behaviour, can be
realised through communicating the results of such
predictions. For example, does communicating to
smokers that they have an increased genetic risk of
developing lung cancer motivate smoking cessation, or
does telling middle aged people that they have an
increased genetic risk of developing diabetes motivate
increased physical activity to reduce this risk? These are
particularly timely questions, given high levels of interest in personalised medicine and in direct-to-consumer
testing. More than 10 years ago, direct-to-consumer
tests for a range of common complex disorders were
rushed to market. These tests continue to be sold in
Canada, the United Kingdom, and other European
countries, including Denmark, Finland, the Netherlands, Sweden, and Ireland (www.23andme.com/
en-gb/health/; www.23andme.com/en-eu/), with continued international expansion likely. In the United
States, expansion was tempered in 2013 when the Food
and Drug Administration ordered the company
23andme to stop selling its testing kits because of concerns about their accuracy and usefulness, but as of
October 2015 the company has resumed selling some

supported by existing evidence
WHAT IS ALREADY KNOWN ON THIS TOPIC
Genetic testing is being increasingly used in a growing number of healthcare
settings and in direct-to-consumer testing for a range of common complex disorders
There is an expectation that communicating DNA based disease risk estimates will
motivate changes in key health behaviours, including smoking, diet, and physical
activity
There is a need for a rigorous systematic review to examine whether communicating
genetic risks does indeed motivate risk-reducing behaviour change

WHAT THIS STUDY ADDS
The results of this updated systematic review with meta-analysis using Cochrane
methods suggest that communicating DNA based disease risk estimates has little
or no impact on risk-reducing health behaviour
Existing evidence does not support expectations that such interventions could play
a major role in motivating behaviour change to improve population health
the bmj | BMJ 2016;352:i1102 | doi: 10.1136/bmj.i1102
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The genetic architecture of type 2 diabetes
A list of authors and affiliations appears in the online version of the paper

The genetic architecture of common traits, including the number, frequency, and effect sizes of inherited variants that
contribute to individual risk, has been long debated. Genome-wide association studies have identified scores of common
variants associated with type 2 diabetes, but in aggregate, these explain only a fraction of the heritability of this disease.
Here, to test the hypothesis that lower-frequency variants explain much of the remainder, the GoT2D and T2D-GENES
consortia performed whole-genome sequencing in 2,657 European individuals with and without diabetes, and exome
sequencing in 12,940 individuals from five ancestry groups. To increase statistical power, we expanded the sample size
via genotyping and imputation in a further 111,548 subjects. Variants associated with type 2 diabetes after sequencing
were overwhelmingly common and most fell within regions previously identified by genome-wide association studies.
Comprehensive enumeration of sequence variation is necessary to identify functional alleles that provide important clues
to disease pathophysiology, but large-scale sequencing does not support the idea that lower-frequency variants have a
major role in predisposition to type 2 diabetes.
There is compelling evidence that the individual risk of type 2 diabetes
(T2D) is strongly influenced by genetic factors1. Progress in characterizing the specific T2D-risk alleles responsible has been catalysed by
the ability to perform genome-wide association studies (GWAS). Over
the past decade, successive waves of T2D GWAS—featuring ever larger
samples, progressively denser genotyping arrays supplemented by
imputation against more complete reference panels, and richer ethnic
diversity—have delivered more than 80 robust association signals2–8.
However, in these studies, the alleles interrogated for association were
predominantly common (minor allele frequency (MAF) >5%), and
with limited exceptions7,9, the variants driving known association
signals were also common, with individually modest impacts on T2D
risk2–8,10. Variation at known loci explains only a minority of observed
T2D heritability2,3,11.
Residual genetic variance is partly explained by a long tail of common variant signals of lesser effect2. However, the contribution to T2D
risk that is attributable to lower-frequency variants remains a matter
of considerable debate, not least because of the relevance of disease
architecture to clinical application11.
Next-generation sequencing enables direct evaluation of the role of
lower-frequency variants to disease risk7,12,13. This paper describes the
efforts of the coordinated, complementary strategies pursued by the
Genetics of Type 2 Diabetes (GoT2D) and Type 2 Diabetes Genetic
Exploration by Next-generation sequencing in multi-Ethnic Samples
(T2D-GENES) consortia. GoT2D collected comprehensive genomewide sequence data from 2,657 T2D cases and controls; T2D-GENES
focused on exome sequence variation, assembling data (after inclusion of GoT2D exomes) from a multiethnic sample of 12,940 individuals. Both consortia used genotype data to expand the sample size
available for association testing for a subset of the variants exposed by
sequencing.

