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ON THE VALUE OF BIOMEDICAL RESEARCH AND MEDICAL CARE

ABSTRACT

This dissertation consists of three chapters that investigate the value of biomedical research

and medical care.

Chapter 1 studies trends in biomedical research methods and reporting over 25 years and

identifies factors associated with biomedical research quality. A comprehensive database on

biomedical research quality, combining systematic expert assessment of randomized controlled

trial (RCT) methods with bibliometric and funding information in a sample of 20,571 RCTs is

assembled using web-scraping and text-mining. Time series describes the proportion of RCTs

using adequate methods, inadequate methods and poor reporting. A multinomial logit model

tests potential factors associated with methods and reporting, including funding source, first

author affiliation, clinical trial registration status, study novelty, team characteristics, technology

and geography. 59.3% of RCTs used inadequate methods (N=12 190) and 35.0% were poorly

reported (N=7208). The proportion of poorly reported RCTs decreased from 42.5% in 1990

to 30.2% in 2015. The proportion of RCTs using inadequate methods increased from 54.9%

in 1990 to 59.5% in 2015. Industry funding, top pharmaceutical company affiliation, trial reg-

istration, larger authorship teams, international teams and drug trials were associated with a

greater likelihood of using adequate methods. National Institutes of Health funding and univer-

sity prestige were not. Even though reporting has improved since 1990, the proportion of RCTs

using inadequate methods is high (59.3%) and increasing, potentially slowing progress and

contributing to the reproducibility crisis. Stronger incentives for the use of adequate methods

are needed.
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Chapter 2 studies incentives for the use of adequate methods in biomedical research. Specif-

ically, this chapter investigates how the adequacy of methods affects experimental results and

publication outcomes of RCTs. RCTs inform medical practice, health care delivery, follow-on

research, regulation, and health policy. Yet, many RCTs are inadequately randomized, blinded,

and reported. To analyze scientists’ and firms’ incentives to meet clinical trial standards, I

assemble a detailed database on research methods, experimental results, bibliometric infor-

mation, and funding for 23,321 RCTs published between 1990 and 2018. I estimate the impact

of meeting scientific standards on three outcomes: (1) the direction and significance of exper-

imental results; (2) the impact factor of the publishing journal; and (3) the number of citations

the publication receives. I find that increasing numbers of inadequacies increase the probabil-

ity of finding support for product adoption by 7% per inadequacy, but decrease journal prestige

and citations. Publication bias and strategic non-disclosure do not appear to drive the results.

I conclude that individual scientists benefit marginally from higher quality research, but that

pharmaceutical companies lack strong incentives to drive improvement in trial quality.

Chapter 3 (with David Cutler and Thomas Getzen) studies the contribution of medical care

to life expectancy gains. Using two hundred years of national and Massachusetts data on med-

ical care and health, we examine how central medical care is to life expectancy gains. While

common theories about medical care cost growth stress growing demand, our analysis high-

lights the importance of supply side factors, including the major public investments in research,

workforce training and hospital construction that fueled a surge in spending over the 1955-1975

span. There is a stronger case that personal medicine affected health in the second half of the

twentieth century than in the preceding 150 years. Finally, we consider whether medical care

productivity decreases over time, and find that spending increased faster than life expectancy,

although the ratio stabilized in the past two decades.
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Chapter 1

Trends and Predictors of Biomedical Research
Quality, 1990–2015: a Meta-Research Study

1.1 INTRODUCTION

The quality and reliability of biomedical research are of paramount importance to treatment

decisions and patient outcomes. Flawed research conclusions can lead to poor treatment and

harm patients. As much as 85% of the annual US$265 billion spent on biomedical research

may be wasted due to inadequate methods.1–8

Previous scientific work aiming to evaluate the reliability of biomedical research has been

limited by data and methodological issues. Data challenges included the time and resources

necessary to assess methods and reporting, resulting in the use of small selected samples

and/or limited information available for each scientific article evaluated in larger samples.9–28

As a result, it remains unknown what is the overall magnitude of waste due to inadequate

methods and reporting in biomedical research and what factors are associated with the use of

adequate vs inadequate research methods.

To address these questions, this study combines the full text of randomized controlled trials

(RCTs) and systematic assessment of study methods with bibliometric and funding information

in a large sample of RCTs included in “gold-standard” systematic reviews. The study describes

the evolution of adequate research methods and reporting over time. A multinomial logit model

tests potential factors associated with methods and reporting, including funding source, first
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author affiliation, clinical trial registration status, study novelty, team characteristics, technology

and geography.

1.2 METHODS

This work combines the strengths of human expert assessments with data science techniques

to build a comprehensive database on biomedical research quality, including full text, system-

atic assessment of study methods, bibliometric and funding information in a sample of 20,571

RCTs. Python V.3.6 and Stata V.15 were used to assemble the database and conduct the

analysis.

1.2.1 DATA

Cochrane Reviews constitute a valuable data source to assess biomedical research quality

as they follow strict methods and precise reporting guidelines defined in the Cochrane Hand-

book.29,30 This study does not involve new assessment of the methods and reporting of in-

cluded RCTs, but relies entirely on the assessments available in the Cochrane Reviews, which

are systematically performed by two expert reviewers who compare their assessments and

reach consensus on the final assessment.29 The research method dimensions evaluated in

Cochrane Reviews include random sequence generation, allocation concealment, blinding of

participants and personnel, blinding of outcome assessment, incomplete outcome data and

selective reporting (detailed in 1.1).31

The database assembly had seven steps: (1) All included references were extracted from

each review, including PubMed identifiers, (2) all risk of bias assessments on the six dimen-

sions of the 2011 update of the Cochrane Risk of Bias Assessment Tool (see 1.1) were ex-

tracted from each review. Each assessment included three variables: bias type (e.g., ran-

dom sequence generation), judgment (e.g., low risk) and support for judgment (e.g., computer

random number generator), (3) each RCT was matched with its main published reference as

identified by Cochrane reviewers, (4) PubMed records corresponding to these publications, in-

cluding bibliometric information and first author affiliation, were retrieved using the E-utilities

2



Table 1.1: Definition of clinical trial standards (Cochrane risk of bias assessment tool)

Bias
domain

Source of
bias

Support for judgement Review Authors
judgement

Selection
bias

Random
sequence
generation

Describe the method used to generate
the allocation sequence in sufficient detail
to allow an assessment of whether it
should produce comparable groups.

Selection bias (biased
allocation to
intervention) due to
inadequate generation of
a randomized sequence.

Selection
bias

Allocation
conceal-
ment

Describe the method used to conceal the
allocation sequence in sufficient detail to
determine whether intervention
allocations could have been foreseen
before or during enrollment.

Selection bias (biased
allocation to
interventions) due to
inadequate concealment
of allocations before
assignment.

Performance
bias

Blinding of
participants
and
personnel

Describe all measures used, if any, to
blind participants and researchers from
knowledge of which intervention a
participant received. Provide any
information relating to whether the
intended blinding was effective.

Performance bias due to
knowledge of the
allocated intervention by
participants and
personnel during the
study.

Detection
bias

Blinding of
outcome
assessment

Describe all measures used, if any, to
blind outcome assessment from
knowledge of which intervention a
participant received. Provide any
information relating to whether the
intended blinding was effective.

Performance bias due to
knowledge of the
allocated intervention by
outcome assessment.

Attrition bias Incomplete
outcome
data

Describe the completeness of outcome
data for each main outcome, including
attrition and exclusions from the analysis.
State whether attritions and exclusions
were reported, the numbers in each
intervention group (compared with total
randomized participants), reasons for
attrition or exclusion where reported, and
any re-inclusion in the analysis for the
review.

Attrition bias due to
amount, nature or
handling of incomplete
outcome data

Reporting
bias

Selective
reporting

State how selective outcome reporting
was examined and what was found.

Reporting bias due to
selective outcome
reporting.

Other bias Anything
else, pre-
specified

State any important concerns about bias
not covered in other domains in the tool.

Bias due to problems not
covered elsewhere.

Source: Adapted from Higgins et al, 2011

public application programming interface (API), (5) affiliation information for other authors (not

available from PubMed over the study period) was retrieved from SCOPUS, (6) full text for refer-
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ences with PubMed identifier were retrieved from the Harvard Library, and (7) industry funding

information was extracted from the full-text.

Sector affiliation with university, government, hospital, non-profit, top pharmaceutical com-

pany or other firm, as well as geographical variables were A1.1). Firms were classified as top

pharmaceutical companies or other firms using the listing of pharmaceutical companies with a

revenue greater than US$10 billion in any year since 2011 (see A1.2). Technologies were re-

trieved from the keywords and abstracts of the Cochrane Reviews. Private funding information

was retrieved from the full-text of the main reference.

1.2.2 SAMPLE

Figure 1.1 summarises the data flow. All RCTs assessed for risk of bias after 2011 (update

of the Risk of Bias Assessment Tool) and through October 2017 were considered for inclusion

(63,748 RCTs included in 4,195 reviews).

Criteria for study inclusion were: (1) the review included all six assessments (to allow com-

parison of the overall use of adequate methods, inadequate methods and poor reporting across

reviews) (1,988 reviews dropped), (2) the article reporting the study was referenced in PubMed

(to allow bibliometric data to enter the analysis) (9,201 RCTs dropped), (3) duplicates were

removed and (4) RCTs assessed multiple times with different outcomes (e.g., high risk in one

review, unclear risk in another) were dropped (404 RCTs dropped).

Applying these criteria, the analysis sample for the descriptive statistics and the time series

of methods included 20,571 RCTs. A full-text PDF was available from the Harvard Library for

11,686 RCTs. This subsample was needed to retrieve private funding information from the full

text of the paper and constitutes the analysis sample for those regressions including funding

information.

1.2.3 ANALYSIS

The outcomes were risk of bias on the six assessed methodological dimensions and RCT-level

assessment of adequate methods, inadequate methods or poor reporting. The six method-

4



Figure 1.1: Data flow. RCTs, randomized controlled trials.

ological dimensions assessed included (1) random sequence generation, (2) allocation con-

cealment, (3) blinding of participants and personnel, (4) blinding of outcome assessment, (5)

incomplete outcome data and (6) selective reporting (detailed in 1.1). The category “other bias”

was not used in this study, as it includes concerns not necessarily about methods or reporting,

such as conflicts of interest.

Following guidelines for assessing the quality of evidence31 and previous empirical work,7

the RCT-level assessment was “adequate methods” if the study was at low risk of bias on all

dimensions assessed. It was “inadequate methods” if the study was at high risk of bias for one

or more reasons. It was “poorly reported” if the reviewers did not have enough information to

assess whether the methods used were adequate or inadequate (if the study was at “unclear”

risk of bias).
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Several reasons support the use of at least one high risk of bias assessment as the defini-

tion for inadequate methods. Some risk of bias domains might translate into more statistical

bias than others, but empirical evidence on the relative importance of the risk of bias domains

is limited, and the effect of several versus one high risk assessment on research outcomes

is unknown.32,33 The empirical relationship between risk of bias assessments and research

outcomes (including actual statistical bias) requires further research.

There is also a theoretical reason to use at least one high risk of bias assessment as the

definition of method inadequacy. Cochrane risk of bias domains can be mapped to impor-

tant conditions to make RCTs valuable. If not truly randomized or if differences between the

treatment and control group are introduced post randomisation, an RCT does not produce an

unbiased estimate of the treatment effect.34 These two conditions imply that one inadequacy

in the randomisation process (non-random sequence generation or inadequate allocation con-

cealment), or one difference introduced post randomisation between the treatment and control

groups (through inadequate blinding of participants, personnel or outcome assessors) or after

the trial (due to incomplete outcome data or selective reporting) should be the default threshold

for assessing methods adequacy.

Two analyses were performed. The first reports the time series of the proportion of RCTs

using adequate methods, inadequate methods and poor reporting, for each dimension and

in aggregate. The second tests whether adequate methods, inadequate methods and poor

reporting are associated with funding source (National Institutes of Health (NIH) grant or in-

dustry funding), sector affiliation of first author (top university, other university, government,

hospital, non-profit, top pharmaceutical company and other Firm), other industry affiliation,

clinical trial registration status, study novelty (first or subsequent study on a particular research

question), team characteristics (number of authors and international collaboration), technology

(drug, device, surgery, behavioural intervention or other intervention) and geography of first

author (Canada, Europe, UK, USA or other country). A multinomial logit model using these

variables predicts overall adequate methods, inadequate methods and poor reporting, as well

as risk of bias along each dimension assessed.
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1.2.4 PATIENT INVOLVEMENT

Patients were not involved in any aspect of the study design, conduct or in the development

of the research question or outcome measures. As a meta-research study based on existing

published research, there was no patient recruitment for data collection.

1.3 RESULTS

1.3.1 PREVALENCE OF ADEQUATE METHODS, INADEQUATE METHODS AND POOR

REPORTING

Table 1.2 presents descriptive statistics. Only 5.7% of RCTs used adequate methods on all

six dimensions (n = 1,173). 59.3% used inadequate methods on at least one dimension

(n = 12,190) and 35.0% were poorly reported (n = 7,208).

Figure 1.2 shows the proportion of RCTs at low, high or unclear risk of bias for random

sequence generation, allocation concealment, blinding of participants and personnel, blinding

of outcome assessment, incomplete outcome data and selective reporting, for all RCTs as-

sessed on all six dimensions (n = 20,571). Thirty-eight per cent of trials used inadequate

methods for blinding of participants and personnel. A total of 15%-20% of trials used inad-

equate methods for blinding of outcome assessment (20%), incomplete outcome data (19%)

and selective reporting (15%). The proportion of trials using inadequate methods for random

sequence generation and allocation concealment was lowest (respectively, 5% and 7%), but

these two dimensions were frequently poorly reported (respectively, 47% and 58% of trials).

1.3.2 METHODS AND REPORTING OVER TIME

Figure 1.3 shows the overall proportion of RCTs using adequate methods, inadequate meth-

ods and poorly reported methods by year of publication. The proportion of poorly reported

RCTs decreased, five percentage points per decade, from 42.5% in 1990 to 30.2% in 2015.

The proportion of RCTs using adequate methods increased linearly, three percentage points

7



Table 1.2: Descriptive statistics

All Adequate Inadequate
methods

Poor
reporting

Sample 1, (%) 20,571 (100) 1,173 (5.7) 12,190 (59.3) 7,208 (35.0)
Sample 2 (with full text) 11,686 (56.8) 833 (7.1) 6,783 (58.0) 4,070 (34.8)
Funder type, (%)
NIH grant 2,147 (10.4) 146 (6.8) 1,282 (59.7) 719 (33.5)
Industry funding 2,725 (13.2) 283 (10.2) 1,464 (52.6) 978 (35.1)
First author affiliation, (%)
Top university 1,063 (5.2) 51 (4.8) 601 (56.5) 411 (38.7)
Other university 11,120 (54.1) 677 (6.1) 6,589 (59.3) 3,854 (34.7)
Hospital 4,450 (21.6) 185 (4.2) 2,608 (58.6) 1,657 (37.2)
Government 1,744 (8.5) 108 (6.2) 1,071 (61.4) 565 (32.4)
Non-profit 751 (3.7) 48 (6.4) 454 (60.5) 249 (33.2)
Top pharma 239 (1.2) 26 (10.9) 115 (48.1) 98 (41.0)
Other firm 195 (1.0) 13 (6.7) 115 (59.0) 67 (34.3)
Other research institution 200 (1.0) 18 (9.0) 120 (60.0) 62 (31.0)
Other industry affiliation 570 (2.8) 44 (7.7) 287 (50.4) 239 (41.9)
Registered RCTs (NCT), (%) 1,888 (9.2) 298 (15.8) 1011 (53.6) 579 (30.7)
Novelty, (%)
First study 2,284 (11.1) 126 (5.5) 1,390 (60.9) 768 (33.6)
Second study 2,124 (10.3) 127 (6.0) 1,262 (59.4) 735 (34.6)
Team characteristics
No of authorsavg (Std) 6.15 (3.9) 8.04 (5.5) 5.99 (3.8) 6.13 (6.8)
International, (%) 748 (3.6) 60 (8.0) 379 (50.7) 309 (41.3)
Technology*, (%)
Drug 13,485 (65.6) 914 (6.8) 7,306 (54.2) 5,265 (39.0)
Device 5,347 (26.0) 235 (4.4) 3,366 (63.0) 1,746 (32.7)
Procedure 8,710 (42.3) 460 (5.3) 4,925 (56.5) 3,325 (38.2)
Behavioural 4,543 (22.1) 122 (2.7) 3,239 (71.3) 1,182 (26.0)
Other 1,199 (5.8) 78 (6.5) 819 (68.3) 302 (25.2)
Geography†, (%)
Canada 680 (3.3) 61 (9.0) 362 (53.2) 257 (37.8)
Europe 4,467 (21.7) 254 (5.7) 2,693 (60.3) 1,520 (34.0)
UK 2,306 (11.2) 154 (6.7) 1,399 (60.7) 753 (32.7)
USA 4,465 (21.7) 284 (6.4) 2,592 (58.1) 1,589 (35.6)
Other 4,165 (20.3) 253 (6.1) 2,444 (58.7) 1,468 (35.3)
Publication year-avg (Std) 2001 (10.2) 2005 (8.1) 2001 (10.4) 2001 (9.9)
Study age at review-avg (Std) 13.44 (10.1) 9.81 (8.0) 13.39 (10.3) 14.14 (9.9)

Unless otherwise specified, column 1 reports the number of RCTs and their proportion as of the total number of
RCTs (n = 20,571). An RCT uses adequate methods if it is at “low risk of bias” on all six dimensions assessed
(see 1.1). Methods are inadequate if an RCT is at “high risk of bias” for at least one reason. Methods are poorly re-
ported if there is no evidence of methods inadequacy, but at least one assessment is “unclear risk of bias”. Columns
24 report the number of RCTs in each category and their proportion as of the number of RCTs in column 1. For
number of authors, publication year and study age at time of review, table 1.2 reports the average and standard
deviation.
*One RCT can belong to several technology categories.
†For some RCTs, affiliation address is not provided.
NCT, National clinical Trial number in ClinicalTrials.gov; NIH, National Institutes of Health; RCT, randomized con-
trolled trial.
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Figure 1.2: Number and proportion of RCTs at low risk of bias, high risk of bias and unclear risk of bias
(N = 20,571). RCTs, randomized controlled trials.

per decade, from 2.6% in 1990 to 10.3% in 2015. The proportion of RCTs using inadequate

methods increased from 54.9% in 1990 to 59.5% in 2015.

Reporting improved on all dimensions. The proportion of RCTs using adequate methods

for random sequence generation, allocation concealment, blinding of outcome assessment,

incomplete outcome data and selective reporting increased. However, the proportion of trials

using inadequate methods for blinding of participants and personnel increased.

Figure 1.4 provides graphs similar to figure 1.3 for all RCTs assessed on at least one di-

mension (n = 63,748). Similar patterns suggest that the evolution over time observed for the

RCTs assessed on all dimensions (n = 20,571) reflects the evolution over time in all RCTs

assessed on at least one dimension.
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Figure 1.5: Main regression results (relative risk ratios and 95% CIs) from the multinomial logit model
predicting overall RCT quality. The arrow heads on the CIs indicate that the upper bound of the 95%
CI is greater than 2. The dependent variable is a categorical variable and can take three values: ade-
quate methods, inadequate methods and poor reporting. Adequate methods is the reference outcome
category. The regression sample includes 11,686 RCTs with accessible full text. See figure 1.1 for more
detailed information about the sample. The relative risk ratios represent the likelihood of an RCT with
specific funding, sector, study/team, technology and country characteristics using inadequate methods
(or being poorly reported), as compared with the likelihood of an RCT in a reference group without these
characteristics using inadequate methods (or being poorly reported). In the regression, sector, tech-
nology and country are categorical variables. The omitted category for sector is other university. The
omitted category for technology is other interventions. The omitted category for country is other coun-
tries. The regression includes topic and year fixed effects. The regression coefficients are reported in
table 1.3. Regression results predicting relative risk ratios for high or unclear risk of bias on each dimen-
sion assessed (as opposed to overall quality) are reported in table 1.4 NIH, National Institutes of Health;
RCT, randomized controlled trial.

1.3.3 FACTORS ASSOCIATED WITH METHODS AND REPORTING

Figure 1.5 reports regression results from a multinomial logit model predicting overall quality.

Tables 1.3 and 1.4 report all regression results.
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Public funding was not associated with the overall use of adequate methods. However, NIH-

funded RCTs were less likely to use inadequate methods for random sequence generation

(RR = 0.29, p < 0.001) and allocation concealment (RR = 0.51, p < 0.001). Industry-

funded RCTs were slightly more likely to use adequate methods (RR = 0.84, p < 0.05),

because of better blinding of participants and personnel (RR = 0.87, p < 0.05).

First author affiliation with a top pharmaceutical company was associated with increased use

of adequate methods (RR = 0.43, p < 0.01). First author affiliation with a top university was

not.

Registered trials (RR = 0.42, p < 0.001), larger authorship teams (RR = 0.95, p <

0.001), international teams (RR = 0.51, p < 0.01) and RCTs on drugs (RR = 0.50, p <

0.001) were less likely to use inadequate methods. RCTs on medical devices were more likely

to use inadequate methods (RR = 1.71, p < 0.01).

1.4 DISCUSSION

In 1951, the first review assessing the quality of clinical trials found that only 27 of 100 were well

controlled.35,36 Since, a steady stream of scholarly work periodically voiced concerns about the

quality of medical research.1–8,37,38 Recent medical reversals39 and the reproducibility crisis40

have sharpened focus on medical research quality. Newly available large scale data and data

science techniques provide powerful tools to measure the overall magnitude of the problem,

investigate its determinants and provide an evidence base to inform the design and evaluation

of future interventions. This study assessed whether methods and reporting improved over

time and identified the characteristics of better and worse RCTs.

This study has six main results. First, in a large sample of RCTs assessed in systematic re-

views, only 5.7% used adequate methods, 59.3% used inadequate methods, and 35.0% were

poorly reported. Since the 1990s, reporting has improved. But in parallel with this improve-

ment in reporting, the proportion of trials using both adequate and inadequate methods has

increased.
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The overall proportion of poorly reported trials decreased by about five percentage points

per decade. This is good news but much remains to be done. At the current rate of improve-

ment, it would take 50 years for 95% of RCTs to be adequately reported. These results are

consistent with previous research finding improvements in reporting in several clinical areas

such as physiotherapy10 and dentistry.26 The trends for each dimension assessed separately

are also very similar to those found in another large sample of RCTs.25

This improvement in reporting happened over a period of time when the Consolidated Stan-

dards of Reporting Trials (CONSORT) statement, a minimum set of evidence-based reporting

recommendations, and other initiatives, such as the Enhancing the QUAlity and Transparency

Of health Research (EQUATOR) Network, developed to improve reporting practices.41–45 Since

the 1990s, the CONSORT statement has been endorsed by over 50% of the core clinical jour-

nals indexed in PubMed and may improve reporting of RCTs they publish.46 Spurred by the

CONSORT statement, the EQUATOR Network was launched in 2008 in the UK to improve the

reliability of medical publications by promoting transparent and accurate reporting of health re-

search.47 Since, it has developed into a global initiative aiming to improve research reporting

worldwide.36

In parallel with this improvement in reporting, the proportion of trials using both adequate

and inadequate methods has increased. The linear increase in the proportion of RCTs using

adequate methods is heartening. However, improvement in the use of adequate methods is

even slower than improvement in reporting. At the current rate of improvement (three percent-

age points per decade), it would take more than a century for half the RCTs to use adequate

methods. This finding is consistent with previous empirical results in small samples,23 but con-

trasts with research in larger samples analysing each methodological dimension separately to

conclude that methods improved over time.25

Second, NIH-funded RCTs were not more likely to use adequate methods. This is surprising

given the rigorous grant application process, shown to select better scientific proposals,48 and

the public stakes in the reliability of publicly funded research.49 Notably, the efforts of the NIH

to address the reproducibility crisis began just at the end of the study period.50
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Third, top pharmaceutical company affiliation was significantly associated with better meth-

ods. Affiliation with other companies was not. Heterogeneity across firms may explain inconsis-

tency of previous research on the effect of industry funding or affiliation on research methods

and outcomes.28,51

Fourth, university prestige was not associated with greater use of adequate methods. The

current scientific reward system focuses on numbers of publications and citations rather than

the assessment of research methods.52 The resulting incentives affect both scientists and insti-

tutions, as through the allocation of grant funding.53,54 Thus, in a climate of hypercompetition,55

the use of adequate methods and reporting might yield little reward while exposing scientists to

better informed scrutiny.

Fifth, team size and international collaboration were associated with greater use of adequate

methods. Increasing the number of authors by one was associated with a small, but highly sig-

nificant improvement in methods and reporting. Many RCTs are published by large teams so

it is not surprising that the effect of one additional author was small. But this effect was also

highly significant, consistent with previous research finding that larger teams and international

teams produce more frequently cited research.56,57 Team characteristics associated with per-

formance in other settings open avenues for future research.58,59

Finally, RCTs on drugs were more likely to use adequate methods than RCTs on other

interventions, while RCTs on devices were more likely to use inadequate methods. In many

countries, trials on drugs are more tightly regulated than trials on devices. In the USA, under

the Federal Food, Drug and Cosmetic Act (1938), drugs and devices face different premarket

review and postmarket compliance requirements. The finding is also consistent with specific

barriers to the conduct of RCTs on medical devices, in particular for randomisation and blinding,

and with the lack of scientific advice and regulations for medical device trials.60 RCTs on drugs

were using better methods and reporting than RCTs on other interventions, but much remains

to be done. This finding is consistent with previous work showing that even RCTs used in the

drug approval process frequently use inadequate methods and reporting.61

Future research should carefully evaluate the effect of method adequacy on research out-

comes, and identify successful strategies and incentives to accelerate the diffusion of good

15



Table 1.3: Main regression results predicting adequate methods, inadequate methods and poor report-
ing (Relative Risk Ratios)

Inadequate Methods Poor Reporting
Funding
NIH Grant 0.83 0.76

Industry 0.84* 0.85

Sector (First Author)
Top University 0.76 0.76

Government 1.21 1.05

Hospital 1.19 1.16

Non-Profit 1.40 1.27

Top Pharma 0.43** 0.74

Other Firms 1.38 1.06

Sector (Other Author)
Any Firm 0.66 0.79

Study/Team
Registered trial 0.42*** 0.45***

First Study 0.90 0.80

Second Study 0.85 0.81

Number of Authors 0.95*** 0.97***

International 0.51** 0.64*

Technology
Drug 0.50*** 0.73*

Device 1.71** 1.23

Procedure 1.01 1.28

Behavioral 2.63*** 1.44

Geography
USA 1.11 1.39*

Canada 0.71 0.81

Europe 1.29* 1.22

UK 1.06 0.91

*p < 0.05, **p < 0.01, ***p < 0.001
This table presents relative risk ratios and p-values from estimating the multinomial logit model. An observation
in this regression is a study (N = 11,686). The dependent variable can take three values: adequate methods,
inadequate methods and poor reporting. The reference category is adequate methods. Omitted sector category
is other university, omitted technology category includes all other interventions, and omitted countries include all
other countries. The regression includes topic and year fixed effects.
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reporting practices and the adoption of adequate methods. Given the size of the medical re-

search industry and its effect on human lives, successful evidence based policies could have

tremendous impact.

1.4.1 LIMITATIONS

PubMed identifier, full-text and/or funding information were not available for all RCTs. 30.5%

of RCTs (unpublished or published in journals not indexed in PubMed) did not have a PubMed

identifier. 43.2% of RCTs with PubMed identifier did not have a full text available from the

Harvard Library. 23.6% of included RCTs were reported in articles disclosing NIH or industry

funding. Classification of sectors relies on primary reported affiliation. This paper does not

identify causal mechanisms explaining biomedical research quality. Cochrane reviewers may

have been able to obtain more information on more recent RCTs (from authors, registries or

protocols rather than the primary report), suggesting that some of the apparent improvement

in reporting may in fact be an improvement in access to study details.

1.5 CONCLUSION

Even though reporting has improved since 1990, the proportion of RCTs using inadequate

methods is high (59.3%) and increasing, potentially slowing progress and contributing to the

reproducibility crisis. Stronger incentives for the use of adequate methods are needed.
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Chapter 2

Incentives for Bad Science: How Inadequate
Methods Affect Experimental Results and Pub-
lication Outcomes of Randomized Controlled
Trials

2.1 INTRODUCTION

Valid and rigorous randomized controlled trials (RCTs) are critical to medical practice, and to

managers and policy makers that fund research, make health care delivery and investment

decisions, and design regulation. Results from RCTs inform medical treatment decisions, med-

ical education, insurance design and coverage, health policy, and follow-on research. Invalid

or unreliable science generates major societal costs through uninformative or even wrong con-

clusions, irreproducible results, suboptimal or harmful decisions, and slowed innovation62–66.

Yet less than 25% of drug trials meet scientific standards intended to minimize the risk of

bias1 1,66,68.

The disconnect between the high societal value of reliable science and the high prevalence

of inadequate methods is not only due to lack of knowledge, infeasibility or the cost of meet-

1Risk of bias, defined as the risk of “a systematic error or deviation from the truth, in results or infer-
ences,” is interchangeable with internal validity, defined as “the extent to which the design and conduct of
a study are likely to have prevented bias”67.
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ing standards in drug trials. Meeting standards would have been feasible in 96% of inade-

quately conducted trials, and would have been “easy adjustments with no or minor cost” in

50% of the cases7. Top university researchers are not more likely to meet standards than

other researchers68. One theory is that scientists’ and firms’ incentives contribute to the high

prevalence of inadequate methods in drug trials69–73. In this paper, I empirically investigate

scientists’, and firms’ incentives to adequately randomize, blind and report drug trials.

To evaluate academic and industry scientists’ payoffs for compliance with scientific stan-

dards, I build on prior literature in economics, management, and sociology, suggesting that

scientists value the intrinsic reward of doing science, academic prestige, and monetary re-

wards52,74,75. Scholars in sociology and economics argue that academic scientists value the

intrisic reward of problem solving and seek to increase the rate of production and diffusion of

scientific knowledge76–78. Research in the management of science suggests that industry sci-

entists primarily serve the private purpose of their firm though they also value their participation

in science2 74,79,80.

Research in economics and management has also established that scientists value recog-

nition and academic prestige, often measured using journal impact factor and citations. In

academia, prestige translates into promotion, tenure and funding77,81. In industry, academic

prestige and scientific publication in top journals are valued as they allow researchers to main-

tain valuable connections with the academic community and facilitate knowledge flows between

academia and industry74,82.

Moreover, scholars have documented that scientists respond to monetary incentives. In

academia, prestige is just one driver of income differences across scientists. Some scientists

receive rewards contingent on research results, such as royalties from patents, equity in start-

ups, consulting fees, or research sponsorship52. In industry, publication in academic journals

helps scientists elicit favorable assessments from outside parties that position products in the

marketplace28,83–85.

2Industry scientists “pay” to be scientists, Stern (2004) shows that there is a negative relationship
between wages and science.
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This study estimates academic and industry scientists’ payoffs for meeting methodological

standards in clinical trials along two dimensions: science (experimental results) and academic

prestige (journal impact factor and citations), and considers monetary implications for scientists

and firms. I assemble a novel dataset of 23,321 RCTs of drugs published between 1990 and

2018, and included in Cochrane Reviews3, which are widely used “gold standard” systematic

reviews in clinical medicine. Each Cochrane Review addresses a specific research question

and exhaustively identifies, assesses and summarizes the findings of all available RCTs on the

topic. Expert human reviewers systematically assess the methodological quality each of these

RCTs using pre-specified clearly defined methodological standards.

My empirical strategy relies on a comparison of trials that use adequate versus inadequate

methods within narrowly-defined groups. Trials on the same topic (e.g., beta-blockers for hy-

pertension), compare the effect of the same drug(s) (e.g., a beta-blocker, such as atenolol) to

the same comparator(s) (e.g., a placebo), on the same outcome(s) (e.g., all-cause mortality,

cardiovascular events, and stroke). I estimate the effect of research quality on (1) scientific

results, (2) journal placement, and (3) citations.

The study has two key findings. First, compliance with scientific standards shapes scientific

results: inadequate methods do not merely generate statistical noise, they generate bias and

increase the probability of a positive result4, such as finding that a drug significantly reduces

death rates compared to a placebo. The relationship between methods and results does not

appear to be driven by publication bias or strategic non-disclosure: it did not change with the

introduction of pre-registration and reporting requirements for RCTs in the early 21st century

and does not depend on government versus industry sponsorship.

3The background section provides institutional information about these systematic reviews and ex-
plains their potential for research in economics and management. The data section provides further
details on the program I created in Python 3.6. to automate the data collection.

4I define a “positive result” in the following way: the outcome in the treatment group is significantly
superior to the outcome in the control group (e.g., lower death rate in the treatment group receiving a drug
compared to the control group receiving a placebo).
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Second, good science yields higher academic prestige in publication outcomes, considering

both journal placement and citations. Each inadequacy in a RCT is associated with an ap-

proximately 10% penalty in impact factor5 in the study’s publication outlet compared to a more

adequate RCT on the same topic. Journals are more lenient with inadequacies from prestigious

authors, but not with inadequacies in more novel trials. The relationship between inadequacies

and scientific impact in publication outcomes goes beyond the editorial and peer-review pro-

cess selecting RCTs using better methods into better journals. Even conditional on journal

impact factor, RCTs with more inadequacies receive fewer citations.6 However, inadequacies

have no effect on net citations to positive results, a citation weighted measure of scientific evi-

dence previously found to affect drug sales83, and generate slightly fewer citations to negative

results.

Taken together, the results indicate that inadequate trials generate a negative externality on

society, but scientists’ incentives to meet clinical research standards are likely weak, possibly

explaining some of the prevalence of inadequate trials. For an academic scientist, I find that

better research yields higher publication prestige, but low estimated monetary value7. For an

industry scientist, incentives to meet scientific standards depend on how scientific disclosure

creates value for the firm. For a firm, the lower probability to reach a positive result may

disincentivize compliance with clinical trial standards if the purpose of the study is to back

up marketing efforts. I discuss the implications of these findings for public and private policy,

suggesting that journal editors and regulators should strengthen incentives to meet drug trial

standards, and, in the meantime, healthcare decision makers and patients should be wary of

inadequate drug trials supporting adoption.

5Journal impact factor (IF) is a measure of the frequency with which the average article in a journal
has been cited in a particular year. It is used to measure the importance or rank of a journal by calculating
how many citations its articles receive.

6RCTs with one to three inadequacies receive 10% fewer citations, and RCTs with four or more inad-
equacies receive 35% fewer citations than adequately conducted RCTs on the same topic in the same
journal

7To estimate the monetary value of meeting standards in academia, the discussion builds on published
estimates of the effect of journal impact factor and citations on academic scientists’ salary.
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The next section summarizes the scientific importance of the topic and builds on prior litera-

ture on scientists’ motivations to propose a framework to describe scientists’ incentives to meet

scientific standards in drug trials. I then present the data, methods, and results of empirical

analysis. The last section discusses implications.

2.2 BACKGROUND

2.2.1 SCIENTIFIC IMPORTANCE

Biomedical science and new pharmaceutical products explain a large part of health improve-

ment and life expectancy gains over the last century86–94. But this does not mean that each

biomedical research project produces valuable knowledge.

Invalid or unreliable science generates major societal costs, through wrong conclusions, ir-

reproducible results, suboptimal or harmful treatment decisions, and slowed innovation64,65.

Most attempts to reproduce published studies fail62,63; for example, in cancer, 47 of 53 land-

mark papers could not be reproduced95. The conclusions of many published RCTs are either

uninformative or wrong, damaging patients and misleading subsequent research66,96,97. For

example, atenolol, a beta-blocker approved by the Food and Drug Administration (FDA) in 1981,

sold for hundreds of millions of dollars and became standard of care, before it was shown to

be no better than a placebo for hypertension more than twenty-five years later98,99. The trial

that first questioned atenolol’s efficacy met higher scientific standards than almost all previous

trials100.

One possible reason why many results are irreproducible or wrong, is that a high propor-

tion of randomized controlled trials use inadequate methods for randomization, blinding and

reporting. A recent study concluded that: “the proportion of RCTs using inadequate methods is

high (59.3%) and increasing, potentially slowing progress and contributing to the reproducibility

crisis.”68

Lack of knowledge or high cost of meeting standards do not fully explain such a high preva-

lence of inadequate methods. There is no difference in compliance with scientific standards

between prestigious universities and other institutions, suggesting that investigator training is
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not a main driver of inadequate methods68. Indeed, meeting standards would have been fea-

sible at no or minor cost8 in most inadequate trials7. One theory is that scientists and firms’

incentives may contribute to the high prevalence of inadequate methods69,71–73.

2.2.2 LITERATURE ON SCIENTISTS’ MOTIVATIONS

The literature identifies three key drivers of scientists’ motivation: the intrinsic reward of doing

science, academic prestige, and monetary rewards, highlighting that these motivations may not

align with the production of high quality science.

A first motivation of scientists is the intrinsic reward of doing science, which has been de-

scribed as a “taste” for science, a satisfaction derived from “puzzle solving”, or a pleasure from

“finding things out”52,76,77,79. Science can be modeled as a process of search for the “true state

of the world”, in which high (low) effort yields a perfect (imperfect) signal about the true state

of the world, and scientists’ intrinsic preference for science can be expressed as a low cost of

effort72.

Academic prestige, the second motivation of scientists, is often measured using journal im-

pact factor and citations9 102–104. Academic prestige matters to scientists both directly, as a

form of recognition, and indirectly as it translates into career and monetary rewards, such as

promotion, tenure, salary and ability to change jobs52,105,106. In industry, academic prestige

helps increase knowledge flows, persuade regulators and expert adopters, and back up mar-

keting efforts74,82,85.

The pursuit of academic prestige does not necessarily translate into high quality research.

First, prestige may reflect publication quantity and bibliometric measures of impact more than

methodological quality55,107,108. Second, prestige may be contingent on results. Papers are

8Minor cost was defined as less than 1% of the cost of the trial.

9Journal impact factor reflects experts’ assessment during the peer review process. Citations provide
a collective assessment and measure impact over time101. Overall, the literature suggests that journal
prestige matters more to scientists’ careers than citations, but the relative effect of journal impact factor
and citations on salary varies by school rank.102
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more likely to be published107,109–112, to be cited,113–115 and to be accepted in better jour-

nals116–119 if they report “positive” results supporting the experimental hypothesis.

Money also motivates scientists. In academia, prestige is only one driver of income dif-

ferences across scientists; some scientists receive royalties from patents, equity in start-ups,

consulting fees or research sponsoring, and may have conflicts of interest or receive monetary

rewards contingent on results52,120,121. Industry scientists are directed towards high-payoff ac-

tivities in the firm’s interest80,122. A key question about monetary rewards contingent on results

is whether the choice of methods affects how much scientific publication can provide support

for product approval and adoption, and back up marketing efforts10 28,83,84,123,124.

Academic and industry scientists, as well as different scientists within academia (e.g., sci-

entists at different career stages) and within industry (e.g., in large pharmaceutical companies

versus start-ups), may weigh science, prestige, and monetary rewards differently. Prior liter-

ature on the differences between academia and industry is mixed. Industry scientists have a

“taste for science”, but they show a greater concern for monetary rewards than academic sci-

entists74,79. Moreover, the boundaries between academia and industry are blurry, especially in

biomedical research, and the theoretical differences between academia and industry may be

overstated. Scientists’ work in both environments share many overlapping features and there

is great heterogeneity within industry and within academia80. To account for these similarities

and differences, the scientists’ utility function will be modeled as a function depending on sci-

ence, academic prestige and monetary rewards, but allowing scientists to put different weights

on each of these dimensions.

10Azoulay (2002), shows that, controlling for marketing spending, scientific evidence, as measured by
citation weighted positive results affects drug sales. Azoulay (2002) defines “market expanding citations
in the following way: “I score each RCT using a three-step Likert scale (+10 −1) to assess the nega-
tive, neutral, or positive impact of the article: +1 (respectively −1) is assigned if the treatment effect is
significant and favors (respectively does not favor) the drug studied. A score of 0 is assigned if the treat-
ment effect fails to reach statistical significance. [...] I weight the treatment effect score by the cumulative
number of forward citations to the original article.”
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2.2.3 INSTITUTIONAL BACKGROUND: COCHRANE SYSTEMATIC REVIEWS

This study leverages unique characteristics of Cochrane Reviews. Founded in 1993, the

Cochrane Collaboration is an independent nonprofit multinational organization that produces

systematic reviews of healthcare interventions. Cochrane reviews are considered the “gold

standard” in systematic reviews by the National Library of Medicine in the US, and the Center

for Review Dissemination in the UK. Both classify systematic reviews depending on whether

they are Cochrane reviews or other reviews. There is also empirical evidence of the higher

quality of the methods and reporting of Cochrane Reviews compared to other systematic re-

views30. The commercial funding of review groups is not allowed.

Because of the process used to produce them, Cochrane Reviews constitute a rich data

source for research in the economics and management of science. Cochrane reviews aim to

answer a specific scientific question by using an explicit, pre-planned protocol to identify, as-

sess, and summarize the findings of similar but separate studies29. They systematically locate

all available studies on a specific research question. Then, at least two reviewers appraise

the methods used in each included study following pre-specified clearly defined scientific stan-

dards (see Table 1.1), and extract the data on its experimental results for analysis. Thus, each

Cochrane Review contains the methodological assessments, the experimental results, and the

references of publications, for the universe of studies available on the topic of the review.

One limitation of Cochrane Reviews explains why they have not been used more often in

economic and management studies, except for studies relying on small samples of reviews.

The data from the reviews is not available in a standardized aggregated database. The for-

mat of each review is partially standardized, allowing automation of the extraction of contents.

However, most of the information is entered as free text, requiring intensive classification work

to make comparisons across reviews possible. For instance, the methods assessed, or the

outcomes of the RCTs, even when they are similar, can be worded slightly differently.11 The

11e.g., blinding participants and personnel vs blinding (patients & physicians)
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data section provides further information on the intensive process used to assemble and clean

the database.

2.3 CONCEPTUAL FRAMEWORK

Consider a scientist with preferences for science, academic prestige, and monetary payoffs,

deciding whether to meet scientific standards in a randomized controlled trial. In the context

of RCTs, scientists’ intrinsic rewards for doing science can be modeled as a low cost of effort

for compliance with standards12 72. Prestige payoffs depend on both methods and results, and

can be measured using journal impact factor and citations. Contingent monetary payoffs13

depend on both experimental results and academic prestige of the article where the results are

reported.

Under these assumptions, the researcher chooses methods m∗ to maximize the objective

function ƒ14:

θs1[m] + θpP
�
m,R + b(m)
�
+ θgG
�
R + b(m), P
�
m,R + b(m)
��− c(m)

θ is the exogenous value of the research question, the importance of the topic.

s, p, g represent the scientist’s preference for science, academic prestige and money.

1[m] represents the intrinsic reward for doing science. If a represents adequate meth-

ods and i inadequate method 1[] = 1 and 1[ ] = 0.

R is the real value of the drug, which is a random variable characterized by a distri-

bution g(R).