exome sequence (∼82×), and array-based genotypes at 2.5 million
single nucleotide variants (SNVs) (Extended Data Fig. 1 and Extended
Data Table 1).
We detected, genotyped, and estimated haplotype phase for
26.7 million genetic variants (Extended Data Fig. 1 and Extended
Data Table 2), including 1.5 million short insertion-deletion variants
(indels) and 8,876 large deletions. Individual diploid genomes carried
a mean of 3.30 million variants (range: 3.20 million–3.35 million),
including 271,245 indels (262,201–327,077), and 669 (579–747) large
deletions. These data include many variants not directly studied by
previous GWAS, including all of the indels as well as 420,473 common and 2.4 million low-frequency SNVs that were poorly tagged
(r2 ≤ 0.30)3,4 by genotype arrays. We estimate near-complete ascertainment (98.2%) of SNVs with minor allele counts of greater than 5
(MAF > 0.1%), and high accuracy (over 99.1%) at heterozygous
genotypes (Methods and Fig. 1a). As half of the sequenced individuals were T2D cases, ascertainment was enhanced for any rare or
low-frequency variants that substantially increase T2D risk (Fig. 1a).
Specifically, we estimate ≥80% power to detect (at genome-wide
significance, α = 5 × 10−8) T2D risk variants with MAF ≥ 5% and
odds ratio (OR) ≥ 1.87, or MAF ≥ 0.5% and OR ≥ 4.70 (Extended Data
Fig. 2).
We tested all 26.7 million variants for T2D association by logistic
regression assuming an additive genetic model (Supplementary Table 2).
Analyses using a mixed-model framework to account for population structure and relatedness generated almost identical results.
At genome-wide significance, 126 variants at four loci were associated with T2D (Fig. 1b). These included two previously reported
common-variant loci (TCF7L2 and ADCY5), a previously reported
low-frequency variant in CCND2 (ref. 7) (rs76895963, MAF = 2.6%,
Pseq = 4.2 × 10−9), and a novel common-variant association near EML4
(MAF = 34.8%, Pseq = 1.0 × 10−8). There was no significant evidence of
association with T2D for sets of low-frequency or rare variants within
coding regions, nor within specified non-coding regulatory elements
(Methods).
Power to detect association with low-frequency and rare variants of
modest effect is limited in a sample of 2,657 individuals. To increase
power for variants discovered via genome sequencing, we imputed
sequence-based genotypes into 44,414 additional individuals of
European origin (11,645 T2D cases and 32,769 controls; Methods)
from 13 studies (Supplementary Table 3). We estimated power in
the combined sequence plus imputed data, adjusting for imputation

Comprehensive enumeration of sequence
variation is necessary to identify functional
alleles that provide important clues
to disease pathophysiology, but large-scale
sequencing does not support the idea that
lower-frequency variants have a
major role in predisposition to type 2
diabetes.
Analysis of genome-wide variation

The GoT2D consortium selected for whole-genome sequencing
cases of type 2 diabetes (T2D) and ancestry-matched normoglycaemic controls from northern and central Europe (Methods and
Supplementary Table 1). To increase power to identify low-frequency
(0.5% < MAF < 5%) and rare (MAF < 0.5%) T2D variants with large
effects, we preferentially identified individuals from the extremes of
genetic risk (Methods). The genome sequence of 1,326 cases and 1,331
control individuals was determined through joint statistical analysis of low-coverage whole-genome sequence (∼5×), deep-coverage
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c. A somewhat shambling scientific approach
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ABSTRACT
Background Some effective public health interventions
may increase inequalities by disproportionately benefiting
less disadvantaged groups (‘intervention-generated
inequalities’ or IGIs). There is a need to understand which
types of interventions are likely to produce IGIs, and
which can reduce inequalities.
Methods We conducted a rapid overview of systematic
reviews to identify evidence on IGIs by socioeconomic
status. We included any review of non-healthcare
interventions in high-income countries presenting data on
differential intervention effects on any health status or
health behaviour outcome. Results were synthesised
narratively.
Results The following intervention types show some
evidence of increasing inequalities (IGIs) between
socioeconomic status groups: media campaigns; and
workplace smoking bans. However, for many
intervention types, data on potential IGIs are lacking. By
contrast, the following show some evidence of reducing
health inequalities: structural workplace interventions;
provision of resources; and fiscal interventions, such as
tobacco pricing.
Conclusion Our findings are consistent with the idea
that ‘downstream’ preventive interventions are more
likely to increase health inequalities than ‘upstream’
interventions. More consistent reporting of differential
intervention effectiveness is required to help build the
evidence base on IGIs.

INTRODUCTION
A number of researchers have raised concerns about
the possibility that public health interventions may
increase inequalities in the population. This has
been expressed as an ‘inverse prevention law’,1
analogous to the ‘inverse care law’ posited for
medical care by Tudor Hart,2 stating that those in
most need of beneﬁting from preventive interventions are least likely to receive them. That is, even
where interventions are successful at improving
health across the population, they may increase
health inequalities. This can happen where an
intervention is of greater beneﬁt to advantaged
(lower-risk) groups than to disadvantaged (higherrisk) groups. Such ‘intervention-generated inequalities’ (IGIs) may arise at a number of points in the
implementation of an intervention, including
intervention efﬁcacy, service provision or access,
uptake, and compliance.3 4 Conversely, some
interventions may reduce inequalities, if they are of
greater beneﬁt to disadvantaged groups.
A number of intervention types have been
investigated for the possibility of IGIs, and there is
a substantial body of theoretical work and guidance
on the kinds of interventions which are likely to
190

reduce or increase inequalities.5e7 However, few
studies have sought to bring together what is
known about IGIs across the whole ﬁeld of public
health interventions. The aim of this paper is to
provide an overview of evidence from systematic
reviews in order to provide preliminary indications
as to which types of interventions are more likely
to produce IGIs, and which have the potential to
reduce inequalities.

METHODS
The method used was a systematic review of
reviews, with limited searching but systematic
screening. Analogous methods have been widely
used to produce ‘rapid reviews’: they aim to minimise selection bias, as in a full systematic review,
but not to be fully comprehensive, and so cannot
rule out publication bias.8 9 We searched MEDLINE
using the string “(inequalit$ or equit$ or inequit$ or
disparit$).tw.” in conjunction with SIGN’s ﬁlter for
systematic reviews (http://www.sign.ac.uk/methodology/ﬁlters.html#systematic), and searched the
bibliography from a recent review of reviews on
inequalities.10 We included systematic reviews
which evaluated the effectiveness of any nonhealthcare intervention in a high-income country
on any health outcome, and which reported
differences in intervention effectiveness between
population groups, deﬁned in terms of the PROGRESS-Plus framework.11 12 Full methods and the
ﬂow of literature are presented in the web-only
appendix to this paper.
It should be noted that a differential intervention
effect does not necessarily imply an IGI. Strictly
speaking, we can identify an IGI only where we
know that an intervention has created a health
inequality where none existed at baseline, or
widened an existing inequality. To conﬁrm this, we
would need detailed information on the study
sample at baseline, showing that more disadvantaged groups on the relevant demographic
(PROGRESS-Plus) dimension are worse off, or at
least no better off, with respect to the relevant
health variable(s). However, such baseline data are
often not recoverable from secondary or tertiary
research ﬁndings. For this reason, our analysis
focuses on differences in intervention effect
between groups of lower and higher socioeconomic
status (SES; broadly deﬁned to include measures
such as income, occupational status, employment
status, housing tenure or level of education), rather
than on other PROGRESS-Plus factors, such as
gender or ethnicity. This is because, while the
existence and direction of an inequality gradient by
SES for most health behaviour and health status
variables is reasonably well established, and can in