12Kiri et al. (2018) model the preference for science as a low cost of effort for the production of a perfect
signal about the true state of the world. In their model of high-quality scientific production, low effort yields
an imperfect signal about the true state of the world.

13The payoffs contingent on results correspond to the monetary payoffs of academic scientists with
conflicts of interest or industry scientists pursuing the firms’ interest in the drug under study.

14I assume ƒ a continuous non-decreasing utility function.
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b(.) is a function mapping inadequacies into expected bias. Meeting all standards

yields b(0) = 0.

P(.) represents how much methods and results are rewarded by academic prestige.

The function P(.) reflects both the preference of journal editors for articles meet-

ing standards, the results reported in the paper (R + b(m)) and their bayesian

inference about the real value of R.

G(.) represents how much the article yields monetary payoffs, which depends on

methods, results and prestige. The functionG(.) represents the adopters Bayesian

inference about the real value of R.

c(.) represents the cost (or effort involved) in using method m.

If methods do not impact experimental results (if b(m) = 0 for allm), then incentives depend

only on how much the scientist, journal editors and adopters value scientific standards, and on

the difference in cost between adequate and inadequate trials.

If methods affect experimental results (if b(m) > 0 for some m), then the scientist’s incen-

tives are more complex. The preference for science involves a disutility from the expected bias

generated by inadequate methods. But inadequacies also inflate the importance of the result,

potentially increasing expected prestige and monetary payoffs if journal editors, readers and/or

adopters are misinformed about the effect of methods on experimental results (unable to cor-

rect for the researcher’s optimal choice). In such situation, the increase in expected prestige

and/or monetary gain associated with inflated results may desincentivize adequate methods.

Consider adequate method  and inadequate method .

Then, scientist decides to meet standards if:

p

�
P(,R) − P�, R + b()��+ g

�
G
�
R, P(,R)
�− G�R + b(), P(, R + b())��

>
�
c() − c() − θs

�
/θ

In this framework, besides the exogenous importance of the research question (which is re-

flected in the topic of the reviews), three parameters are critical to academic and industry scien-

tists’ decisions about how many and which standards to meet, depending on their preferences
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for science, academic impact, and results: (1) the effect of meeting standards on experimental

results b(), (2) the effect of meeting standards on academic prestige P(,R)− P(, R+ b()),
which may be valued both directly by the scientist, but also indirectly, as academic prestige

affects monetary rewards, and (3) the effect of meeting standards on monetary rewards

G
�
R, P(,R)
�− G�R + b(), P�, R + b()��,

depending on the joint effect of methods, experimental results and academic prestige on ex-

pected gains. The next section presents the data assembled to estimate these parameters.

2.4 DATA

I assembled detailed data on research methods, experimental results and scientific impact in a

large sample of drug trials to compare adequate and inadequate RCTs within narrowly defined

subgroups. The database combines three sources: (1) assessments of research methods

and experimental results extracted from Cochrane Reviews15, (2) bibliometric information from

PubMed16, and (3) journal impact factor and citations from Web of Science17. The definition of

each variable is reported in Appendix A2.1.

Systematic reviews focus on a specific question, for example “Beta-blockers for hyperten-

sion”100. Included trials compare a treatment group receiving a drug (e.g., atenolol) to a con-

trol group receiving a comparator (e.g., placebo) on one or several outcomes (e.g., all-cause

mortality, cardiovascular events and stroke). The list and distribution of outcome categories is

provided in Table 2.1.

15The scraper, built by the author, uses Python 3.6.5. The code will be made publicly available on
GitHub when the papers based on these data are published.

16Information from PubMed was retrieved using the Entrez Programming Utilities public Application
Programming Interface (API).

17Cochrane reviews include an up-to-date Web of Science citation link for each reference. Journal
titles are extracted from PubMed using the PubMed identifier listed in the reference link for each included
reference. Journal titles are matched to the InCites Journal Citation Reports available through the Harvard
Library.
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Table 2.1: Distribution of outcome types

Outcome Type Freq. Percent
Physical Health 56,802 32.03
Adverse Event 44,529 25.11
Death 21,923 12.36
Efficacy (other) 17,955 10.13
Adverse Effect 12,072 6.81
Mental Health 5,922 3.34
Attrition 5,801 3.27
Behavior 5,459 3.08
Utilization 3,568 2.01
Quality Of Life 2,172 1.22
Process 706 0.4
Satisfaction 423 0.24
Total 177,332 100

The analysis sample includes 23,321 RCTs on drugs, published between 1990 and 2018,

from 3,199 Cochrane reviews. Figure 2.1 summarizes the data flow. All trials included in

Cochrane Reviews available in October 2018, and including a statistical file were considered

for inclusion (N = 75,526 RCTs from 5,788 reviews).

Criteria for inclusion were: (1) outcomes were dichotomous or continuous and classifiable

as positive or negative without context18, so the treatment effect could be summarized as a

standardized z-score (N = 46,126 RCTs from 4,900 reviews) (2) the intervention was a drug

(N = 36,754 RCTs from 3,878 reviews) (3) the results were published between 1990 and

2018 (N = 29,682 RCTs from 3,638 reviews) and (4) the trial was assessed on at least one

of the six dimensions of the Cochrane Risk of Bias Assessment Tool. Duplicates were removed

(N = 23,321 RCTs from 3,199 reviews).

Table 2.2 presents descriptive statistics at the RCT level for the main variables. At least

two human expert reviewers assess all included trials on pre-specified scientific standards,

including random sequence generation (allocation to the treatment and control group is truly

random), allocation concealment (intervention allocation could not have been foreseen before

or during enrollment), blinding of participants and personnel (participants and personnel don’t

18For example, death or heart attack are negative without context, but weight requires context.
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Table 2.2: Descriptive statistics

RCT level (n = 23,321)
Mean Std. dev. Min Max

Methods
Adequate* 0.17 0.38 0 1
Inadequate* (ordered by frequency) 0.45 0.50 0 1

Blinding participants and personnel 0.23 0.42 0 1
Incomplete outcome data 0.16 0.36 0 1
Selective reporting 0.11 0.31 0 1
Blinding outcome assessment 0.10 0.30 0 1
Allocation concealment 0.05 0.22 0 1
Random sequence generation 0.03 0.16 0 1

Unclear* 0.37 0.48 0 1
Number of inadequacies 0.68 0.90 0 6
Number of unclear methods 1.74 1.45 0 5
Number inadequate or unclear 2.42 1.71 0 6
Results
Mean z* 0.16 3.84 −347.8 134.7
Positive 0.15 0.35 0 1
Negative 0.12 0.32 0 1
Null 0.74 0.44 0 1
Scientific impact
Journal impact factor* 5.34 8.95 0 79.26
Scopus CiteScore (2017) 2.61 2.99 0 15.85
Citations per year 4.78 18.43 0 1047.3
Citations to positive results (annual) 5.38 23.09 0 1047.3
Citations to negative results (annual) 6.22 25.92 0 880.4
Citations to mixed results (annual) 9.31 25.27 0 398
Citations to null results (annual) 3.14 9.19 0 364.9
Affiliation (First author)
Top University* 0.10 0.30 0 1
Other University* 0.39 0.49 0 1
Top Pharma* 0.01 0.10 0 1
Funding
NIH* 0.08 0.28 0 1
Other grant* 0.02 0.13 0 1
Industry* 0.05 0.20 0 1
Sample size 349 3,155 4 182,609
Year 2003 7 1990 2018

*Overall Methods are “adequate” if all methods were adequate, “inadequate” if at least one method was inadequate,
“unclear” if reviewers were not able to assess from reported information whether methods were adequate or inad-
equate. All RCT results are standardized, normed and coded so that a higher z-score is better. A binary variable
indicates a missing impact factor. Positive cites include citations to articles reporting at least one positive result. Top
universities are identified from the AWRU list for 2007. Other universities come from first author affiliation address.
Top pharma includes companies with revenue greater than $10 billion since 2011. NIH grant and other grants are
retrieved from PubMed. Industry funding is retrieved from the reviews.
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75,526 RCTs

(5,788 reviews)

23,321 RCTs

(3,199 reviews)

46,126 RCTs

(4,900 reviews)

36,754 RCTs

(3,878 reviews)

29,682 RCTs

(3,638 reviews)

Starting with all RCTs with meta-analysis in the Cochrane 
Database of Systematic Reviews in October 2018

Excluding outcomes other than:
dichotomous or continuous, 
positive or negative without context, 
with defined standardized z-score.
(29,400 RCTs from 888 reviews dropped)

Excluding interventions other than drugs 
(e.g., surgery, behavioral...)
(9,372 RCTs from 1,022 reviews dropped)

Excluding RCTs published before 1990
(7,072 RCTs from 240 reviews dropped)

Excluding RCTs without assessment of methods
and removing duplicates
(6,361 RCTs from 439 reviews dropped)

Figure 2.1: Data flow

know which intervention the participant receives), blinding of outcome assessment (outcome

assessors don’t know which intervention the participant received), complete outcome data (at-

trition and exclusion in each group, and corresponding reasons are reported), and selective

reporting (all results on all prespecified outcomes are reported). Further details about each

dimension are available in Table 1.1. On each of these standards, a trial can be “adequate”,

“inadequate”, “unclear”, or the assessment can be missing19.

Overall, 17% of RCTs used adequate methods, 45% used inadequate methods and 37%

were poorly reported. Inadequacies, by decreasing prevalence, came from blinding of par-

19Some Cochrane reviews do not include assessments on all the dimensions of the Cochrane risk of
bias assessment tool published in 2011.
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ticipants and personnel (23%), incomplete outcome data (16%), selective reporting (11%),

blinding of outcome assessment (10%), allocation concealment (5%) and random sequence

generation (3%) (see Table 2.2). The distribution of inadequacies is presented in Figure 2.2,

for the sample of RCTs assessed on all six dimensions (N = 11,600). In this sample, 45% of

RCTs have zero inadequacies (N = 5,266), 31% have one inadequacy (N = 3,561), 17%

have two inadequacies (N = 1,960), 5% have three inadequacies (N = 609), 1% have four

inadequacies (N = 161), and less than 1% have five inadequacies (N = 34) and six inade-

quacies (N = 9). Because of their small numbers, the analyses group together the RCTs with

four and more inadequacies.

Figure 2.2: Distribution of inadequacies, by number of inadequacies

Figure 2.2 shows the distribution of inadequacies, by number of inadequacies, for all RCTs

assessed on six dimensions (N = 11,600).

Some inadequacies are more prevalent than others. Blinding of participants and person-

nel is the most common issue. It concerns 43% of RCTs with one inadequacy, 79% of RCTs

with two inadequacies, and 95% of RCTs with three or more inadequacies. Among RCTs with
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one inadequacy, the two next most frequent issue are incomplete outcome data and selective

reporting, present in respectively 28% and 22% of RCTs. Among RCTs with two inadequa-

cies, inadequate blinding of participants and personnel, present in 79% of RCTs, is followed

by inadequate blinding of outcome assessment (53%), incomplete outcome data (32%), and

selective reporting (25%). Among RCTs with three inadequacies, the relative prevalence of

inadequacies remains similar.

The inadequacies are not independent from each other. Researchers who use inadequate

methods on one dimension may be more likely to use inadequate methods on another dimen-

sion. Each cell in Table 2.3 reports the pseudo R-squared from the logit regression of the

indicator for one type of inadequacy (e.g. random sequence generation) on another type of

inadequacy (e.g., allocation concealment). Two pairs of inadequacies exhibit relatively large

correlations: (1) random sequence generation with allocation concealment (pseudo R-squared

= 0.20) and (2) blinding of participants and personnel with blinding of outcome assessment

(pseudo R-squared = 0.12). To account for these correlations, the analyses use two alter-

native independent variables for inadequacies: the number of inadequacies and indicators for

each inadequacy.

Table 2.3: Relationship between inadequacies, pseudo R-squared

Random
Sequence
Genera-
tion

Allocation
Conceal-
ment

Blinding
Patients &
Personnel

Blinding
Outcome
Assess-
ment

Incomplete
Outcome

Data

Random Sequence Genera-
tion 1

Allocation Concealment 0.20 1
Blinding Patients and Person-
nel 0.00 0.02 1

Blinding Outcome Assess-
ment 0.01 0.01 0.12 1

Incomplete Outcome Data 0.00 0.00 0.00 0.00 1
Selective Reporting 0.00 0.00 0.00 0.00 0.01

Each cell reports the pseudo R-squared from the Logit regression of the indicator for one type of in-
adequacy (e.g., random sequence generation) on the indicator for another type of inadequacy (e.g.,
allocation concealment).
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RCT results are classified and coded into normed z-scores so that a higher value of z indi-

cates a better outcome for the treatment group compared to the control group (see appendix

A2.1). The distribution of results for all outcomes is presented in Figure 2.3a. Overall 15% of

all results are statistically significant and positive (z > 1.96), 12% are statistically significant

and negative (z < −1.96) and 74% are null (−1.96 ≤ z ≤ 1.96). The mean of z across

all outcomes is 0.16, with a standard deviation of 3.84 (see also Table 2.2). The distribution of

RCT results varies by outcome. Figure 2.4 shows the distribution of results for six categories

of outcomes: death, adverse event, adverse effect, physical health, mental health and other

efficacy outcomes.

Journal impact factor20 and citations through 2018 are retrieved from Web of Science for

the main article reporting the trial as identified by Cochrane reviewers. The distribution of

journal impact factor is presented in Figure 2.3b. The journal impact factor distribution is highly

skewed, with a mean of 5.34 and a standard deviation of 8.95. The top 0.1% corresponds to

RCTs published in the New England Journal of Medicine. The top 1% adds RCTs published

in JAMA and the Lancet. The top decile adds RCTs published in other high impact journals

in general and internal medicine, such as the Annals of Internal Medicine and the Archives of

Internal Medicine, as well as top specialty journals such as the Journal of Clinical Oncology,

Gastroenterology, and Circulation. 80% of the RCTs are published in journals with an impact

factor of less than 5.3, and 20% of RCTs are published in journals with an impact factor less

than 1.

The distribution of annual citations is highly skewed, and similar to the distribution of journal

impact factor (Figure 2.3c). The annual citation mean is 4.78, with a standard deviation of 18.43.

On average, the top 1% RCTs receive 133 annual citations, RCTs in the 96-99 percentiles

receive 27 annual citations, and RCTs in the 90-95 percentiles receive 12 annual citations.

RCTs in the top 80-90 decile receive just above 5 annual citations. 80% of RCTs receive less

than 5 annual citations. RCTs in the bottom 20% receive zero annual citations.

20Journal impact factor is a time varying variable from 1997 to 2018. For years before 1997, the 1997
value is imputed. For journals not listed in Web of Science, a value of zero is imputed.
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(a) Distribution of RCT results (z-scores)

(b) Distribution of journal impact factor

(c) Distribution of annual citations

Figure 2.3: Distribution of experimental results, journal impact factor and annual citations
This figure shows the distribution of the three main outcome variables: z-scores, journal impact factor
and total annual citations. Z-scores are classified and coded so that a higher value corresponds to better
results. N = 177,333 RCT results corresponding to 23,321 RCTs included in 3,199 reviews.
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Figure 2.4: Distribution of results by main outcome category

Cochrane Reviews offer two ways to measure novelty within and across topics. All reviews

of prescription drugs include trials on drugs that are approved at the time of the review. Con-

sidering early verus late science along the R&D spectrum, there is no “early stage” research

in the sample. However, within topics, the first RCT is more “early science” than the twentieth

RCT. The “order of entry” in a review measures this dimension of “within topic” novelty. Across

reviews, some topics are also more novel than others. For instance, RCTs included in a review

on immunotherapy address a more novel topic than RCTs included in a review on statins.

The next sections explains how my empirical analysis leverages these data to compare trials

within narrowly defined groups and to estimate the effect of meeting standards on experimental

results, journal placement, and citations.
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2.5 EMPIRICAL ANALYSIS

My empirical analysis relies on the comparison of RCTs using adequate versus inadequate

methods within narrowly defined groups. RCTs on the same topic (e.g., Active drug versus a

placebo for hypertension) compare the effect of the same drug(s) (e.g., a beta-blocker, such

as atenolol) to the same comparator(s) (e.g., a placebo), on the same outcome(s) (e.g., all-

cause mortality, cardiovascular events, and stroke). Within these groups, the study compares

experimental results and scientific impact of adequate versus inadequate RCTs.

Using the equation below, I estimate the effect of meeting six scientific standards21 on three

main outcomes: (1) the sign and significance of experimental results; (2) the impact factor of

the publishing journal; and (3) the number of citations the paper receives:

Yirot = α + βM + δX + ρr + ωo + τt + εirot (2.1)

Yirot Outcome for RCT  published in year t, included in review r, on outcome o (e.g., death

or stroke).

M Indicators for each number (or type) of inadequacies.

X RCT level controls (e.g., sample size)

ρr Review fixed effect (topic, treatments, comparators, outcomes, subgroups)

ωo Outcome type fixed effect (death, adverse event, physical health. . . )

τt Publication year fixed effect

εirot Error term

The first regression22 predicts whether, within reviews, RCTs with n inadequacies (or with

each type of inadequacy) have a higher probability to yield a positive result (i.e., a statisti-

cally significant result supporting the use of the subject drug) than a more adequate RCT on

21The six standards include: random sequence generation, allocation concealment, blinding of partici-
pants and personnel, blinding of outcome assessment, complete outcome data, and absence of selective
reporting, and are defined in Table 1.1.

22I used a logistic regression to predict the binary outcome of a statistically significant positive result.
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the same topic. The regressions control for sample size, missing assessments, and include

outcome and year fixed effects.

To investigate differences in publication bias and strategic non-disclosure by sponsor type

(NIH versus industry), equation (1) is modified to include indicators for sponsor type and interac-

tions between the number of inadequacies and sponsor type. To study whether the relationship

between inadequacies and results changed with pre-registration and reporting requirements,

equation (1) is modified to include an indicator identifying the period after each new require-

ment (post 2005, 2007 and 2012) and an interaction between the number of inadequacies and

the time variables.23

Using an equation similar to (1), regression models24 estimate the difference in journal

placement and citations between adequate and inadequate RCTs. The models include the

same controls as (1), and add controls for sponsor (NIH, industry), novelty (as measured by

indicators for order of entry in the review) and prestige25 (based on first author affiliation).

A first set of models estimates the effect of inadequacies on journal prestige conditional on

results. To get the net global effect accounting for both the effect of methods on results and the

effect of results on journal prestige, a second set of models estimates the effect of inadequacies

on journal prestige unconditional on results.

Regressions including indicators for sponsor type (NIH, industry) and interactions between

sponsor and inadequacies explore whether the effect varies by sponsor (i.e. whether jour-

nal editors are more or less tolerant of inadequacies for publicly sponsored trials or privaltely

sponsored trials). Regressions with interactions for prestige (based on first author affiliation)

23In 2005, the International Committee of Medical Journal Editors (ICMJE) required trial registration
before patient enrollment for trials to be eligible for publication in one of its member journals125. In 2007,
the U.S. Food and Drug Administration Amendments Act of 2007 (FDAAA 801), required registration for
most studies of FDA-regulated drug, biological or device products. In 2012, detailed reporting of outcome
measures became mandatory for study records submitted to ClinicalTrials.gov126.

24Negative binomial models are reported in the result section. OLS models are reported in appendix.

25Observable characteristics of the author or the research, other than the intrinsic scientific quality of the
article, affect its journal placement and citations. For instance, prestigious authors receive proportionally
more credit and reward for their work than less prestigious authors (the “Matthew effect”)127,128
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investigate whether journal editors are more lenient towards prestigious authors’ inadequacies.

Regressions with interactions for top pharma company first author and other type of firm in-

volvement explore whether the relationship between inadequacies and journal impact factor

depends on the saliency of firm involvement. Regressions with interactions for novelty (as

measured by the first or first to third RCT(s) on a topic) investigate whether journal editors are

more or less tolerant of methodological inadequacies in more novel trials.

Journal prestige is likely to explain a part of the difference in citations between RCTs using

adequate versus inadequate methods. To get the net effect of inadequacies on citations, a first

set of models predicts the effect unconditional on impact factor. To study whether, comparing

articles published in similar journals, RCTs using better methods receive more citations, a

second set of models includes impact factor in the regressions.26

Regression models test whether citations to positive and negative results, and net positive

citations, are different for RCTs with n (or each type of) inadequacies compared to adequate

RCTs on the same topic. “Positive citations” include all citations to articles with at least one

positive and statistically significant result supporting the use of the drug under study (and no

statistically significant negative finding). “Positive citations including citations to non-significant

results” add non-significant results, as these may be used in marketing campaigns. “Negative

citations” include all citations to articles with at least one significant result against the use of the

drug. “Net positive citations” account for both citations to positive results (supporting the use of

the drug) and citations to negative results (against the use of the drug).27

26The second set of models aims to explore whether RCTs published in a specific journal (e.g., the New
England Journal of Medicine) and meeting scientific standards receive more citations than similar articles
on the same topic published in that journal but using inadequate methods.

27“Net positive citations” are defined by +1× citations if the result is positive (i.e. finding that the drug
is superior to the comparator), −1× citations if the result is negative (i.e. finding that the drug is inferior
to the comparator), and zero otherwise. This is the same approach used to define “market expanding
citations” or “weighted evidence driving drug sales” in Azoulay (2002).
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2.6 RESULTS

2.6.1 THE IMPACT OF INADEQUACIES ON EXPERIMENTAL RESULTS

Figure 2.5 shows the impact of inadequacies on the probability of a positive result. The formal

regression results are presented in Table 2.4. On average, each inadequacy increases the

probability of a positive result by 7%. The probability of a positive result in RCTs with no

inadequacies is 15%. RCTs with one inadequacy have a 17% change of finding a postive

result (+13.3%). RCTs with three or more inadequacies have a 19% chance of finding a

positive result (+26.6%). These effects are large and statistically significant.

Table 2.4, column 3 presents the regression results, adding interactions between each num-

ber of inadequacies and sponsorship by NIH or industry. Positive results are more likely in trials

sponsored by the NIH or by industry than in all other trials. All interactions between number of

inadequacies and sponsor are non significant, and the coefficients on each number of inade-

quacies remain very similar to the coefficients in the main model without interactions. There is

no difference in the relationship between inadequacies and results by sponsor type.

Table 2.4, columns 4-6 report the regressions with time indicators as well as interactions be-

tween each number of inadequacies and time indicators (post 2005, post 2007 and post 2012).

The variables indicating the second time period are all negative and statistically significant. In

all three models, however, the interactions between inadequacies and time are not significant,

except for three inadequacies, suggesting that the relationship between inadequacies and pos-

itive results has not changed with new reporting policies.

The effect of each inadequacy, ordered by prevalence28, on the probability of a positive result

is presented in Figure 2.5b and Table 2.5. Inadequate blinding of participants and personnel,

which is the most common inadequacy, also has the largest positive effect on the probability of

a positive result (+4 percentage points), followed by allocation concealment (+3 percentage

28(1) blinding of participants and personnel, (2) incomplete outcome data, (3) selective reporting, (4)
blinding of outcome assessment, (5) allocation concealment and (6) random sequence generation.
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Table 2.4: Effect of number of inadequacies on the probability of positive results

DV = Significant Positive Result (Logit Model)
(1) Main
model

(2) Proba-
bilities

(3) Inad. x
Sponsor

(4) Inad. x
post 2005

(5) Inad. x
post 2007

(6) Inad. x
post 2012

Inadequacies
1 0.17*** 0.17*** 0.15*** 0.15*** 0.18*** 0.17***

(0.02) (0.002) (0.02) (0.03) (0.03) (0.02)
2 0.10*** 0.16*** 0.10** 0.12** 0.12** 0.09**

(0.03) (0.003) (0.03) (0.04) (0.04) (0.03)
3 0.26*** 0.19*** 0.23*** 0.08 0.11 0.22**

(0.05) (0.005) (0.05) (0.06) (0.06) (0.05)
4+ 0.27*** 0.19** 0.32** 0.17 0.17 0.26**

(0.09) (0.010) (0.10) (0.13) (0.11) (0.10)
Sponsor
NIH -0.08* -0.11* -0.08* -0.08* -0.08*

(0.03) (0.04) (0.03) (0.03) (0.03)
Pharma -0.18*** -0.17** -0.19*** -0.19*** -0.19***

(0.04) (0.05) (0.04) (0.04) (0.04)
Post Time Post 2005 Post 2007 Post 2012

-0.19*** -0.69* -0.73*
(0.05) (0.31) (0.32)

Inadequacies x NIH Post 2005 Post 2007 Post 2012
1 0.08 0.03 -0.06 -0.02

(0.07) (0.04) (0.04) (0.07)
2 0.06 -0.04 -0.05 0.17

(0.11) (0.05) (0.06) (0.09)
3 -0.37 0.39*** 0.41*** 0.31*

(0.25) (0.09) (0.09) (0.14)
4+ 0.10 0.22 0.31 0.02

(0.70) (0.18) (0.19) (0.41)
Inadequacies x Industry
1 0.08

(0.07)
2 -0.02

(0.09)
3 0.53

(0.17)
4+ 0.10

(0.68)
N Reviews 3,199 3,199 3,199 3,199 3,199 3,199
N Obs. 175,025 175,025 175,025 175,025 175,025 175,025

*p < 0.05, **p < 0.01, ***p < 0.001. Observations are RCT results, compared within review. All models report
the logistic regression of a binary indicator for a significant positive result (a result supporting the treatment compared
to the comparator) and control for sample size and include fixed effects for outcome type, number of assessments,
years and number of comparisons in RCT.
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(a) Effect of number of inadequacies on the probability of positive results

(b) Effect of each inadequacy on the probability of positive results (regression with all inadequacies)

Figure 2.5: Effect of inadequacies on the probability of positive result

points). Inadequate blinding of outcome assessment has a negative effect on the probability of

a positive result (−3 percentage points).

Figure 2.6 reports estimates of the effect of the number of inadequacies on the probability of

a positive result for six outcome categories29. When the outcome is death, adverse effect and

29Death, adverse event, adverse effect, physical health, mental health and other measures of efficacy
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Table 2.5: Effect of each inadequacy on experimental results and journal placement

Positive result Journal impact factor
(1)

Logit
(2)

Probability
(3)

Negative Binomial
(4)
OLS

Inadequacies
Blinding 0.42*** 0.04*** 0.88* −0.09***
Part. & Pers. (0.04) (0.004) (0.02) (0.02)

Incomplete 0.01 0.00 0.92*** −0.08***
Outcome Data (0.03) (0.003) (0.02) (0.01)

Selective 0.08 0.01 0.90*** −0.08***
Reporting (0.04) (0.003) (0.02) (0.02)

Blinding -0.31*** -0.03*** 0.83*** −0.14***
Outcome Assess. (0.05) (0.004) (0.03) (0.02)

Allocation 0.37*** 0.03*** 0.82*** −0.17***
Concealment (0.09) (0.004) (0.03) (0.03)

Random 0.06 0.01 0.79*** −0.18***
Seq. Generation (0.10) (0.009) (0.04) (0.04)
N Reviews 1,469 1,469 3,103 3,103
N observations 94,535 94,535 23,321 23,321

*p < 0.05, **p < 0.01, ***p < 0.001. Observations are compared within reviews. In columns 1 and 2, an
observation is an RCT result, and the regression includes all RCTs assessed on all dimensions. The regression
controls for sample size and includes year, outcome, and number of comparisons fixed effects. In columns 3 and
4, and observation is an RCT. The models control for sample size, number of assessments, missing assessment,
order of entry, academic prestige (first author affiliated with top university or other university), top pharma affiliation,
sponsorship and include year and order of entry fixed effects.

adverse event, one inadequacy is enough to significantly increase the probability of a positive

result. This is not the case for other physical and mental health outcomes and other (more

subjective) measures of efficacy. Suprisingly, this suggests inadequacies matter even more for

objective outcomes than subjective outcomes.

Inadequate methods increase the probability of a positive result, and inadequacies matter

even more for objective outcomes than subjective outcomes. Inadequate blinding of partic-

ipants and personnel, which is the most common inadequacy, also has the largest positive

effect on the probability of a positive result. The relationship between inadequacies and posi-

tive results did not change with the introduction of pre-registration and reporting requirements
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(a) Death (b) Adverse effect

(c) Adverse event (d) Physical health

(e) Mental Health (f) Efficacy (other outcomes)

Figure 2.6: Effect of number of inadequacies on the probability of positive result by outcome type
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and does not vary by sponsor type, suggesting that publication bias and strategic non-reporting

do not drive the results.

2.6.2 THE IMPACT OF INADEQUACIES ON JOURNAL PLACEMENT

Table 2.630 and Figure 2.7a report the regressions of journal impact factor on number of inad-

equacies. Conditional on results, RCTs with one, two, three, and four or more inadequacies

are published in journals with an impact factor respectively 87%, 81%, 71% and 64% of the

expected journal impact factor for an adequate RCT included in the same review.31 The effect

of each additional inadequacy on journal impact factor is large and highly significant.

(a) Effect of number of inadequacies on journal impact factor

(b) Effect of each inadequacy on journal impact factor (regression with all inadequacies)

Figure 2.7: Effect of inadequacies on journal impact factor

30Table 2.6 reports negative binomial models. Table 2.7 report the same regressions using OLS.

31Unconditional on results, the journal impact factor penalty on each number of inadequate methods is
very similar (see Figure 2.7).
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Table 2.6: Effect of number of inadequacies on journal placement (Negative binomial models)

DV = Journal Impact Factor
(1)

Conditional
on results

(2) Uncon-
ditional on
results

(3) Inad. x
Sponsor

(4) Inad. x
Acad.

Prestige

(5) Inad. x
Firm in-

volvement

(6) Inad. x
Novelty
(First)

(7) Inad. x
Novelty
(1st-3rd)

Inadequacies
1 0.87*** 0.87*** 0.87*** 0.88*** 0.86*** 0.88*** 0.87***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
2 0.81*** 0.81*** 0.78*** 0.77*** 0.79*** 0.81*** 0.82***

(0.02) (0.02) (0.02) (0.03) (0.02) (0.02) (0.03)
3 0.71*** 0.70*** 0.76*** 0.71*** 0.72*** 0.70*** 0.72***

(0.03) (0.03) (0.04) (0.05) (0.03) (0.03) (0.04)
4+ 0.64*** 0.64*** 0.62*** 0.56*** 0.60*** 0.68*** 0.63***

(0.05) (0.06) (0.05) (0.07) (0.05) (0.06) (0.06)
Sponsor
NIH 1.40*** 1.40*** 1.44***

(0.03) (0.03) (0.04)
Industry 1.17*** 1.20*** 1.10*

(0.04) (0.04) (0.05)
Academic Prestige
Top Univ. 1.24*** 1.24*** 1.30***

(0.03) (0.03) (0.04)
Other Univ. 1.08*** 1.08*** 1.08***

(0.02) (0.02) (0.02)
Firm involvement (Top pharma first author versus other firm involvement)
Top First 0.98

(0.76)
Other 1.11*

(0.06)
Novel First 1st-3rd

1.37*** 1.34***
(0.05) (0.05)

Inadequacies x NIH Top Univ. Top P. 1st First 1st-3rd
1 0.92* 1.06* 1.05 0.94* 0.99

(0.04) (0.05) (0.14) (0.04) (0.03)
2 0.98 1.19* 1.26* 0.95* 0.94*

(0.07) (0.09) (0.24) (0.06) (0.04)
3 0.60* 0.94 0.36* 1.00 0.95

(0.10) (0.14) (0.34) (0.13) 0.08)
4+ 1.83* 1.08 1.00 0.66 1.04

(0.07) (0.45) (.) (0.14) (0.17)
Inadequacies x Industry Other U. Other F.I.
1 1.10* 0.95* 1.10*

(0.07) (0.03) (0.08)
2 1.17* 1.02 1.17*

(0.10) (0.05) (0.11)
3 0.74* 0.99 0.77*

(0.13) (0.09) (0.14)
4+ 1.16 1.23* 1.24*

(0.27) (0.20) (0.29)
N Reviews 3,103 3,103 3,103 3,103 3,103 3,103 3,103
N Obs. 23,321 23,321 23,321 23,321 23,321 23,321 23,321
*p < 0.05, **p < 0.01, ***p < 0.001. Observations are RCT results, compared within review. The table reports
the incidence rate ratios (IRR) from the negative binomial regressions of impact factor on the number of inadequacies,
with controls and interactions. The reference for RCTs with zero inadequacies is IRR=1. OLS models predicting the
logarithm of impact factor plus one yield similar results (see table 2.7a). All models include all controls as well as
outcome, order of entry, and year fixed effects.
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Table 2.6, column 3, presents the regressions of journal impact factor on number of inade-

quacies, with interactions between number of inadequacies and NIH or industry sponsor. NIH

sponsored trials are published in much better journals than other trials, by a large and highly

significant coefficient (RR = 1.44). Industry sponsored trials are published in better journals

than other trials, but the effect is not as large and only marginally significant (RR = 1.10).

Journal editors judge inadequacies more harshly in NIH sponsored trials compared to other

trials. Surprisingly, this is not the case for industry sponsored trials.32

Table 2.6, column 4, reports the regressions predicting journal impact factor with interaction

between the number of inadequacies and academic prestige (as measured by first author affil-

iated with a top university or another university). Articles by prestigious authors are published

in much better journals, with a 30% boost for authors affiliated with top universities and a 8%

boost for authors affiliated with other universities. Interaction coefficients between one or two

inadequacies and first author affiliated with a top university are large and significant33.

Table 2.6, column 5, reports the regression of journal prestige on number of inadequacies,

with interaction for first author affiliation with top pharma company and other type of firm in-

volvement. None of the interaction coefficients are significant.34

Table 2.6, columns 6 and 7, report regressions of journal prestige on the number of inade-

quacies, with interactions for novelty. Novelty is associated with a large and significant reward in

journal prestige35. However, the relationship between inadequacies and journal prestige does

not depend on novelty. None of the interaction coefficients is significant.

Regressions of journal impact factor on each inadequacy are presented in Figure 2.7b and

Table 2.5. Conditional on results, inadequate blinding of participants and personnel yields

88% of the expected journal impact factor for an adequate RCT included in the same review,

32Three out of four interaction coefficients on NIH with number of inadequacies are less than 1. Three
out of four interaction coefficient on industry with number of inadequacies are more than 1.

33RR = 1.06 for one inadequacy and RR = 1.19 for two.

34Given the relatively small sample of RCTs with a top pharma first author (N = 226), this result should
be interpreted with caution.

35First: RR = 1.37, First to third: RR = 1.34.
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Table 2.7: Effect of number of inadequacies on journal placement (OLS)

DV = log (Journal Impact Factor + 1)
(1) Con-
ditional

on
results

(2) Uncon-
ditional on
results

(3) Inad.
x

Sponsor

(4) Inad.
x Acad.
Prestige

(5) Inad.
x Firm
involve-
ment

(6) Inad.
x

Novelty
(First)

(7) Inad.
x

Novelty
(1st-3rd)

Inadequacies
1 -0.05*** -0.06*** -0.10*** -0.09*** -0.12*** -0.10*** -0.11***

(0.01) (0.01) (0.01) (0.02) (0.01) (0.01) (0.02)
2 -0.07*** -0.07*** -0.17*** -0.15*** -0.19*** -0.16*** -0.14***

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
3 -0.12*** -0.13*** -0.22*** -0.22*** -0.26*** -0.26*** -0.24***

(0.03) (0.03) (0.03) (0.04) (0.03) (0.03) (0.04)
4+ -0.24*** -0.24*** -0.38*** -0.39*** -0.41*** -0.33*** -0.40***

(0.05) (0.05) (0.05) (0.07) (0.06) (0.06) (0.07)
Sponsor
NIH 0.28*** 0.27*** 0.44***

(0.02) (0.02) (0.02)
Industry 0.20*** 0.21*** 0.09*

(0.03) (0.03) (0.04)
Academic Prestige
Top Univ. 0.10*** 0.10*** 0.29***

(0.02) (0.02) (0.02)
Other Univ. 0.03** 0.03** 0.08***

(0.01) (0.01) (0.02)
Firm involvement (Top pharma first author versus other)
Top First -0.23

(0.07)
Other 0.11*

(0.04)
Novel First 1st-3rd

0.39*** 0.38***
(0.03) (0.03)

Inadequacies x NIH Top Univ. Top P.
1st First 1st-3rd

1 -0.12* -0.06 -0.02 -0.05* -0.01
(0.04) (0.04) (0.01) (0.03) (0.02)

2 -0.09* 0.03 0.20* -0.06* -0.08*
(0.06) (0.06) (0.17) (0.05) (0.03)

3 -0.56*** -0.16* -0.76* -0.02 -0.08*
(0.12) (0.11) (0.45) (0.08) (0.06)

4+ 0.50* -0.12 0 -0.26* 0.04
(0.35) (0.27) (.) (0.13) (0.10)

Inadequacies x Industry Other U. Other F.I.
1 0.05 -0.06* 0.04*

(0.05) (0.02) (0.06)
2 0.11 -0.07* 0.09*

(0.07) (0.03) (0.08)
3 -0.28* -0.12* -0.25*

(0.12) (0.06) (0.13)
4+ 0.04 0.01 0.00

(0.17) (0.10) (0.17)
N Reviews 3,103 3,103 3,103 3,103 3,103 3,103 3,103
N Obs. 23,321 23,321 23,321 23,321 23,321 23,321 23,321

*p < 0.05, **p < 0.01, ***p < 0.001. Observations are RCT results, compared within review. The table report the
OLS coefficients from the regressions of impact factor on the number of inadequacies, with controls and interactions.
All models include all controls (including those non reported), as well as outcome, order of entry, and year fixed
effects.
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incomplete outcome data 92%, selective reporting 90%, blinding of outcome assessment 83%,

allocation concealment 83%, and random sequence generation 78%.36

RCTs meeting scientific standards are published in better journals. Less frequent inadequa-

cies are more penalized. Journal editors judge inadequacies more harshly in NIH sponsored

trials compared to other trials. Surprisingly, this is not the case for industry sponsored tri-

als. Furthermore, the saliency of industry involvement does not lead journal editors to judge

inadequacies more harshly. Journal editors are more lenient with prestigious authors, espe-

cially when the number of inadequacies is limited to one or two. Novel trials are published in

much better journals, but inadequate trials, novel or not, receive the same journal impact factor

penalty.

2.6.3 THE IMPACT OF INADEQUACIES ON CITATIONS

Table 2.8 and Figure 2.8 show the impact of inadequacies on total annual citations. The re-

lationship between inadequacies and total annual citations is non-linear, in contrast to the re-

lationship between inadequacies and journal prestige. The first inadequacy yields a citation

penalty of about 10% compared to an adequate trial. The second and third inadequacies do

not make much difference compared to one inadequacy. Four or more inadequacies yields a

20% additional penalty. As shown in Table 2.8, controlling for impact factor in the regressions

predicting citations eliminates the difference between trials with one, two and three inadequa-

cies.

Figure 2.8 represents the incidence rate ratios from the negatice binomial regressions of

total citations on (a) each number of inadequacy, conditional on results with all controls, and (b)

each inadequacy, conditional on results, with all controls. In the two figures in the left column,

the regressions do not control for journal impact factor. In the two figures on the right column,

the regressions control for impact factor (to ask whether inadequacies affect citations when

comparing articles published in a similar journal). The coefficients of each of these regressions

36The effect of each inadequacy on journal impact factor unconditional on results is very similar (see
Figure 2.7).
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Table 2.8: Effect of number of inadequacies on total citations

Citations Received Through 2018 (Web of Science)
(1) (2) (3) (4) (5) (6) (7) (8)

Model
Negative Binomial (IRR)

DV = Total citations (exposure: age)

OLS

DV = log(Citations by year + 1)

Conditional on

Results
Yes Yes No No Yes Yes No No

Controlling for IF No Yes No Yes No Yes No Yes

Reference:
0 inad

1 1 1 1 1.06 1.06 1.06 1.06

# inadequacies
1 0.91*** 0.92*** 0.90*** 0.92*** −0.08*** −0.05*** −0.08*** −0.05***

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

2 0.89*** 0.93*** 0.89*** 0.93** −0.11*** −0.07*** −0.12*** −0.07***
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.05)

3 0.88*** 0.92* 0.88*** 0.93 −0.19*** −0.12*** −0.19*** −0.12***
(0.03) (0.04) (0.03) (0.04) (0.03) (0.03) (0.03) (0.03)

4+ 0.66*** 0.70*** 0.65*** 0.70*** −0.30*** −0.24*** −0.31*** −0.24***
(0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05)

Sponsor
NIH 1.50*** 1.32*** 1.49*** 1.33*** 0.40*** 0.28** 0.39*** 0.28***

(0.03) (0.03) (0.03) (0.03) (0.02) (0.01) (0.02) (0.02)

Industry 1.25*** 1.22*** 1.28*** 1.24*** 0.22*** 0.20*** 0.24*** 0.20***

(0.04) (0.04) (0.04) (0.04) (0.03) (0.03) (0.03) (0.03)

First Author
Top University 1.20*** 1.14*** 1.20*** 1.12*** 0.17*** 0.10*** 0.17*** 0.10***

(0.03) (0.02) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02)

Other University 1.09*** 1.08*** 1.09*** 1.08*** 0.04*** 0.03** 0.04*** 0.03**

(0.02) (0.01) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01)

Top Pharma 1.10 1.11 1.12 1.13* 0.09 0.10* 0.10* 0.10*

(0.06) (0.06) (0.07) (0.06) (0.05) (0.04) (0.05) (0.04)

N Reviews 3,103 3,103 3,103 3,103 3,103 3,103 3,103 3,103

N Observations 23,308 23,308 23,308 23,308 23,321 23,321 23,321 23,321

*p < 0.05, **p < 0.01, ***p < 0.001. The regressions predicting citations use article age in 2018 as the time expo-
sure variable and control for order in review, prestige (first author affiliation), log sample size, number of dimensions
assessed, missing journal impact factor, outcome type fixed effects, year fixed effects.
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(a) Effect of the number of inadequacies on total citations

(b) Effect of each inadequacy on total citations

Figure 2.8: Effect of inadequacies on total citations

unconditional on the experimental results of the RCT are very similar (so the figures are not

reported here as they are indistinguisable).

Table 2.9 and Figure 2.8b show the effect of each inadequacy on total annual citations. RCTs

with inadequate blinding receive 91% of the expected citations for an adequate RCT included in

the same review, incomplete outcome data 98%, selective reporting 94%, inadequate blinding

of outcome assessment 93%, inadequate allocation concealment 87%, inadequate random

sequence generation 78%.37

Table 2.10 and Figure 2.9 show the effect of the number of inadequacies on citations to

positive results, citations to negative results and net citations. Only one number of inadequacies

37Conditional and unconditional on results, the estimates of the effect of each inadequacy on citations
are very similar.
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(two inadequacies) is associated with a decrease in citations to positive results, and this effect

is only marginally significant. No number of inadequacies has any effect on citations to positive

results including non-significant results (which are sometimes used in marketing campaigns,

especially in the absence of significant positive results). One or two inadequacies decrease

citations to negative results.