J Epidemiol Community Health 2013;67:190–193. doi:10.1136/jech-2012-201257

Short report

What types of interventions generate inequalities?
Evidence from systematic reviews
Theo Lorenc,1 Mark Petticrew,1 Vivian Welch,2 Peter Tugwell2
< An additional appendix is

published online only. To view
this file please visit the journal
online (http://dx.doi.org/10.1136/
jech-2012-201257).
1

Department of Social &
Environmental Health Research,
London School of Hygiene &
Tropical Medicine, London, UK
2
Centre for Global Health,
University of Ottawa, Ottawa,
Canada

ABSTRACT
Background Some effective public health interventions
may increase inequalities by disproportionately benefiting
less disadvantaged groups (‘intervention-generated
inequalities’ or IGIs). There is a need to understand which
types of interventions are likely to produce IGIs, and
which can reduce inequalities.
Methods We conducted a rapid overview of systematic
reviews to identify evidence on IGIs by socioeconomic
status. We included any review of non-healthcare
interventions in high-income countries presenting data on
differential intervention effects on any health status or
health behaviour outcome. Results were synthesised
narratively.
Results The following intervention types show some
evidence of increasing inequalities (IGIs) between
socioeconomic status groups: media campaigns; and
workplace smoking bans. However, for many
intervention types, data on potential IGIs are lacking. By
contrast, the following show some evidence of reducing
health inequalities: structural workplace interventions;
provision of resources; and fiscal interventions, such as
tobacco pricing.
Conclusion Our findings are consistent with the idea
that ‘downstream’ preventive interventions are more
likely to increase health inequalities than ‘upstream’
interventions. More consistent reporting of differential
intervention effectiveness is required to help build the
evidence base on IGIs.

Printed health
communication

Correspondence to
Dr Theo Lorenc, Department of
Social & Environmental Health
Research, London School of
Hygiene & Tropical Medicine,
15-17 Tavistock Place, London
WC1H 9SH, UK;
theo.lorenc@lshtm.ac.uk

School-based
education

Accepted 20 July 2012
Published Online First
8 August 2012

Price increases

Free folic acid
supplementation
INTRODUCTION

A number of researchers have raised concerns about
the possibility that public health interventions may
increase inequalities in the population. This has
been expressed as an ‘inverse prevention law’,1
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known about IGIs across the whole ﬁeld of public
health interventions. The aim of this paper is to
provide an overview of evidence from systematic
reviews in order to provide preliminary indications
as to which types of interventions are more likely
to produce IGIs, and which have the potential to
reduce inequalities.

METHODS
The method used was a systematic review of
reviews, with limited searching but systematic
screening. Analogous methods have been widely
used to produce ‘rapid reviews’: they aim to minimise selection bias, as in a full systematic review,
but not to be fully comprehensive, and so cannot
rule out publication bias.8 9 We searched MEDLINE
using the string “(inequalit$ or equit$ or inequit$ or
disparit$).tw.” in conjunction with SIGN’s ﬁlter for
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3. We know there are problems with this approach

“ We need to foster…research, not only by improving our
methodology and sharing our scientific experience, but by
helping to convince the...public and its legislators that
prevention is far more important than treatment…and that
the application of our findings to improve the health of the
public must become the highest priority for health policy...

Terris M. The Society for Epidemiologic Research (SER) and the future of epidemiology. American Journal of Epidemiology. 1992;136(8): 909-915.

”
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If mouse models are like looking for your keys
under the street lamp, big data is like looking all
over the world for your keys because you can —
even if you don’t know what they look like or where
you might have dropped them or whether they
actually fit your lock.

Sarewitz D. Saving science. The New Atlantis. Spring/Summer 2016
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“

The.. dangerous threat to science comes from areas of
research where the stakes are high but the validity of the
science cannot be determined…In these cases, science
delivers partial truths, any one of which can advance the
career of a researcher and attract a constituency of believers
among scientists, political interest groups, and members of
the public alike.