Compliance with scientific standards affects academic prestige beyond the editorial and

peer-review process. RCTs with one or more inadequacies receive significantly fewer citations

than adequate RCTs on the same topic, and a main reason why better trials get more citations

is that they get published in better journals. Different inadequacies have different effects on

total citations, and the effect of each inadequacy on total citations is an attenuated version of

the effect of each inadequacy on journal impact factor. However, inadequacies have no effect

on net positive citations, and the number of citations to positive results does not change with

the number of inadequacies. One or two inadequacies decrease citations to negative results.

2.7 DISCUSSION AND CONCLUSION

In this paper, using a novel dataset of 23,321 clinical trials of drugs assessed in Cochrane Re-

views, I investigate academic and industry scientists’ incentives to meet clinical trial standards.

Within narrowly defined subgroups, I compare experimental results and scientific impact of

RCTs using adequate versus inadequate methods for randomization, blinding and reporting.

The first contribution of this paper is to show that methodological inadequacies in drug trials

generate measurable bias (not merely noise), through an empirical estimate of the effect of

inadequacies on experimental results. The effect is large (+7% per inadequacy) and highly

significant, suggesting that physicians, patients, firms, governments or other decision makers

using the results of the research as input in decision making need interpret results of inad-

equate trials with caution. Notably, the relationship between inadequacies and experimental

results did not change with the introduction of pre-registration and reporting requirements for

clinical trials, and does not depend on government or industry sponsorship. This suggests that

publication bias or strategic non-disclosure do not drive the results.
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Table 2.9: Effect of the number of inadequacies on citations to results supporting (or against) the drug

DV = Annual citations
Total

citations
Positive
citations

Negative
citations

Net
citations

(1) (2) (3) (4) (5) (6) (7)
NB
(IRR) OLS NB

(IRR) OLS NB
(IRR) OLS OLS

Number of inadequacies
1 0.90*** −0.08*** 0.96 −0.01 0.88** −0.03** −0.01

(0.01) (0.01) (0.04) (0.01) (0.04) (0.01) (0.01)
2 0.89*** −0.12*** 0.88* −0.03* 0.85* −0.03** −0.03

(0.02) (0.02) (0.05) (0.01) (0.05) (0.01) (0.01)
3 0.88** −0.19*** 0.96 −0.05* 1.14 −0.04 −0.05

(0.03) (0.03) (0.09) (0.02) (0.12) (0.02) (0.03)
4+ 0.65*** −0.31*** 1.12 −0.02 0.76 −0.07 −0.01

(0.05) (0.05) (0.17) (0.04) (0.16) (0.04) (0.04)
Sponsor
NIH 1.49*** 0.39*** 0.79*** 0.01 1.08 0.08*** 0.02

(0.03) (0.02) (0.05) (0.02) (0.07) (0.01) (0.02)
Industry 1.28*** 0.24*** 1.20* 0.06* 1.19 0.06* 0.06*

(0.04) (0.03) (0.09) (0.02) (0.10) (0.02) (0.03)
First Author Affiliation
Top University 1.20*** 0.17*** 1.02 0.04** 1.17** 0.07*** 0.05**

(0.03) (0.02) (0.06) (0.02) (0.07) (0.01) (0.02)
Other University 1.09*** 0.04*** 1.12** 0.04*** 1.07 0.02 0.03**

(0.02) (0.01) (0.04) (0.01) (0.04) (0.01) (0.01)
Top Pharma 1.12 0.10* 0.58** −0.02 1.08 0.00 -0.03

(0.07) (0.05) (0.11) (0.04) (0.17) (0.04) (0.04)
N Reviews 3,103 23,308 3,103 23,308 3,103 23,308 23,308
N Observations 23,308 3,103 23,308 3,103 23,308 3,103 3,103

*p < 0.05, **p < 0.01, ***p < 0.001. All models control for log sample size, number of assessments, order in
review, missing first author affiliation and include year fixed effects. The models do not control for impact factor (to get
the net effect of inadequacies on citations). The exposure variable in the negative binomial model is the age of the
RCT in 2018.
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(a) Effect of inadequacies on citations to statistically significant results supporting the drug

(b) Effect of inadequacies on citations to non-significant results supporting the drug

(c) Effect of inadequacies on citations to statistically significant results against the drug

(d) Effect of inadequacies on net positive citations

Figure 2.9: Effect of inadequacies on citations to results supporting (or against) the drug
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Table 2.10: Effect of each inadequacy on citations (no control for impact factor)

Total
citations

Positive
citations

Negative
citations

Net
citations

(1) (2) (3) (4) (5) (6) (7)
NB (IRR) OLS NB (IRR) OLS NB (IRR) OLS OLS

Inadequacies

Blinding 0.91*** −0.08*** 0.97 −0.01 0.86** −0.03 −0.00
Part. & Pers. (0.02) (0.02) (0.05) (0.01) (0.05) (0.01) (0.02)

Incomplete 0.98 −0.04** 0.89* −0.03* 1.02 0.01 −0.02
Outcome Data (0.02) (0.01) (0.04) (0.01) (0.06) (0.01) (0.01)

Selective 0.94** −0.11*** 0.93 −0.02 1.02 −0.03 −0.02
Reporting (0.02) (0.02) (0.06) (0.02) (0.07) (0.01) (0.01)

Blinding 0.93* −0.05* 0.83** −0.04* 1.07 −0.01 −0.05∗
Outcome Assess. (0.03) (0.02) (0.06) (0.02) (0.09) (0.01) (0.02)

Allocation 0.87*** −0.13*** 1.19* −0.00 0.87 −0.03 0.00
Concealment (0.03) (0.03) (0.10) (0.02) (0.09) (0.02) (0.02)

Random 0.78*** −0.14*** 1.06 −0.00 0.82 −0.07* 0.00
Seq. Generation (0.04) (0.03) (0.12) (0.03) (0.12) (0.03) (0.03)
N Reviews 3,103 3,103 3,103 3,103 3,103 3,103 3,103
N observations 23,308 23,308 23,308 23,308 23,308 23,308 23,308

*p < 0.05, **p < 0.01, ***p < 0.001. This table presents the net effect of each inadequacy on total citations
unconditional on results, and not controlling for impact factor. An observation is an RCT. RCTs are compared within
reviews. All models control for log sample size, sponsor and fist author affiliation (top university, other university,
top pharma or missing), and include fixed effects for novelty (order of entry in review). The exposure variable in the
negative binomial models (NB) is the age of the article in 2018. Columns 1, 3 and 5 report the incidence rate rations
(IRR) from the negative binomial regressions of total citations on all inadequacies and controls. Columns 2, 4, 6 and
7 reports the OLS coefficients of the regression of the log of citations plus one on all inadequacies and controls.

A second contribution of the paper is to estimate whether and how much valid and reliable

trials get published in better journals and receive more citations. I find that the effect of inad-

equacies on journal impact factor is large and journal impact factor decreases linearly in the

number of inadequacies (−10% per inadequacy). However, the effect of inadequacies on cita-

tions is more limited and non-linear, and more valid and reliable research is not associated with

more citations to positive results. Journal editors are sensitive to the number of inadequacies.

Peer scientists do differentiate adequate and inadequate trials in their citations, but are not sen-

sitive to the number of inadequacies between one and three. Only four or more inadequacies
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received a much larger citation penalty than one inadequacy. These results are consisten with

prior research finding, in other domains, that better methods are associated with publication in

better journals and more citations129–131.

Scientists who directly derive utility from a publication in a better journal or more expected

citations have incentive to produce better research, if they do not have a strong preference for

results supporting the drug. However, published estimates of the monetary value of a publi-

cation in a better journal or a few additional citations are low132,133. Across studies, a 10%

increase in total citations increases salary between 0.1% and 1.4%104. Consider a scientist

producing one paper a year every year over a 40 year career38. Based on previously described

published estimates, assuming her annual salary is $100K and there is no quantity/quality

tradeoff involved in compliance with scientific standards in drug trials39, the monetary value of

a better RCT—receiving a 10% citation boost compared to an RCT with inadequacies— is be-

tween $2.5 and $35 annually or a maximum gain between $100 and $1,400 over the scientist’s

career40. For an academic scientist motivated by expected monetary gain, even if the cost of

meeting standards is very small, the monetary incentives deriving from academic prestige may

not be strong enough to encourage the production of high quality drug trials.

For scientists with monetary incentives contingent on results, the decrease in the probability

of positive results associated with the use of better methods may disincentivize compliance with

high standards. If scientists are interested in the success of a company’s product—because

they work for the company or have conflicts of interest— their incentives are aligned with the

firm’s payoff for meeting standards. If publication aims to support marketing efforts, industry

incentives to meet standards may be low. Each inadequacy increases the probability to find

38Less than 1% of all scientists publish every year, but these scientists account for about 40% of all
publications134

39I assume here that the scientist can produce one paper a year, whether the paper meets scientific
standards or not, which will overestimate the gain from meeting standards if there is a quality/quantity
tradeoff.

40Between (1/40)∗ 0.1%∗ 100K = $2.5 and (1/40)∗ 1.4%∗ 100K = $35 annually.
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support for the drug by 7%, and inadequate studies lead to slightly fewer citations to negative

results.

These findings have implications for journal editors and regulators. Journal editors may need

to strengthen incentives for compliance with scientific standards in drug trials. Inadequacies

that are less frequent are also more penalized. The least frequent inadequacies also corre-

spond to standards that are easiest to follow (such as random sequence generation, which can

be easily done with a computer at no cost). If compliance with a scientific standard is the norm,

the lower frequency of violation of this standard might lead to its higher saliency to the editor

and to a higher penalty. Scientists may also be more likely to comply with scientific standards

that lead to higher penalties.

Journals were at the forefront of the improvement in registration and reporting. The 2004

policy of the International Committee of Medical Journals (ICMJE) on mandatory registration of

clinical trials as a precondition for manuscript submission led a dramatic increase in the num-

ber of registered trials135,136. The endorsement of the Consolidated Standards of Reporting

Trials (CONSORT) statement by medical journals41 has beneficially influenced the reporting

of trials46. As several scientific standards (including those in this study) are supposed to be

reported according to the CONSORT checklist, a next step could be for journals to publish the

assessment of the paper42 on each of these dimensions along with the paper. Such assess-

ments could be beneficial for three reasons: as an incentive in the form of public feedback, it

could increase compliance with standards; to increase awareness about risk of bias and fa-

cilitate the interpretation of results by readers using the article as an input in decisions about

treatment choice or future research; to create a broad data base for future meta-research on

the impact of compliance with scientific standards.

41The CONSORT statement is now endorsed by over 50% of the medical journals listed in the Abridged
Index Medicus on PubMed. See: http://www.consort-statement.org/about-consort/
endorsers1

42This assessment could be as simple as “Adequate”, “Inadequate”, or “Unclear”, with a quote from the
paper to support the judgment, as currently in Cochrane reviews.
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Regulators may also want to take measures to strengthen incentives to meet standards in

drug trials because inadequate research generates a large externality for society66. Regulators

could consider the mandatory reporting of methods used to meet scientific standards in drug

trials, for instance in the ClinicalTrials.gov database. This would make public feedback possible,

even for unpublished trials, and facilitate the interpretation of trial results. Limits to this strategy

include that already mandated items are not fully and completely reported in the database so

far137, and that changes to registration elements in registries are not reflected in published

articles138.

Future research should study the relationship between inadequacies and medical reversals

to inform priority setting in replication projects, and assess welfare effects of possible changes

to mandatory requirements and drug approval policies.
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Chapter 3

Two Hundred Years of Health and Medical Care:
the Importance of Medical Care for Life Ex-
pectancy Gains

3.1 INTRODUCTION

If not nasty and brutish, life two centuries ago was much shorter than now. Since then, life

expectancy at birth nearly doubled, and life expectancy at age 65 increased more than 66%.1

Medical care, two centuries ago, was a small part of the economy. Doctors were loosely trained,

the cause of disease was misunderstood, and hospitals were where to die139. Today, medical

care is a major employer, accounts for almost one-fifth of GDP, once fatal diseases are cur-

able, and access to health is fought over. How much medical care contributed to gains in life

expectancy is the subject of this paper.

A substantial part of the improvements in health status over the past two centuries was due

to improved nutrition and public health. Fogel examined how technological and physiologi-

cal changes affected mortality, a symbiotic process he termed “technophysio evolution”. He

showed that the relevant factors in improved health changed over time, and argued that long-

term trends in life expectancy are due primarily to environmental factors that enhanced the

1Massachusetts life expectancy at age 65 was 12.3 years in 1890 and 20.5 years in 2014. Sources:
Bureau of the Census, United States Life Tables, 1890, 1901, 1910, and 1901-1910, Massachusetts
Department of Public Health, Massachusetts Deaths, 2014.
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physiological capital of successive cohorts rather than access to health care140. At the same

time, as health care transformed, new medical advances and therapeutics have undoubtedly

contributed to reduced mortality and improved human wellbeing141–143. Research on the evolv-

ing contribution of medical care to gains in life expectancy over time remains early.

This paper seeks to inform the debate on the evolving contribution of medical care to life

expectancy gains by adducing two hundred years of data on health and medical care. Since

national mortality data go back only in scattered form, we present national data where available

but focus our examination on Massachusetts, where data are available since 1850. Our data

on medical care include both medical spending and employment, the latter a good proxy for

spending when spending data are not available.

Our analysis has three goals. First, we document gains in life expectancy and changes in

medical care over the past two centuries. Using national vital statistics and estimates of life

expectancy, we describe changes in mortality in the United States and document the timing

of trends and variation across big cities and other urban and rural areas. As the evolution of

medical care is related to its potential to affect health outcomes, we then describe the changes

in medical care organizations and institutions, and the corresponding increases in medical

expenditures and employment, that happened concurrently with the gains in life expectancy.

Second, we consider the role of medical care in the large improvement in health over this

time period. Our analysis of the link between medical care and health is not conclusive, as we

face the fundamental issue of intertwined development that have has plagued past researchers

as well. Still, deriving observations from data from Massachusetts and nationally, we show

there is a stronger case that personal medicine affected health in the second half of the 20th

century than in the preceding 150 years. Big medicine brought big benefits, especially to the

older population, at big cost. In contrast, much of the health advance prior to the mid-20th cen-

tury was a result of public health improvements, perhaps sometimes supported by physicians

but not resulting from clinical therapies for individual patients.

Third, we consider whether medical advances are as productive now as in the past. We do

this simply, comparing the change in life expectancy with the change in medical spending in

each decade. Life expectancy is increasing, but not as fast as health care expenditures. Since
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1935 spending per year of life gained increases. In the past two decades the cost effectiveness

ratio has stabilized, but at a very high level.

The first section of the paper describes the concurrent evolution of life expectancy and med-

ical care over the past two centuries. The second section examines the importance of medical

care and public health for health improvements. The third section discusses the change in

spending per year of life gained over time.

3.2 HEALTH AND MEDICAL CARE: 1800-2016

This section documents gains in life expectancy and changes in medical care that happened

concurrently in the United States and in Massachusetts over the past two centuries.

3.2.1 TWO HUNDRED YEARS OF HEALTH

LIFE EXPECTANCY GAINS IN THE UNITED STATES

Using national vital statistics and published estimates of life expectancy, this section documents

the life expectancy gains of the U.S. population, and their distribution across age groups and

cohorts, over the past two centuries. The federal government started collecting mortality data in

1900 from ten states. All states reported reliable data by 1933. Fogel and colleagues (e.g., Fo-

gel140,144; Haines145), estimated life expectancy prior to 1900, at age 10 because child deaths

were not then consistently recorded. Hacker146 extended these estimates to life expectancy at

birth. We use Hacker’s estimates, understanding that life expectancy at birth is subject to more

error than at age 10, but noting that the trends between the various series are relatively similar.

Life expectancy at birth in the United States rose from 43 years in 1800 to 79 in 2014, with

the bulk of gains realized during the twentieth century (Figure 3.1). During the ninetieth century,

life expectancy at birth increased modestly, from 43 years to 49 years. In 1800, 43 years was

above the level in England and France (36 and 33 years, respectively; Fogel140), likely because

the U.S. had more agricultural resources and less urban crowding. In the next half century, life

expectancy fell by about 5 years. Prior to public health improvements, urban areas were less
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healthy than rural areas, and the share of the US population living in urban areas rose from

6% in 1800 to 15% in 1850. By 1880, life expectancy had recovered, and the United States

entered the 20th century with life expectancy at birth of just under 50 years.

Source: Hacker, based on Fogel and Haines.

Figure 3.1: Life expectancy at birth in the United States, 1800–2016

The major improvements in survival occurred in the 20th century. Life expectancy at birth

rose from 49 years in 1900 to 59 years by 1930, to 75 in 1990 and near 80 presently. In the first

half of the 20th century, the leading cause of life expectancy gains was reduced mortality from

infectious disease. There were less deaths from water-borne (e.g., typhoid fever) and air-borne

(e.g., tuberculosis) diseases. In the second half of the century, much more decline was due to

decreasing cardiovascular disease mortality, primarily heart attacks and strokes. Age-adjusted

cardiovascular disease mortality fell by 73% between 1950 and 2015.
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While between 1900 and 1950, mortality rates for younger populations fell enormously, after

mid-century, the decline was much more pronounced at older ages. Figure 3.2 shows mortality

rates by age over time from Vital Statistics records. We divide the population by 10-year age

group and show annual trends in mortality in four time periods: 1900-1935; 1935-1950; 1950-

1990; and 1990-2016. The first period is the time of large-scale improvements in public health,

especially clean water and sanitation. The second period involved continued public health

innovation as well as the first widespread medical care interventions: sulfa drugs, in the late

1930s and penicillin, in the early 1940s.

Source: Data are from the National Center for Health Statistics.

Figure 3.2: Change in mortality by age and time period

Between 1900 and 1950, mortality rates for younger populations fell enormously. Over the

entire half century, mortality for infants fell by 80%, mortality for children aged 1-4 fell by 93%,

and mortality for children aged 5-14 fell by 84%. By contrast, mortality rates among people

aged 45-54 fell by only 43% and mortality among people 65-74 fell by 27%. Corresponding to
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this was a large increase in life expectancy at birth (20 years between 1900 and 1950), but a

much smaller increase in life expectancy at age 65 (about 2 years).2

After mid-century, the decline in mortality was much more pronounced at older ages. Infant

and child mortality continued to decline (an 80% cumulative decline from 1950 through 2016),

but the rates were already so low that further reductions added less to overall life expectancy.

Rather, the dominant source of life expectancy gains was reduced cardiovascular disease mor-

tality. Between 1950 and 2016, mortality rates for people aged 65-74 fell by 1.2% annually,

compared to 0.4% annually from 1900-1950. The cumulative decline post-1950 was 56%. Life

expectancy at birth increased by 11 years between 1950 and 2016, more than half of which

was associated with increased survival at ages 65 and older.

To consider the changes in mortality by age in more detail, Figure 3.3 plots the logarithm

of annual mortality rates from 1900-2016 for four age groups: 0-14, 15-44, 45-64, and 65-84.3

In each case, mortality in 1900 is normalized to 100, so the figures show the relative trend

over time. The great flu epidemic of 1918 is clearly visible. As has been widely noted, the

highest relative mortality from the flu was in young adults. Mortality for the older two groups –

45-64 and 65-84 – declines only slowly through 1936, before a somewhat rapid decline in the

antibiotic era. The period of rapid sustained reduction in mortality in older age groups starts

around 1968.

Mortality for the two older cohorts moves roughly in parallel, with a few exceptions. Relative

mortality for the population 45-64 fell in the 1910s, where mortality for the elderly population

was stable. At the end of the time period, from 1999-2016, mortality for the population aged

45-64 has been flat or increasing, as noted by Case and Deaton148,149), particularly for non-

Hispanic whites, especially those with less education.

The era of large mortality improvements for the elderly, from 1968 on, is also an era of large

mortality reductions for the near elderly below age 65, though they lag by 5 years. The similarity

2Life expectancy at age 65 are available in Bureau of the Census147.

3We normalize population within each age group using the 1970 population standard. We omit the
population aged 85 and older because the average age of this age group is changing most rapidly.

65



Source: Data are from the National Center for Health Statistics.

Figure 3.3: Logarithm of mortality by age, 1900-2016

of mortality for these two groups suggests that the explanation is not something that is specific

to the elderly population, as for example the implementation of Medicare in 1966 (see also

Finkelstein and McKnight150).

Certain cohorts have higher or lower mortality. Figure 3.4 shows the time series of the ratio

of mortality rates for people in adjacent age groups: 55-64 to 45-54, 65-74 to 55-64, and 75-84

to 65-74 from 1900 to 2016. In the first half of the century, mortality rates were declining more

for the younger population; thus, the ratio of mortality for people aged 55-64 was rising relative

to people aged 45-54. That trend stopped around 1960, consistent with Figure 3.3.

The cohort reaching age 55 around 1982 (born around 1927) has significantly higher mortal-

ity than the cohort 10 years younger. That higher mortality continues through the cohort passing

through that age range in the mid-1990s, roughly, when the cohort born in 1933 reaches age
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Source: Data are from the National Center for Health Statistics.

Figure 3.4: Ratio of mortality rates for adjacent age groups, 1900–2016

65. That same cohort also has higher mortality when they are 65-74 and 75-84. The story

is not one of selection – a handful of less healthy people who die and leave behind healthier

stock. Rather, it seems that an entire generation was rendered vulnerable by being born during

and just before the Great Depression (Lleras-Muney and Moreau151).

TIMING OF TRENDS AND GEOGRAPHIC VARIATION: EVIDENCE FROM MASSACHUSETTS

Massachusetts data include long time series and geographic detail, providing valuable addi-

tional information about the timing of trends and mortality for each city and town. This section

describes mortality trends in large metropolitan areas, other urban areas and rural areas, and

shows that the trends in the three groups of areas are somewhat different in overlapping time
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periods, particularly since 1990, with a significant reduction in mortality in the Boston SMA,

unmatched in other Massachusetts SMAs.

Massachusetts has collected vital statistics since 1851, long before the federal government.