”

Sarewitz D. Saving science. The New Atlantis. Spring/Summer 2016

4. An alternative approach, a focus on consequences

“…academic epidemiology now spends
most of its time concerned with identifying the causes and distributions
of disease in human populations and far less of its
time and imagination asking how we might improve population
health, what might happen if a particular approach were
taken to try to do so, where and when it may be appropriate to
attempt inflections to the course of the health of populations,
and whether our efforts to elucidate particular causes is usefully
guiding our way to population health improvement.”
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What is population health science?

“

Population health science is the study of the conditions that
shape distributions of health within and across populations,
and of the mechanisms through which these conditions
manifest as the health of individuals

”

1.

Population health manifests as a continuum.

2.

The causes of differences in health across populations are not necessarily an
aggregate of the causes of differences in health within populations.

3.

Large benefits to population health may not improve the lives of all individuals.

4.

The causes of population health are multilevel, accumulate throughout the life
course, and are embedded in dynamic interpersonal relationships.

5.

Small changes in ubiquitous causes may result in more substantial change in the
health of populations than larger changes in rarer causes.

6.

The magnitude of an effect of exposure on disease is dependent on the
prevalence of the factors that interact with that exposure.

7.

Prevention of disease often yields a greater return on investment than curing
disease after it has started.

8.

Efforts to improve overall population health may be a disadvantage to some
groups; whether equity or efficiency is preferable is a matter of values.

9.

We can predict health in populations with much more certainty than we can
predict health in individuals.

Principle 1. Population health manifests as a continuum

Rose G. Sick individuals and sick populations. International Journal of Epidemiology. 1985;14:32-38
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A

B

A+B
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C

D

C+D
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B+D

N

A
D
B

C

Rose G. Sick individuals and sick populations. International Journal of Epidemiology. 1985;14:32-38

Chiolero A, Paradis G, Paccaud F. The pseudo-high-riskprevention strategy. International Journal of Epidemiology. 2015;1469-1473.

Principle 2. The causes of differences in health across
populations are not necessarily an aggregate of the causes
of differences in health within populations

Why does Joe have asthma but not Leila?

Why there are twice as many cases of
asthma in Classroom 2 compared with
Classroom 1?

Principle 3. Large benefits to population health may not
improve the lives of all individuals

What are the causes of high blood pressure
among civil servants in London?

How do we best lower LDL cholesterol in the towns of
Chadwick and Farr?

27.5% of
population
has high LDL

i.e., 5 additional cases of high LDL cholesterol for every 100 additional chip eaters

7.5% of
population
has high LDL

i.e., also 5 additional cases of high LDL cholesterol for every 100 additional chip
eaters

In both populations the risk of high LDL linked to potato chip eating is
the same. But, in Population Chadwick, 27.5% of the population has
high LDL cholesterol, compared with 7.5% of the population in
Population Farr. What is driving the difference?

i.e., there is an excess of 20 cases of high LDL cholesterol for every 100 adults
exposed to childhood poverty across these populations

Principle 5. Small changes in ubiquitous causes may result
in more substantial change in the health of populations
than larger changes in rarer causes

http://farm3.static.flickr.com/2499/4056337199_a4620eb2ea.jpg

The prevalence of IV drug use is 1.96% and IV drug users have 6.25 times the risk of
mortality compared with non-IV drug users. For every 100 IV drug users, we would
expect 4.2 additional deaths.

Suppose we reduce income inequality by 25%, keeping prevalence of IV
drug use the same, but reducing excess mortality in all groups

Therefore, those in the unequal society had 1.25 times the risk of death, and we
would expect 1.8 deaths per 1,000 persons exposed to the unequal society

In the hypothetical income inequality intervention, we have “saved” 90 lives
(450-360=90). In our IV drug use example, we found that we would “save” an
additional 4.2 times as many lives per 100 users; with 1000 total users in our
population, we would estimate that we save a maximum of 42 lives even if all
IV drug users stopped using.

http://www.cdc.gov/mmwr/preview/mmwrhtml/mm4818a1.htm

Peabody Picture Vocabulary Test

Betancourt LM et al. Adolescents with and without gestational cocaine exposure: Longitudinal analysis of inhibitory control, memory and receptive
language. Neurotoxicol Teratol 2011; 33(1): 36-46.