The data are tabulated in an Annual Report on the Vital Statistics of Massachusetts. The

timing of mortality changes in Massachusetts may not match those of the nation as a whole.

Massachusetts was richer and had a greater medical care supply. Still, for the changes in

mortality driven by understanding of disease and technological innovation, the differences in

timing are likely not too great.

The crude (not age adjusted) mortality rate in Massachusetts, stitched together from various

vital statistics reports are reported in Figure 3.5. Mortality rates in Massachusetts were about

20 per 1,000 (2% annually) from 1851 through the early 1890s. The rate was increasing slightly,

though not greatly (0.3% per year). After 1892 mortality rates decreased dramatically, by 1.2%

annually from 1892-1938, a cumulative decline of nearly 50%. Then, after a period of relative

stagnation in mortality between 1938 and the late 1960s, mortality rates started declining again

post-1965, at an annual rate of 0.5% until 2015. This is below the rate of decline in the early

20th century. But the lack of age adjustment is important in this comparison: the crude death

rate does not decline as rapidly when mortality reductions occur at older ages, because the

marginal survivors add to the number of people at more advanced ages, who have higher

mortality rates than younger individuals.

In addition to the long time series, Massachusetts data provide geographic detail on mortality

in each of the 350 cities and towns in the State. We assembled data on the number of deaths

and population at five-year intervals from 1880 through 2015 (1880, 1885, and so on). We

divided cities and towns into three groups: the 25 urban areas having population of 25,000

or more in 1910; the remaining cities and towns that are included in a Statistical Metropolitan

Area (SMA) in 1950 (N = 107); and the smaller areas that are not included in a 1950 SMA

(N = 221). Both infectious disease and access to medical care likely differ for those areas

near to and far from metropolitan areas.

The prevalence of small towns means that some deaths recorded in one town were from

people who lived in another town. Starting in 1945, deaths are tabulated both by occurrence
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Source: Commonwealth of Massachusetts, Secretary of State, Annual Report on Vital Statistics of Mas-
sachusetts, various issues.

Figure 3.5: Crude death rate in Massachusetts, 1851–2015

and residence. We use the death rate by place of occurrence prior to 1945 and the death

rate by place of residence post-1945. We show data in 1945 both ways on the charts for

comparability. Unsurprisingly, death rates in the major urban areas fall and death rates in other

areas rise when tabulating deaths by residence as opposed to by occurrence (some people

die in hospitals). Because we suspect that very ill people were also moving into cities during

the 1935-1945 time period, where we do not have deaths by residence, we do not examine the

1935-45 time period in as much detail.

As Figure 3.64 shows, trends in mortality in the three groups of areas are somewhat different

in overlapping time periods5. In 1880, mortality was highest in large metropolitan areas and

4Because there are a number of very small towns with high variance in mortality rates, the data are
weighted by population.

5Between 1945 and 1950, the change in death rates based on place of occurrence are −3.9%,
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lowest outside of them. The gap was 13% (statistically significantly higher). In the next half cen-

tury, mortality fell throughout the state, but differentially more and earlier in metropolitan areas.

Mortality started declining around 1880 in metropolitan areas, 1890 in towns near metropolitan

areas, and 1895 in rural areas. In 1930, mortality rates were equal in major urban areas and

rural areas; the lowest mortality rates were in suburban areas that ultimately became part of

SMAs. The trends diverged a bit post-1930. This might reflect either true changes or more

people receiving medical care in cities, and hence dying there.

Source: Commonwealth of Massachusetts, Secretary of State, Annual Report on Vital Statistics of Mas-
sachusetts, various issues. Prior to 1945, data are deaths by occurrence; post-1945, data are deaths by
residence.

Figure 3.6: Mortality by urban – rural status in Massachusetts, 1880–2015

−3.6%, and −6.0% for the largest urban areas, areas near the largest urban areas, and areas far-
ther from the largest urban areas. Using death rates based on residence, the same changes are −5.1%,
−4.3%, and −4.2%.
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After World War II, the trends are somewhat more divergent. Mortality increased in major

urban areas between 1950 and 1965, before beginning a lengthy fall. Mortality in semi-urban

and rural areas did not rise, but did not decline as rapidly. With the advent of cars and commutes

into cities, the distinction between urban and suburban mortality became less relevant. For

example, some of the increase in urban mortality between 1950 and 1965 is likely to reflect

the movement of people outside of the Boston city limits into nearby suburbs. To address this,

our post-World War II analysis focuses on the SMA-level. Within the SMA group, we separate

Boston from the other SMAs, since it has the most significant medical presence.

The recent divergence in trends between the Boston SMA, other SMAs and rural areas of

Massachusetts are shown in Figure 3.7. Mortality throughout the state was relatively flat from

1945–1965. There was a slight increase in the Boston area and a slight decline in rural areas,

but the changes were modest. After 1965, mortality began declining throughout the state. The

declines were rapid and reasonably uniform through 1990: 23% in the Boston MSA, 20% in

other MSAs, and 23% in rural areas. After 1990, there was a significant reduction in mortality

in the Boston SMA, unmatched in other SMAs. Mortality rates in the Boston MSA declined by

18% between 1990 and 2015, compared to a rise of 1% in other SMAs and a rise of 7% in rural

areas. All three parts of the state experienced increases in mortality between 2010 and 2015,

reflecting the widespread opioid epidemic.

Many factors could explain the trends in mortality in Boston and throughout the state, includ-

ing changes in age or income composition of the residents, along with public health and medical

care. As our goal is to assess the importance of medical care in life expectancy gains, the next

section describes changes in medical care that occurred concurrently with the described gains

in life expectancy.

3.2.2 TWO HUNDRED YEARS OF MEDICAL CARE

As the evolution of medical care over the past two centuries is intimately related to its potential

to affect health outcomes, this section describes the changes in medical care organizations
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Source: Commonwealth of Massachusetts, Secretary of State, Annual Report on Vital Statistics of Mas-
sachusetts, various issues. Prior to 1945, data are deaths by occurrence; post-1945, data are deaths by
residence.

Figure 3.7: Mortality rates in Boston, other SMAs, and rural areas, 1930–2005

and institutions, and the corresponding increases in medical expenditures and employment,

that happened concurrently with the life expectancy gains documented in the previous section.

CHANGES IN MEDICAL CARE ORGANIZATIONS AND INSTITUTIONS

This overview of the organizational and institutional aspects of medical care sets the context

for the next section documenting increases in medical expenditures and employment over the

past two centuries. Medical institutions have not developed linearly or independently. Even

though scientific advances have been major forces, policy and path-dependence have also

played major roles.
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Medical organization remained rudimentary up to the beginning of the 20th century. Basic

transactions between doctors and patients, and ancillary services provided by nurses, drug-

gists and hospitals, composed the small medical part of the economy. Since the early twentieth

century, overall economic and social development influenced the organization and institutions

of medicine. Scientific advances led to changes in medical technology and organization. Many

of the initial discoveries came from Europe (aspirin, antisepsis, bacteria, stethoscopes, vacci-

nation, vitamins, X-rays) but the United States became the main supplier of medical research

during the mid and late 20th century. Of the 18 Nobel Prizes in Physiology or Medicine awarded

1901–1920, none went to US researchers. Over the next two decades, four out of twenty-four

did, then for the rest of the century, more than half.

Scientific advances led to the regulation of the medical profession, the increasing specializa-

tion of doctors, and the rise of ancillary occupations. The Flexner Report152 called for reform

of medical education based upon European scientific standards, and influenced the regulation

of the medical profession. This evolution led to greater division of labor, with the regulation of

existing ancillary occupations (e.g., nursing, nutritionists) and the creation of new ones (e.g.,

audiologist, perfusionist, nurse anesthetist, occupational therapist, radiology technician). Doc-

tors differentiated into a series of specialties and sub-specialties6.

The technological advances requiring capital investments and the increasing division of la-

bor requiring coordination of specialized groups of workers both called for central organizations.

Hospitals played this role even as they remained under the control of legally and economically

independent medical staffs. Physician control over governance faded in recent years as hospi-

tals became larger, accumulated outpatient facilities, linked into large health systems, increased

full time staff, and reduced the ranks of independent medical staff members.

Paying more employees and buying more expensive equipment forced hospitals to find more

stable and expansive sources of funding. In response to the Great Depression, Blue Cross pre-

6Boards of surgery (1913), ophthalmology (1916), radiology (1923), internal medicine (1936) and other
fields were established, eventually including family medicine (1969) emergency medicine (1979) genetics
and genomics (1980) and clinical informatics (2011).
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payment and insurance pools were established. Shortly thereafter, doctors established Blue

Shield plans to facilitate collection of fees. During World War II, private insurance companies

entered this arena. Yet as private health insurance expanded, it became more and more evi-

dent that the neediest groups, the old, the poor and the disabled, would lack coverage unless

government stepped in. Medicare and Medicaid filled the gap. By the end of the century, gov-

ernment had become the largest source of “personal” health insurance and, the main producer

of standards for physician payment7.

Changes in the size, scope and complexity of medical practice shifted the division of labor

(from generalist to specialist), locus of payment (from individual to group), geographic reach

(from local to national), and regulatory framework controlling medical institutions (from volun-

tary to mandatory/legal). During the 1920s and 1930s, the local county medical society was

the primary institution regulating the medical profession. Hospital privileges depended upon

the approval of a local peer group, and payments came from patients residing in the commu-

nity. By the 1950s, two associations of local associations, the American Medical Association

(AMA) and the American Hospital Association (AHA), had become dominant national political

forces, yet standards of practice and payments remained local. This changed through the im-

pulse of federal legislation, with the creation of the NIH in 1938, the Hill Burton Act of 1946,

the Health Professions and Education Act of 1963, the Social Security Amendments of 1965 to

create Medicare and Medicaid, and the Affordable Care Act (ACA) of 2010. The organization

and financing of medical care became increasingly national. Expert judgments from national

specialty boards, and accrediting organizations such as JHACO (the Joint Commission) slowly

replaced local community standards.

In spite of these evolutionary changes, the U.S. health care system remains fragmented and

wasteful due to overtreatment, failures of care coordination, failures in execution of care pro-

cesses, administrative complexity, pricing failures, fraud and abuse (Berwick and Hackbarth,

7The earlier Blue Cross hospital rate-setting and Blue Shield “Usual, Customary and Reasonable”
(UCR) physician payment standards were displaced by prevailing Diagnosis Related Groups (DRG) and
Resource-Based Relative Value Scale (RBRVS) standards, administratively regulated.
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2012). Almost 10% of the population is still uninsured. Groups of lobbyists representing many

specialties, various ancillary professions, rural or urban hospitals, private insurance, pharma-

ceutical companies and specific disease advocates, now contest control over money in Wash-

ington DC.

Voluntary professional control, charitable financing for care of the poor, non-profit community

hospitals and local insurance plans faded as the rise of a “medical-industrial complex” resulted

in “the monetarization of medical care”153,154. Professional obligations on physicians to vol-

unteer at clinics and use sliding fee scales could not cover an expansion of expenditures from

2.5% to 15% of GDP. Blue Cross and Blue Shield could not retain community rating when con-

fronted by selective group enrollment from private insurance companies. Hospitals’ non-profit

community orientation eroded under debt loads and patient selection. Voluntarism largely dis-

sipated except in safety net institutions by the turn of the 21st century.

Changes in medical expenditures and employment mirrored these changes in medical care

organizations and institutions. The next section documents the quantitative magnitude of these

changes.

THE GROWTH OF THE MEDICAL CARE SECTOR

Medical care employment mirrored the growth of health spending, although most of employ-

ment growth has been in non-physician personnel. Piecing together information on the size

of the medical system over the past two centuries is challenging since national statistics did

not keep track of the medical sector separately until the early twentieth century. Data about

medical spending and employment were assembled and described in detail by Getzen155, and

are summarized in Table 3.1 and appendix A3.1.

Medical spending and medical spending growth are presented in Figures 3.8 and 3.9. Figure

3.8 shows medical care as a share of GDP. Figure 3.9 shows the 15-year moving average of

growth rates. Medical care employment as a share of total employment is presented in Figure

3.10. Table 3.1 contains summary statistics in decadal intervals. Available data for the last two

hundred years suggest that medical expenditures followed an S-shaped growth curve: variable
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Table 3.1: Health expenditures and employment, and population health

Year

Spending Employment Population
NHE/

GDP (%)
Per capita

GDP
($2009)

Health/total
employment

Physicians/
100K

Staff/
physician

Percent
urban

Life
expectancy
at birth

1800 2.0 $1,769 – – – 6 43
1850 2.2 $2,516 0.8 1.8 0.1 15 38
1880 2.3 $4,175 0.8 1.7 0.5 20 46
1900 2.5 $5,356 1.2 1.7 1.4 40 49
1910 2.7 $6,325 1.3 1.7 1.9 46 50
1920 3.2 $6,881 1.5 1.4 2.7 51 56
1930 3.8 $7,854 1.8 1.3 3.9 56 59
1940 3.9 $9,595 2.0 1.3 4.4 57 64
1950 4.2 $14,381 2.5 1.3 5.8 64 68
1960 5.0 $17,273 3.1 1.3 7.4 70 70
1970 6.9 $23,149 4.6 1.5 9.2 74 71
1980 8.9 $28,388 6.3 1.9 10.6 74 74
1990 12.1 $35,874 7.5 2.4 11.1 78 75
2000 13.3 $44,518 8.2 2.6 11.7 79 77
2010 17.4 $47,790 10.6 2.7 12.9 81 79
2016 17.9 $51,420 10.7 3.1 12.3 82 79

Sources: National Health Expenditure: Shares 1960-2016 are from CMS (2018). 1950 is from Reed & Hanft 156

linked to the CMS series at 1960 by adjustment x1.02 using relative values. 1940 is a linear extrapolation between
1950 and 1930 is an estimate based of a variety of sources including CCMC157, Seale 158, and Cooper, Worthington
and McGee 159 with adjustment for distortion created by sharp recession in 1929 (see Getzen155 for details). Hough
(1935) is used to establish growth trends to extrapolate back from 1930 to 1910. Based on Census employment
trends Getzen extrapolates backward using cumulative annual growth rate estimates of 0.8% for 1900-1910, 0.4% for
1880-1900, and 0.2% for 18501880, and extends backward at the same 0.2% rate to 1800 relying on the Lindert city
occupational totals as an endpoint. Real GDP per capita: U.S. Bureau of Economic Analysis 160 Current-Dollar and
“Real” Gross Domestic Product for 1929-2016 and online Table Ca11 in Historical Statistics of the United States 161

(HSUSm) for 1790-2000 and inflated to from 1996 dollars to 2009 dollars using BEA deflator. Resident population
in millions from HSUSm-Table Ca14 (identical to Aa7). Urbanization: HSUSm-Aa699-715 for 1790–1999 and “per-
cent urban” for 2000 and 2010 at (Census162). Physicians from U.S. Decennial Census occupations 1850–1990 in
HSUSM-Ba1218 & Ba1222 for 1970–2000 from Health, United States, 1993 Tables 108 and 109, and Health, United
States, 2015 Table 83. Health Employment: 1990–2016 from BLS “Current Employment Statistics Survey” data se-
ries CEU6562000101 and for 1960-1990 the comparable SIC 808 “Health” series from BLS Handbook of U.S. Labor
Statistics, 2003, Table 2-1 (adjusted x1.07 to link with the current NAIC series). For earlier years U.S. Decennial Cen-
sus 1850-1970 in HSUSM-Table Ba1033-1439 (occupations categorized as “health employment” by author), and for
1970-2000 and Edwards163. Health employment estimates in the older BLS SIC series are somewhat smaller than in
the current NAIC series, which began in 1990, and also differ from census occupational totals 1960-1990. Staff per
MD is total health employment (minus physicians) divided by number of physicians. Note that various vintages or ver-
sions the “same” data series often show different values for the same year. Life Expectancy: For 1900–2016: NCHS
Vital Statistics Reports 66 #4 “United States Life Tables, 2014” August 2017, and NCHS data brief #293 “Mortality in
the United States, 2016.” For 1800-1880, Hacker146, Table 8; Haines “Vital Statistics” and Table Ab644 in HSUSm.

but slowly rising before 1900, increasing to average +1% in excess of real per capita income
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for the next half-century, surging to more than +3% above GDP in the post-World War II era,

and eventually moderating.

Note: Data sources are described in the text. □ indicates actual data on medical spending as a share of
GDP. × indicates extrapolation from Census employment data.

Figure 3.8: Medical spending as a share of GDP, 1800–2016

Medical care accounted for about 2% of GDP in 1800, 2.2% in 1850, and 2.5% in 1900.

These estimates suggest that the growth of medical care exceeded the growth of the economy

as a whole by only 0.2% annually (±0.5%) over the 19th Century.

Spending began to accelerate before 1900 in the more developed areas. Between 1880 and

1900, medical care rose from 0.8% of total employment to 1.2% of total employment. Medical

care spending was rising steadily by the 1920s, though major variations on the order of two-fold

to ten-fold across states and regions make generalization of a national trend problematic.

Medical care rose rapidly as a share of the economy in the Great Depression, but some

of this is a transitory artifact since medical spending fluctuates less than other sectors of the
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Note: Data sources are described in the text.

Figure 3.9: Fifteen year moving average of medical spending growth above GDP growth

economy. Overall, excess growth of medical costs averaged about +1% per year from 1900 to

1950.

Following World War II, particularly after 1955, medical costs surged. From 1955 to 1970,

medical spending grew more than +3% more rapidly than incomes. Expansion continued

to be strong for the next twenty-five years (+2.7% excess 1970-1995) but has moderated

toward +1.5% or less in the decades since. The post-1955 trend is not linear. Macroeconomic

stagflation caused a temporary dip in the health share of GDP in 1973 but the overall rate of

growth remained relatively high for the next twenty years.

The growth of medical care employment has mirrored the growth of spending, mostly in non-

physician personnel. Physicians accounted for 0.8% of the total U.S. workforce in 1850, falling

to 0.5% in 1900 and 0.3% in 1950, before rising to 0.6% in 2000 and about 0.7% today. While
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Note: Data for 1850-1950 are from U.S. Census. Data for 1960-2016 are from BLS (2003, 2017).

Figure 3.10: Medical care as a share of total employment

physicians made up two-thirds of the health workforce in 1880, they were less than one-tenth

in 1990, with more than 11 other health workers for each physician employed.

Establishing reliable sub-trends for shorter periods is difficult. Data are thin and not reliable

before 1900. Since there was little expansion during the 19th century, this absence does not

greatly complicate the analysis of trends. From 1900 to 1955, medical care spending varied

considerably across years and regions. The Great Depression and World War II complicate the

analysis of health expenditures over this period. Whether the growth in health spending was

more or less rapid after the onset of the Great Depression depends upon the perspective taken.

The 1929 shock is so large that calculated excess growth rates are +1.2% for 1900-1929 and

0.8% for 1929-1955, but +1.4% and +0.5% for 1900-1930 and 1930-1950. However, since

income growth was so much more rapid in the later period, relative growth in real per capita
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spending rather than share of GDP gives the opposite result, 2.9% vs. 3.5% for 1900-1930 and

1930-1955 respectively.

Analyzing the Great Depression, World War II, and Korean War era, Seale asserted that “the

proportion of the gross national product in a nation devoted to medical care tends to remain

constant,” and “a persistent rise in real per capita GNP will tend to result in a very gradual

increase”158 (see Figure 3.11).

Source: J.R. Seale (1959), page 555.

Figure 3.11: Seale’s estimates of medical spending as a share of GDP, 1929–1957

To some extent, Seale’s econometrics were flawed. Changes in inflation rate take up to

three years to work through the health care system and real income shocks are distributed over

five years or more155,164,165. As a result, Seale may have underestimated growth rates in the

1940s. The decline in the health share of GDP between 1950 and 1955 is partly attributable to

lagged effects from the 1949 and 1954 recessions. Still, the conclusion of a modest and inertial

response to macroeconomic disruptions was generally appropriate at least prior to 1960.
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Even with much better annual data, post-1960 delineation of sub-trends is challenging. Four

recent papers demarcate a number of eras in health expenditures growth over the last fifty

years166–169. Using essentially the same time-series, they each divide the time span at different

places and into a differing number of eras.

Examining changes in health expenditures at particular institutions provides another per-

spective. Meyer, et al.170 present 200 years of health and mortality at Massachusetts General

Hospital (MGH), based on the hospital’s annual records. Spending per person at MGH was rel-

atively stable at about $1,000 (in 2010 dollars, adjusted using the CPI) from 1820-1910. Costs

increased mildly from 1910 through 1960, before increasing quite rapidly after 1960. Spending

per case, in real terms, increased nearly 7-fold between 1960 and 2010, much more than in

the prior 150 years.

3.3 HOW CENTRAL IS MEDICAL CARE TO LIFE EXPECTANCY GAINS?

We consider the role of medical care in the large improvement in health over the past two

centuries. Deriving observations from national and Massachusetts data, we show there is a

stronger case that personal medicine affected health in the second half of the 20th century than

in the preceding 150 years.

3.3.1 THE INFECTIOUS DISEASE ERA: 1800-1935

A significant body of research has examined the cause of reduced mortality in the early part

of the 20th century. The consensus is that public health improvements explain the bulk of the

decline in mortality in this era, including both water171 and sewage treatment172. In this section,

we analyze whether medical care explains some of the residual mortality using data from big

U.S. cities and all cities and towns in Massachusetts.

EVIDENCE FROM U.S. BIG CITIES

To extend the analysis of Cutler and Miller171, we consider whether cities with greater medical

care supply had larger trend reductions in mortality over the 1900-1936 time period. We find
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that areas with more physicians per population had a slightly smaller decrease in mortality,

and that there is little correlation between medical care supply and the timing of clean water

interventions.