Predictor for Peabody Picture Vocabulary Test score

Coefficient

P-value

Gestational cocaine exposure

-2.89

0.26

Assessment no.

2.72

<0.001

Gestational cocaine exposure x assessment no.

0.58

0.51

Age at 1st assessment

-0.36

0.76

Female gender

-4.93

0.058

Parental nurturance

-0.31

0.89

Environmental stimulation

5.91

0.039

Caregiver BDI-II depression score

0.03

0.84

Betancourt LM et al. Adolescents with and without gestational cocaine exposure: Longitudinal analysis of inhibitory control, memory and receptive
language. Neurotoxicol Teratol 2011; 33(1): 36-46.

Principle 6. The magnitude of an effect of exposure on
disease is dependent on the prevalence of the factors that
interact with that exposure

How much of our cognitive ability is determined by our
genes?

= GE+

= ENV+

= CA+

Scenario 1

= GE+

= CA+

= ENV+

Scenario 1

= GE+

= CA+

= ENV+

Scenario 1

RR (CA+|GE+) = 334
PARP (CA+|GE+) = 1

= GE+

= CA+

= ENV+

Scenario 2

= GE+

= CA+

= ENV+

Scenario 2

= GE+

= CA+

= ENV+

Scenario 2

RR (CA+|GE+) = 1.7
PARP (CA+|GE+) = 0.4

= GE+

= CA+

= ENV+

Is this all theoretical?

Proportion of total Full-Scale IQ variance accounted for by A,
C, and E plotted as a function of observed socioeconomic
status (SES).

Turkheimer E et al. Psychological Science 2003;14:623-628

Principle 9. We can predict health in populations with
much more certainty than we can predict health in
individuals

While strength of association stays the same,
predictive value changes as prevalence of heart
disease increases from 10% in Population 1 to
30% in Population 2

http://www.telegraph.co.uk/news/worldnews/us-election/9662363/Nate-Silver-politics-geek-hailed-for-Barack-Obama-wins-US-election-forecast.html

http://fivethirtyeight.com/datalab/world-cup-semifinal-crib-notes-brazil-vs-germany/ Page

Meigs JB, Shrader P, Sullivan LM, McAteer JB, Fox CS, Dupuis J, Manning AK, Florez JC, Wilson PW, D'Agostino RB Sr, Cupples LA. Genotype score in addition to
common risk factors for prediction of type 2 diabetes. N Engl J Med. 2008 Nov 20;359(21):2208-19

Meigs JB, Shrader P, Sullivan LM, McAteer JB, Fox CS, Dupuis J, Manning AK, Florez JC, Wilson PW, D'Agostino RB Sr, Cupples LA. Genotype score in addition to
common risk factors for prediction of type 2 diabetes. N Engl J Med. 2008 Nov 20;359(21):2208-19

Pepe MS, Janes H, Longton G, Leisenring W, Newcomb P. Limitations of the odds ratio in gauging the performance of a diagnostic, prognostic, or screening marker.
American Journal of Epidemiology 2004; 159:882-890.

1.

Population health manifests as a continuum.

2.

The causes of differences in health across populations are not necessarily an
aggregate of the causes of differences in health within populations.

3.

Large benefits to population health may not improve the lives of all individuals.

4.

The causes of population health are multilevel, accumulate throughout the life
course, and are embedded in dynamic interpersonal relationships.

5.

Small changes in ubiquitous causes may result in more substantial change in the
health of populations than larger changes in rarer causes.

6.

The magnitude of an effect of exposure on disease is dependent on the
prevalence of the factors that interact with that exposure.

7.

Prevention of disease often yields a greater return on investment than curing
disease after it has started.

8.

Efforts to improve overall population health may be a disadvantage to some
groups; whether equity or efficiency is preferable is a matter of values.

9.

We can predict health in populations with much more certainty than we can
predict health in individuals.
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