The push for public health improvements began shortly after the germ theory of disease

became widely accepted in the late 19th Century. Public health officials could finally explain

how and why many people became sick and propose remedies for disease. Since the remedies

were often expensive – big treatment facilities and new sources of water – the exact timing of

the public health interventions varied across cities.

Cutler and Miller171 use data on mortality by city and year matched with data on clean water

interventions to examine how clean water affected mortality. Their sample includes 13 cities,

each with data from 1900-1936. They estimate that 35% of the mortality reduction over this

period was a result of clean water interventions.8

To analyze whether medical care explains some of the residual mortality, we augment the

analysis of Cutler and Miller to include two measures of medical care supply, taken from the

1910 Census: the number of physicians and surgeons per 100,000 people (we condense this

to “physicians”); and the number of trained nurses per physician.9 We adopt these variables as

proxy measures of medical care supply over the entire time period. We consider whether cities

with greater medical care supply had larger trend reductions in mortality over the 1900-1936

time period. The models are of the form:

ln(mc,t) = β1 Filterc,t + β2 Chlorinec,t + β3(Filterc,t ∗Chlorinec,t)+

β4 MDsupplyc ∗ t + β5 Nurse/MDc ∗ t + δc + μt + λk ln(mc,t−k) + ϵc,t
(3.1)

8There is a slight error in Cutler and Miller. They divide the change in mortality due to clean water
measured in log points by the percentage point change in overall mortality. That share is 43%. Using the
change in mortality in log points in the denominator leads to a revised finding that 35% of total mortality
can be explained by clean water technologies.

9At the time, a distinction was made between trained nurses, who are the precursors to todays regis-
tered nurses, and untrained nurses, who often functioned as baby nurses or to otherwise aid the infirm.
More developed medical care systems were likely to have more trained nurses.
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In equation (3.1), c denotes cities and t denotes years. The dependent variable is the log-

arithm of city mortality in year t. This measure of mortality is related to whether the city filters

or chlorinates the water as of time t, and the interaction between the two.10 One would expect

the main effects β1 and β2 to be negative (cleaning the water lowers mortality) and the interac-

tion term β3 to be positive (the marginal contribution of a second method of water cleaning is

smaller than the first). β4 and β5 show the trend in mortality for cities with more medical care

personnel; It is a time trend. Controls include city and year dummy variables (δc + μt) and five

lags of mortality.11

Table 3.2 shows information about the two measures of medical care supply for a larger

sample of 38 cities. In 1910, the average city had 281 physicians per 100,000 people. The

higher end generally consisted of smaller cities: Los Angeles (414) and Kansas City (410), for

example. Cities like Boston (280), Chicago (209), and New York (185) were average. Smaller

numbers of physicians were found in smaller East Coast areas such as Jersey City (92) and Fall

River, MA (109). On average, there were 0.81 trained nurses per physician. Nurse supply was

inversely correlated with physician supply (ρ = −0.40). Los Angeles had many physicians but

few trained nurses (0.62 per physician). Fall River had more trained nurses per physician than

average (0.95 per physician).

The first two columns of Table 3.3 show the relationship between public health improvements,

medical care supply, and overall mortality. The first column mirrors the specification of Cutler

and Miller, with similar results: filtering the water supply reduces mortality. The effects of

water chlorination are negative but not statistically significant, and the interaction term between

filtration and chlorination is positive.

10Alsan and Goldin172 note that sewer treatment is important as well. However, only two cities treated
their sewage during this time period, so we do not explore this issue with these data.

11Cutler and Miller include a few additional variables. First, they include a city-specific time trend. Since
our medical care supply variable is point in time and is interacted with the time trend, we cannot include a
general city-specific time trend. Cutler and Miller also include the logarithm of city population. We omit this
since the data on population were not readily available. Finally, Cutler and Miller include dummy variables
for whether the city started filtering or chlorinating the water within five years as a test of the timing of the
intervention. We omit these terms.
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Table 3.2: Medical care personnel in 1910

City MDs / 100K Trained Nurses per MD
Atlanta 326 0.92
Baltimore** 214 0.92
Boston 280 0.93
Buffalo 190 0.97
Chicago** 209 0.58
Cincinnati** 221 0.77
Cleveland** 171 0.85
Columbus 261 0.99
District of Columbia 323 0.36
Denver 392 0.63
Detroit** 203 0.63
Fall River 109 0.95
Indianapolis 306 0.54
Jersey City** 92 0.78
Kansas City 404 0.55
Los Angeles 414 0.62
Louisville** 284 0.63
Memphis** 278 0.77
Mikwaukee** 158 0.68
Minneapolis 230 0.72
New Haven 183 1.00
New Orleans** 187 0.88
New York 185 0.91
Newark 143 1.09
Omaha 301 1.08
Paterson 128 0.81
Philadelphia** 232 0.80
Pittsburgh** 194 0.87
Providence 192 1.24
Richmond 204 1.46
Rochester 194 0.91
St Louis** 247 0.71
St Paul 197 1.23
San Francisco 310 0.97
Scranton 151 1.12
Syracuse 234 1.08
Toledo 223 0.66
Worcester 204 1.34
Average 218 0.81
Standard Devn 76 0.23
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Table 3.3: Cross-city evidence on medical care, public health and mortality

Massachusetts, 1880-1935
National,1900-1936 25 Largest Cities 260 Cities/TownsIndependent Variable

(1) (2) (3) (4) (5) (6)
MDs/100K population * year – 0.00002* – 0.00003* – 0.00002**

(0.00001) (0.00001) (0.00001)
Trained nurses / MD * year – 0.004 – 0.006* – 0.005**

(0.006) (0.002) (0.001)
Water filtration −0.042* −0.041** – – – —

(0.020) (0.018)
Water chlorinaction −0.008 0.003 – – – –

(0.011) (0.019)
Water filtration * chlorination 0.046** 0.03 – – – –

(0.014) (0.020)
Water System – – -0.071** −0.065** −0.033** −0.047**

(0.017) (0.018) (0.015) (0.016)
Sewer System – – −0.058* −0.053* – –

(0.023) (0.018)
Water System * Sewer System – – 0.137** 0.089* – –

(0.037) (0.038)
Lag 1 mortality 0.538** 0.524** – – – –

(0.066) (0.060)
Lag 2 mortality 0.026 0.017 – – – –

(0.077) (0.081)
Lag 3 mortality 0.264** 0.250** – – – –

(0.101) (0.094)
Lag 4 mortality 0.05 0.038 – – – –

(0.039) (0.043)
Lag 5 mortality −0.130** −0.156** – – – –

(0.049) (0.055)
N 410 410 300 300 4199 4199
R2 0.95 0.951 0.86 0.878 0.788 0.797

Note: All regressions include city and year dummy variables. Standard errors are clustered at the city level in the

national data and the SMA level in the Massachusetts data. *p < 0.10, **p < 0.05

The second column adds measures of medical care supply interacted with the time trend.

Areas with a larger number of physicians per 100,000 people had a less negative trend in mor-

tality than areas with fewer physicians. The effect is statistically significant but small in magni-

tude. The cross-city standard deviation of physicians per 100,000 people is 76. A one standard

deviation increase in physician supply raises overall mortality by an additional 0.1% each year.

The estimate on trained nurses per physician is also positive and of similar magnitude (0.1%

annually), but not statistically significant.
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Including the measures of medical care supply has relatively little impact on the coefficients

on water treatment. The coefficients decline slightly, but generally not by a large amount. In

this sample of 13 large cities, there is little correlation between medical care supply and the

timing of clean water interventions.

These results may be specific to big cities. To examine whether medical care supply explains

different mortality trends across large metropolitan areas, other urban areas and rural areas,

we turn to Massachusetts data.

EVIDENCE FROM MASSACHUSETTS

This section relies on extensive data on water and sewer treatment, and medical care supply

for each of the 350 Massachusetts cities and towns. First, we examine whether areas with

more medical care supply set up water and sewer systems before other areas, and find modest

evidence that more physicians lead to more public health interventions. Second, we examine

the relationship between public health measures, medical care supply and mortality where our

analysis does not support a large impact of medical care supply on mortality in the pre-antibiotic

era.

Alsan and Goldin172 gathered data on water and sewer treatment dates for some cities

and towns in Massachusetts: those around the Boston area that joined the Metropolitan Water

District and Metropolitan Sewerage District, which cleaned the drinking and wastewater respec-

tively for cities around Boston; and a selection of large cities outside of the Boston area. We

extend these data to the entire state.

To understand our measures, it is helpful to understand the water situation in Massachusetts.

Massachusetts cities and towns receive water through lakes, rivers, streams, reservoirs, wells,

springs, and ponds. For many cities, these sources are unpolluted for example, underground

reservoirs. Thus, even today, not all cities and towns treat their water.

When natural sources become polluted, there are two options. First, reservoirs can be

created to store clean water from rainfall and melting snow. This was the strategy for many

areas, including Boston and Springfield, MA. Such a reservoir was typically created by a special
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water system, which had to lay pipes for large-scale water transport. Thus, our first measure

of public health intervention is whether the city or town has a water system. Depending on

the purity of the water, there may be a need for filtration, chlorination, or other methods. Our

second measure of public health intervention is whether the community treats the water in any

such way. We do not distinguish among methods because the need for particular methods

varies across areas.

The data on water treatments and sewage systems are assembled from archival material

and previous literature (see Appendix A3.2). We were able to identify when a water system

starts for 260 cities and towns in Massachusetts (out of 351), and when water treatment starts

for 186 of them. To our knowledge, this is the most comprehensive historical database on water

systems and water treatment ever assembled across cities and towns at the state level. Data

on sewage systems are more difficult to obtain. Inventories of sewage include only sparse data

on when the systems started. We therefore form sewage system information only for the largest

25 cities in the state – those with over 25,000 residents in 1910. Appendix A3.2 describes these

data in more detail.

Table 3.4 shows the dates on which the 25 largest cities adopted water and sewer systems,

and started treating the water. The first water systems date from the early 1870s, with systems

put in place in Fitchburg (1872), Holyoke and Waltham (1873), and Fall River and Springfield

(1874). At the time, these were bustling industrial cities. Water treatment occurred later. The

first water treatment facility was in 1893. Sewer systems date from the early 1890s. Boston

and surrounding areas had the first sewer systems.

Information on physician supply comes from an AMA directory of physicians in Massachusetts

in 1906. The numbers are consistent with the Census data on overall physician supply in Mas-

sachusetts in 1900 and 191012, but provide physician distribution throughout the state. We

express physician supply as the number of doctors per 100,000 people. The number of trained

nurses was measured in the 1900 census, only available for towns with over 25,000 people

125,372 physicians are listed in the AMA directory in 1906 versus 5,497 in the 1900 census and 6,227
in the 1910 census.
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Table 3.4: Medical care personnel in Massachusetts

City
Date of Public Health Measures Supply per 100,000

Population,
1910

Water
System

Water
Treatment

Sewer
System

Doctors,
1906

Nurses,
1900

Boston 670,585 1895 1930 1892 321 481
Worcester 145,986 1903 1943 1890 199 537
Fall River 119,295 1874 1932 1948 103 137
Lowell 106,294 1915 1916 1980 142 220
Cambridge 104,839 1897 1923 1896 178 299
New Bedford 96,652 1900 1942 1972 113 267
Lynn 89,336 1914 1935 1985 157 336
Springfield 88,926 1874 1909 1940 205 363
Lawrence 85,892 1893 1893 1977 137 197
Somerville 77,236 1898 1930 1896 140 303
Holyoke 57,730 1873 1939 1964 114 267
Brockton 56,878 1904 1942 1894 134 332
Malden 44,404 1904 1930 1896 116 306
Haverhill 44,115 1895 1933 1977 140 334
Salem 43,697 1868 1935 1978 130 387
Newton 39,806 1895 1933 1892 220 485
Fitchburg 37,826 1872 1944 1914 148 251
Taunton 34,259 1876 1944 1950 149 425
Everett 33,484 1898 1930 1896 106 –
Quincy 32,642 1899 1930 1899 135 –
Chelsea 32,452 1898 1930 1896 94 279
Pittsfield 32,121 1890 1934 1901 152 –
Waltham 27,834 1873 1949 1892 126 –
Brookline 27,792 1915 1918 1892 320 –
Chicopee 25,401 1932 1932 1971 94 –

Note: Data are presented for the 25 metropolitan areas with 25,000 or more people in 1910.

in that year. For other areas, we infer the number of nurses per physician by spreading the

remainder of nurses across areas. We use the average ratio observed in rural areas for all rural

areas, the average ratio observed in Rhode Island for all cities that, although in Massachusetts,

belong to the Providence, RI metropolitan area, and a similar ratio for Pittsfield (which is right

below the 25,000 population threshold) and Gloucester (which is right above the 25,000 popula-

tion threshold). Table 3.4 also shows the number of physicians per 100,000 and trained nurses

per physician, where we have exact data. The most physicians were in Boston and Brookline,
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right outside of Boston. Boston had 2.2 times more physicians per 100,000 residents than the

average in the rest of Massachusetts (321 versus 143 physicians per 100,000 residents).

We start by examining whether areas with more medical care supply set up water and sewer

systems before other areas. Our sample is the 25 big cities noted above. For these cities, the

decision to set up a water supply involved discussion of costs and benefits. For smaller towns

near the large cities, the decision is likely to have been in concert with the large cities they are

near, for example because of regional water systems.

Figure 3.12 plots the relationship between the year of public health measures addressing

water and sewage and the number of physicians per 100,000 people in 1906. Panel (a) consid-

ers the formation of a water system as the measure of treatment, panel (b) considers the year

that the water began being treated, and panel (c) shows the measure of sewage treatment.

Cities with more physicians had somewhat earlier dates of sewer systems (ρ = −0.35),
significant at the 10% level. Cities with more physicians had somewhat earlier dates of water

treatment (ρ = −0.22) but later dates of forming water systems (ρ = 0.11); neither statisti-

cally significant. There is thus modest evidence that more physicians led to more public health

interventions, but the evidence is not very strong.13

Indeed, the outliers tell the story as much as the regression. The first water treatment facility

in the country, in Lawrence, Massachusetts, begun in 1893.14 Springfield also had an early

water treatment system, filtering the Ludlow River as early as 1909. In contrast, Boston did not

treat its water until 1930.

The history of these areas suggests some of the driving forces. The State Board of Public

Health in Massachusetts developed an interest in clean water shortly after its establishment in

1869 and especially after its reconfiguration as an independent organization in 1886. The Board

13We also considered multivariate analysis, relating public health measures to physicians per 100,000,
the population in 1910 (to reflect the ease of providing public goods) and the death rate in 1880 (as a
measure of need). Physicians per 100,000 was not related to public health measures in any of these
specifications. The same is true if we expand the sample for water treatment to all cities and towns that
ultimately set up a water system or treated the water supply.

14There were earlier water pumping stations, as in Philadelphia. See Blake173.
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(a) Water system established

(b) Water treated

(c) Sewer system established

Figure 3.12: Dates of water and sewage treatment vs. physicians per 100,000, 1906
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was led by Henry Walcott, a physician and longtime public health official. One of the board

members was a hydrologist named Hiram Mills, who earned the sobriquet “Father of American

Sanitary Engineering.” An employee of the Essex Company in Lawrence, his experiments on

water purity and filtration were conducted at the Lawrence Experiment Station. He worked in

concert with engineers and biologists at nearby MIT, including William Sedgwick a physician

and biologist who later became president of the American Public Health Association.

Being downstream from Lowell, MA, Lawrence had high water pollution and high mortality.

Thus, it followed naturally for Lawrence to be first to filter the water. Springfield also had rela-

tively unsafe water, as determined by state testing. After consultation with the State and outside

engineers hired by the city, Springfield decided in 1908 to switch from the Ludlow Reservoir to

the Little River watershed as its primary water supply. In the interim before the switch was ready,

the city decided to filter the Ludlow Reservoir. It kept filtering the water even after the change

in source. Public health officials and engineers thus worked in concert to bring clean water and

sanitation to cities in Massachusetts, not particularly based on the local mix of physicians.

The remaining columns of Table 3.3 show the relationship between public health measures,

medical care supply, and mortality. Columns (3) and (4) focus on the 25 largest cities in Mas-

sachusetts. Column (3) relates the logarithm of mortality to whether the city has a water and

sewer treatment, and the interaction of those two.15 Cities with a water and sewer system each

have lower mortality. The effect is .07 log points for a water system and .06 log points for a

sewer system. The interaction between water and sewer systems is positive: the two together

have less impact than the two separately. This is different from Alsan and Goldin, who find that

water and sewer systems are complements for infant mortality. The reason for the difference

between these results is not entirely clear.

The next two columns expand the analysis to all 260 cities and towns which ultimately es-

tablished a water system. As these areas have a need for public health measures, the impact

of public health improvements should be most apparent there. Because we do not have sewer

15Alsan and Goldin have annual data, where our data are every five years. In addition, they focus on
infant mortality; our analysis uses all age mortality.
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system information for all cities and towns, we focus only on water systems in our analysis

of public health. Establishing a water system lowers mortality, estimate of 0.03 log points.

The coefficients on physician and nurse supply remain positive. Thus, our analysis of Mas-

sachusetts data does not support a large impact of medical care supply on mortality in the

pre-antibiotic era. The next section examines the impact of medical care on mortality in the era

of big medicine.

3.3.2 THE ERA OF BIG MEDICINE: 1935-2016

PREVIOUS EVIDENCE AND NATIONAL DATA

Medical technology expanded gradually over time. Surgical advances were ongoing in the 19th

century, often developed during war (e.g., safer amputations) and aided by discoveries such as

ether anesthesia in the 1840s. Still, the overall impact of medical advance on mortality through

the 1930s was slight, as discussed above.

The story shifts around 1935. In the 1930s and 1940s, the major medical advances were in

medications to treat infectious diseases. Sulfa drugs became widely available starting in 1937,

and penicillin was mass produced in the mid-1940s. Several recent papers have examined

the impact of sulfa drugs on mortality174,175. They take advantage that sulfa drugs treat some

infectious diseases (most importantly maternal mortality, pneumonia, and scarlet fever) but not

others (e.g., tuberculosis). Thus, there is a natural control for other economic and medical

factors influencing mortality. They estimate that the advent of sulfa drugs reduced mortality by

2-3% in total between 1937 and 1945. Overall mortality in this time period fell by 16%, so sulfa

drugs accounted for 10-20% of the overall decline in mortality.

Such an analysis is not possible for penicillin, since there is no natural control for deaths

from infectious diseases that penicillin does not treat. Some studies clearly show that penicillin

was important in mortality reduction. For example, 50,000 US soldiers died from respiratory

infection in World War I. Only 1,265 did in World War II, despite many more men in battle176.

On the other hand, a study in Sweden and Finland found no change in mortality trend after the
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introduction of penicillin, suggesting that other trends might explain the reduction in mortality

over this time period (Hemminki and Paakkulainen177 at least up north.

Figure 3.13 shows age-adjusted mortality rates for five causes of death from 1900-2015,

adjusted to the 2000 population standard. While mortality from pneumonia and influenza fell

throughout the first half of the 20th century, there is a change in trend in the late 1930s and

1940s. Figure 3.14 shows the change in trend in more detail, plotting the logarithm of influenza

and mortality rates over time. Three periods of mortality decline are apparent. Between 1900

and 1936, mortality fell by 1.5 log points annually. The decline was 8.3 log points annually from

1935-1950, before returning to a decline of 1.6 log points annually between 1950 and 2015.16

17ote: Data are age adjusted to the 2000 population standard.

Figure 3.13: Mortality by cause, 1900–2015

16The issue is not specific to the 2000 population standard. The change in trend is found using the
1940 age standard as well. See also Armstrong et al.178.
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Figure 3.14: Natural logarithm of influenza/pneumonia mortality

After 1950, the bulk of the recent decline in mortality was from heart disease, and to a lesser

extent cerebrovascular disease (stroke) and cancer. Between 1900 and the early 1960s, age-

adjusted heart disease deaths doubled. Starting in the early 1960s – around 1963– mortality

began a prolonged decline. Heart disease mortality now is below any point in the 20th century.

Falling mortality from heart disease and stroke mirrors the rise in medical spending on the

aged. Taken together, the two suggest a large role for medical treatment in improved health.

Cutler, Rosen, and Vijan141 examined the sources of improved health between 1960 and 2000.

They estimated that about half of the improvement in survival was a result of medical advance;

a bulk of the remainder was due to lifestyle changes such as the reduction in smoking. Ford

et al.179 examined the specific causes of declining heart disease deaths between 1980 and

2000. They estimated that half of the reduction in heart disease deaths was a result of medical
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technologies, and half was due to changes in risk factors independent of treatments. Cutler180

examined the trend in cancer mortality, shown in Figure 3.13. He estimated that 35% of the

reduction in mortality resulted from improved screening (especially colonoscopy), 23% from

behavioral changes, primarily reduced smoking, and 20% from improved therapies, principally

pharmaceutical.

Improved health over this time period appears to be a response to the availability of new

treatments as opposed to people being better insured (i.e., to the supply-side, not the demand-

side). Finkelstein and McKnight150 examined whether the reduction in mortality starting in the

1960s is attributable to Medicare. They concluded that was not the case: mortality declined for

the near-elderly population that was not eligible for Medicare in addition to the elderly population

that was eligible.

A more difficult question is whether these supply-side changes were driven by expansions of

insurance coverage, or whether they came from the accumulation of knowledge. Medicare by

itself is clearly not the entire story; the reduction in heart disease mortality predates Medicare

by a few years. Acemoglu et al.181 examined whether pharmaceutical innovation was driven by

the increase in the number of elderly with insurance; they concluded that it was not. That said,

expensive technology might not have been as widely adopted without a strong insurance base

to pay for it.

EVIDENCE FROM MASSACHUSETTS

Using Massachusetts data, we examine how physician supply during the era of big medicine

differentially affected mortality in specific local areas. Massachusetts has a Medical Mecca

(Boston) and then the rest of the State. To the extent that medical advances happen first or

more extensively in more technologically advanced areas, we expected to see that in our data.

We find that medical care supply has no effect on mortality in the earlier time period but has a

significant impact on mortality in the later time period.

Figure 3.7 shows mortality trends in the post-World War II era in the Boston MSA and the

rest of the state. Mortality began declining in Massachusetts after 1965. This is consistent
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with the national trend noted above. Through 1990, there was a uniform decline throughout

the state; the change was 23 log points in Boston, 20 log points in other SMAs, and 22 log

points in rural areas. After 1990, mortality declined much more in Boston than in the rest of

the state. Indeed, with the recent upsurge in mortality from drug overdoses, mortality outside

of the Boston SMA was higher in 2015 than in 1990, while it declined by 18 log points in the

Boston SMA.

The central question we consider is whether this differential decline in mortality in the Boston

SMA is a result of the greater number of physicians in the area. We use the panel of mortality

rates in each area from 1965 through 2015, matched with data from the 1960 Census on the

number of physicians in each SMA. The 1960 census provides the total number of physicians

for the State and for all statistical metropolitan areas with more than 100,000 population. Re-

maining doctors are spread in proportion of population across rural areas, and smaller urban

areas.

Following the lines of equation (1), we relate the logarithm of mortality per 100,000 people

to the number of physicians per 100,000 in the SMA in 1950 interacted with the year trend.

In addition, we include several other variables designed to capture medical care supply: the

distance to the nearest major city in an SMA interacted with the year trend, the distance to

Boston interacted with the year trend, and a dummy for whether the area is the major city in

an SMA interacted with the year trend. We also include the share of the population age 65 or

older and median family income in the SMA. When we estimate models for the mortality rate in

the entire population, including the elderly population share controls for the share of people at

high risk of dying. All regressions also control for area and year dummy variables.

Table 3.5 shows the results of the regression analysis. The first column estimates models

for the logarithm of deaths per 100,000 people over the entire 1965-2015 time period. The

coefficient on the number of physicians per capita is negative and statistically significant at the

10% level. As explained below, this result is somewhat misleading because it does not account

for age differences across areas, which are correlated with the death rate.

Three-quarters of deaths in the US occur among elderly people. Thus, an informative mea-

sure of mortality rather than deaths per capita is deaths per elderly person. The second column

96



Ta
bl
e
3.
5:

M
ed

ic
al

ca
re

an
d
m
or
ta
lit
y
po

st
-w

or
ld

W
ar

II

In
de

pe
nd

en
tV

ar
ia
bl
e

ln
(A

ll
D
ea

th
s)

D
ea

th
s
pe

r
10

0,
00

0,
19

65
-2
01

5

D
ea

th
s
pe

r
10

0,
00

0
E
ld
er
ly
,

19
65

-2
01

5

D
ea

th
s
pe

r
10

0,
00

0
E
ld
er
ly
,

19
65

-1
99

0

D
ea

th
s
pe

r
10

0,
00

0
E
ld
er
ly
,

19
90

-2
01

5
M
D
/1
00

K
*
ye

ar
−0

.0
0
0
0
2
1
**

−0
.0

0
0
0
1

0.
00

00
09

−0
.0

0
0
0
4
1
**

(0
.0
00

00
5)

(0
.0
00

00
8)

(0
.0
00

00
8)

(0
.0
00

01
5)

S
ha

re
of

E
ld
er
ly
Po

pu
la
tio

n
0.
06

0*
*

−0
.0

2
1
**

−0
.0

2
6
**

−0
.0

2
4
**

(0
.0
05

)
(0
.0
04

)
(0
.0
02

)
(0
.0
09

)
In
co

m
e
pe

rc
ap

ita
in

S
M
A

−0
.0

0
0
0
0
8
**
−0

.0
0
0
0
0
6

−0
.0

0
0
0
1
1

−0
.0

0
0
0
0
2

(0
.0
00

00
3)

(0
.0
00

00
4)

(0
.0
00

01
1)

(0
.0
00

00
4)

D
is
ta
nc

e
to

m
aj
or

S
M
S
A
ci
ty

*
ye

ar
−0

.0
0
0
0
3
6

0.
00

00
49

0.
00

01
40

*
0.
00

00
33

(0
.0
00

04
0)

(0
.0
00

04
0)

(0
.0
00

07
7)

(0
.0
00

05
3)

D
is
ta
nc

e
to

B
os

to
n
*
ye

ar
0.
00

00
32

*
0.
00

00
50

**
−0

.0
0
0
0
0
4

0.
00

00
89

*
(0
.0
00

01
5)

(0
.0
00

02
0)

(0
.0
00

03
1)

(0
.0
00

04
9)

M
aj
or

ci
ty

*
ye

ar
−0

.0
0
2
8
5
6
**
−0

.0
0
1
4
4
5

−0
.0

0
1
4
5
8

−0
.0

0
4
2
5
4
**

(0
.0
00

89
1)

(0
.0
00

84
0)

(0
.0
01

09
9)

(0
.0
01

35
9)

R
ur
al

ar
ea

*
ye

ar
−0

.0
0
6
3
0
4
**
−0

.0
0
5
8
4
3
*

−0
.0

0
6
2
1

−0
.0

0
5
0
9
3

(0
.0
02

22
0)

(0
.0
02

81
9)

(0
.0
03

76
0)

(0
.0
02

98
7)

N
38

35
38

35
20

90
20

93
R
2

0.
83

7
0.
72

4
0.
71

6
0.
66

9

In
de

pe
nd

en
tV

ar
ia
bl
e

ln
(D

ea
th
s
pe

r1
00

,0
00

E
ld
er
ly
),
by

ca
us

e,
19

90
-2
01

5
C
an

ce
r

H
ea

rt
D
is
ea

se
A
ll

B
re
as

tC
an

ce
r

Lu
ng

C
an

ce
r

O
th
er

C
an

ce
r

S
tro

ke
C
O
P
D

In
flu

en
za

/
P
ne

um
on

ia
M
D
/1
00

K
*
ye

ar
−0

.0
0
0
0
2
4
−0

.0
0
0
0
6
5
**

−0
.0

0
0
0
4
2

−0
.0

0
0
0
7
5
*
−0

.0
0
0
0
5
5
**

0.
00

00
76

**
−0

.0
0
0
0
1
9
−0

.0
0
0
1
4
8
*

(0
.0
00

02
5)

(0
.0
00

01
3)

(0
.0
00

08
5)

(0
.0
00

03
8)

(0
.0
00

01
3)

(0
.0
00

02
9)

(0
.0
00

02
6)

(0
.0
00

07
3)

S
ha

re
of

E
ld
er
ly
Po

pu
la
tio

n
−0

.0
1
7

−0
.0

3
7
**

−0
.0

0
1

−0
.0

5
7

−0
.0

2
1
**

−0
.0

2
0

−0
.0

3
1
**

0.
00

2
(0
.0
12

)
(0
.0
09

)
(0
.0
15

)
(0
.0
32

)
(0
.0
08

)
(0
.0
13

)
(0
.0
11

)
(0
.0
22

)
In
co

m
e
pe

rc
ap

ita
in

S
M
A

−0
.0

0
0
0
0
2
−0

.0
0
0
0
1
1
*

−0
.0

0
0
0
3
8

−0
.0

0
0
0
0
1

−0
.0

0
0
0
0
9

0.
00

00
11
−0

.0
0
0
0
0
3

0.
00

00
17

(0
.0
00

00
7)

(0
.0
00

00
5)

(0
.0
00

02
1)

(0
.0
00

00
6)

(0
.0
00

00
7)

(0
.0
00

00
8)

(0
.0
00

01
3)

(0
.0
00

02
3)

D
is
ta
nc

e
to

m
aj
or

S
M
S
A
ci
ty

*
ye

ar
0.
00

01
84

0.
00

00
82

0.
00

04
57

**
0.
00

01
62

0.
00

01
20

**
0.
00

00
74

0.
00

02
40

*
0.
00

02
31

(0
.0
00

12
9)

(0
.0
00

04
9)

(0
.0
00

17
0)

(0
.0
00

09
3)

(0
.0
00

04
1)

(0
.0
00

04
8)

(0
.0
00

12
2)

(0
.0
00

27
8)

D
is
ta
nc

e
to

B
os

to
n
*
ye

ar
0.
00

00
6

0.
00

00
3

−0
.0

0
0
1
5
5

0.
00

00
97

0.
00

00
55

**
0.
00

02
37

**
0.
00

01
16

0.
00

01
45

(0
.0
00

07
0)

(0
.0
00

02
9)

(0
.0
00

14
9)

(0
.0
00

06
3)

(0
.0
00

02
1)

(0
.0
00

06
4)

(0
.0
00

06
8)

(0
.0
00

19
7)

M
aj
or

ci
ty

*
ye

ar
−0

.0
0
3
2
7
2
*
−0

.0
0
2
2
0
2

0.
01

24
67

**
−0

.0
0
8
8
9
3

0.
00

27
56

0.
00

06
96
−0

.0
0
3
6
4
8

0.
00

07
7

(0
.0
01

76
4)

(0
.0
02

24
8)

(0
.0
04

16
9)

(0
.0
05

25
4)

(0
.0
02

45
1)

(0
.0
01

83
1)

(0
.0
02

60
3)

(0
.0
03

50
5)

R
ur
al

ar
ea

*
ye

ar
−0

.0
0
3
5
9
9
−0

.0
1
0
7
0
3
**

−0
.0

2
2
9
8
9

−0
.0

0
5
3
3
5

−0
.0

0
7
8
6
8

0.
01

79
81

**
−0

.0
0
6
2
4

0.
00

37
11

(0
.0
06

64
1)

(0
.0
04

64
7)

(0
.0
16

30
8)

(0
.0
05

40
9)

(0
.0
05

89
3)

(0
.0
06

22
8)

(0
.0
10

66
5)

(0
.0
20

26
2)

N
20

22
20

19
11

78
15

06
16

55
17

44
17

03
15

47
R
2

0.
70

8
0.
48

4
0.
44

3
0.
51

0
0.
40

5
0.
49

3
0.
45

2
0.
50

0

N
ot
e:

A
ll
re
gr
es

si
on

s
ar
e
w
ei
gh

te
d
by

ci
ty
/to

w
n
po

pu
la
tio

n
an

d
in
cl
ud

e
ci
ty
/to

w
n
du

m
m
y
va

ria
bl
es

an
d
ye

ar
du

m
m
y
va

ria
bl
es

.
M
D
/1
00

K
is

m
ea

su
re
d
at

th
e

S
M
A
le
ve

l.
*
(*
*)

S
ta
tis

tic
al
ly

si
gn

ifi
ca

nt
at

th
e
10

%
(5
%
)l
ev

el
.

97



shows the results explaining deaths per person aged 65 and older. The coefficient on medical

care supply falls markedly and is much smaller than its standard error. Hence there is little

evidence that access to medical care plays a role in mortality over the entire 1965-2015 time

period, but it appears to have had an effect during recent years.

The third and fourth columns examine the relationship between deaths per elderly person

and physician supply in two subperiods: 1960-1990 and 1990-2015. Medical care supply has

no effect on mortality in 1960-1990 but has a significant effect on mortality in 1990-2015. The

coefficient implies that mortality declined by .005 log points every five years for a 1 standard

deviation increase in physician supply (50 physicians per 100,000), or .025 log points over the

entire time period.

The final five columns of Table 3.5 examine different causes of mortality, looking to see which

ones are most responsive to medical care. The largest effects are for influenza/pneumonia

and cancer. Influenza and pneumonia are amenable to medical care but have been for some

time. It is not clear why they should differ in trends over this time period between areas with

more and fewer physicians, though influenza vaccination rates for people age 65 and older

increased dramatically over the second time period and there could well be differential trends

in vaccination practices. The relative decline in cancer deaths comes from lung cancer and

some other cancers, but not breast cancer. Additional detail could examine which cancers are

affected most by physician supply.

3.4 ARE ADDITIONAL YEARS OF LIFE EXPECTANCY COMING AT INCREASINGLY HIGHER

COST?

This section analyzes changes in age distribution of spending and considers whether medical

advances are as productive now as in the past.

3.4.1 CHANGES IN AGE DISTRIBUTION OF SPENDING

Combining three data sources, we observe that the ratio of medical spending for the elderly

to adults grew from 1953 to 1988 and decreased from 1988 to 2012 (Figure 3.15 and Table
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3.6). After 1990, the rate of spending growth was faster for the young than the old. The relative

increase in medical spending for the elderly through the 1980s is consistent with the expansion

of medical knowledge and technology. The recent reduction in the relative growth of medical

spending for the elderly is not as easily explained as the increase in relative spending.

Note: Data for 1953 are from Cutler and Meara (1997). Data for 1963-2000 are from Meara, White, and
Cutler (2004). Data for 2002-2012 are from CMS (2017).

Figure 3.15: Ratio of medical spending for the elderly to adults, 1953–2012

There are relatively few data on medical spending for particular population groups. Most

of the spending estimates previously described are from providers: adding together revenue

received by hospitals, physicians, and so forth. These data do not naturally permit a decompo-

sition into spending by age. Periodically, however, micro surveys allow researchers to estimate

spending by individual and age group.

Even data on spending from population surveys are complicated by inconsistencies in mea-

surement, particularly regarding the inclusion of institutional long-term care and home health.
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Table 3.6: Personal health care spending per capita by age

Year age 0-64 age 65+
Ratio

65+ / 0-64
% Pop
age 65+

% Spending
$$ age 65+

1953 67 110 1.7 8.5% 13.0%
1963 129 304 2.4 9.4% 20.0%
1965 158 472 3 9.5% 24.0%
1967 171 528 3.1 9.8% 25.0%
1970 238 823 3.5 10.8% 30.0%
1977 453 2002 4.4 12.2% 38.0%
1987 1088 5849 5.4 12.7% 44.0%
1996 2123 10308 4.9 12.4% 41.0%
2000 2676 11815 4.4 12.5% 39.0%
2002 3521 13537 3.8 12.4% 35.0%
2004 4062 15112 3.7 12.4% 34.0%
2006 4577 16434 3.6 12.5% 34.0%
2008 4998 17786 3.6 12.8% 34.0%
2010 5381 18544 3.4 13.1% 34.0%
2012 5781 18988 3.3 13.5% 34.0%

Source: Author calculations based on Meara, White and Cutler (2004); CMS NHE Age and Gender Tables (2017) and
other sources.

Some surveys treat long-term care as medical care, while other treat it as housing, and thus

outside the medical system. As spending on these services has grown over time, analytic

complications have increased.

We analyze data on the distribution of medical spending by age from three sources that

use consistent methods to cover extended spans of time. Meara, White and Cutler182 present

data on medical spending by age for 1963-2000. Centers for Medicare and Medicaid Services

(CMS) (2017) presents data for 2002-2012. The 1953 estimate from Cutler and Meara183 is

based on the National Opinion Research Center (NORC) survey conducted by Anderson184

and therefore differs somewhat from later estimates but was included so as to provide a better

sense of spending patterns for the decades prior to the development of Medicare and expansion

of insurance coverage.18 Note that age-specific spending ignores the roughly 15% of medical

18Other sources for data on spending by age include Cooper, Worthington and McGee159, Fisher185,
Waldo et. al.186,187; Keehan et. al.188; Hartman et al.189; and Lassman et. al.190.
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spending not directly attributable to individual patients, for example research, health insurance

administration, overhead, construction, and public health.

Figure 3.15 shows relative medical spending on the elderly population in comparison to

the non-elderly population over time. In 1953, estimates suggest that per capita spending on

the elderly was 70% greater than per capita spending on the non-elderly. Shortly after health

spending as a share of GDP began to accelerate in the late 1950s, a major reallocation of

national expenditures toward the older population began. In 1963, spending on the elderly was

140% higher than for the non-elderly. This increased to 250% in 1970 and 440% in 1987. As

a percentage of GDP, the amount spent for the elderly tripled over the twenty-year span from

1967 to 1987 (1.5% to 4.6%) while the amount for the population age 0-64 increased by less

than half (from 4.5% to 6.0%). Since the data are per capita, these relative spending changes

were due to technology and policy, including Medicare and other reimbursement rules, not

demography.

After 1990, the rate of spending growth was faster for the young than the old, bringing the

relative expenditure ratio down to +230% in 2012. In the past decade, Medicare spending on

the elderly has been essentially constant in real terms191.

The relative increase in medical spending for the elderly through the 1980s is consistent

with the expansion of medical knowledge and technology noted above. Conditions such as

cardiovascular disease and cancer were relatively untreatable prior to the mid-1950s. Subse-

quently, developing technologies allowed both conditions to be treated more effectively. One

consequence was higher spending.

To take one example, consider care for people with heart attacks143. In 1950, there was

little effective therapy for heart attacks. The standard treatment was bed rest. Technological

advances supported increasingly effective therapies such as coronary artery bypass grafting

(grafting a new blood vessel to bypass the occluded arteries, developed in the 1950s and

1960s), administration of medications that dissolved the clot (thrombolytic therapy, adopted

widely in the 1980s), control of arrhythmias, and insertion of balloons and wire mesh tubes

to open blocked arteries (stents, developed in the 1980s and 1990s). These therapies are all

effective in reducing mortality after a heart attack. Mortality in the month after a heart attack
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has declined by 75% since 1950143. But they are also expensive. Medicare spending is over

$10,000 per heart attack, in many cases much more. Since the incidence of heart attacks rises

with age, the technological revolution in treatment of heart attacks affected spending for the

elderly more than for the non-elderly.

The recent reduction in the relative growth of medical spending for the elderly is not as easily

explained as the increase in relative spending. There has been continuation of medical tech-

nology development. For example, coronary revascularization procedures have continued to

diffuse, and there have been significant and expensive advances in treatments for cancer (new

chemotherapies) and orthopedic problems (hip and knee replacements), among other areas.

Some of the relative reduction in spending for the elderly is a product of the diffusion of these

technologies into the non-elderly population as well, e.g., elective hip and knee replacements

for people with severe arthritis. But this is not the entire story. In addition to the reduction in the

relative spending of people over age 65, there has been a slowdown in the real growth rate of

spending for the elderly. The explanation for this is unknown.

3.4.2 CHANGES IN RETURNS TO SPENDING

In this section, we examine whether additional years of life expectancy come at increasingly

higher cost. Between 1935 and 1955, spending on medical care relative to income remained

nearly constant despite large increases in life expectancy. Since then, the cost per year of life

has increased in every subsequent decade, although the rate of increases appears to have

flattened out in the last two decades.

A central question about the era of big medicine is whether the return to medical care is

falling – do additional years of life expectancy come at increasingly higher costs? We cannot

answer this question in detail, but we can provide some evidence, following the methodology of

Cutler, Rosen, and Vijan141. Those authors calculated the incremental cost per year of life for

decadal intervals from 1960-2000. They assumed that medical spending was responsible for

half of mortality improvements in all decades. They matched up the implied changes in medical

spending with changes in expected lifetime medical spending over the same intervals.
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Using similar methods, we calculate the increase in real, per capita medical spending (in

2016 dollars) in each 10 year period starting in 1935, and divide that by the increase in life

expectancy at birth over the equivalent decade (see Figure 3.16). This is a scaled version of a

cost per year of life due to medical care and will be directionally accurate assuming that medical

care accounted for the same share of mortality improvements in each decade. Between 1935

and 1955, very little was spent despite large increases in life expectancy. The cost per year of

life has increased virtually every decade since then, though it seems to have flattened out in

the past two decades.

Figure 3.16: Increase in medical spending per year of life added, by decade

The analysis in Figure 3.16 may understate or overstate the return to medical spending.

Recent increases in spending might have led to quality of life improvements more than life

expectancy gains. Quality of life has improved over time, likely due in some part to medical
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advance192. We are not able to adjust for quality of life changes in our data. And even if

medical care is responsible for the same share of longevity improvements over time, the most

costly interventions might not lead to the greatest longevity improvements. For example, it

might be that medical spending is increasingly directed towards unproductive end-of-life care,

while cheap medications may be the source of mortality reductions.

Necessarily, our conclusions about changes in the return to medical care are speculative.

But they suggest some reason for concern about the rise of medical expenditures in the post-

World War II era.

3.5 DISCUSSION AND CONCLUSION

Fogel wrote about the theory of “technophysio evolution”. In the United States, one sees it in

action. The U.S. entered the 19th century an agricultural economy transitioning into industry.

By contemporary standards, the U.S. was poor, but by standards of the day, it was rich. Life

expectancy at birth was a robust 44 years, even without much of a functional medical care

system.

The beginnings of industrialization were harmful for health, as in Europe. Crowded cities,

low wages, and poor sanitary practices took their toll. Not until about 1880 did health recover

from the beginnings of the industrial revolution.

From 1880 on, both life expectancy and medical spending grew, sometimes in concert but

often not. The initial improvements in health owe much to medical science if not to therapeutics.

In particular, public health measures such as handwashing, cleaner water, and sewers saved

millions from diarrhea and infectious diseases. In cross-area analysis, we find little evidence

that formal medicine added to the role of public health. Physicians were involved in the public

health revolution, but so too were engineers and biologists.

Medicine came of age in the interwar years. Sulfa drugs and antibiotics were developed in

the 1930s and 1940s, and they prolonged the mortality reduction of earlier decades. The period

from 1935 to 1950 saw the most rapid decline in infant and child mortality of any time period

since 1900. It is unclear how much of this change would have happened without antibiotics, but
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blood banking and advances in surgical techniques were among the host of distinct and incre-

mental improvements that added to life expectancy while the health share of GDP increased

only slightly.

In the 140 years from 1800 through 1940, medical spending doubled as a share of the

economy, from 2% to 4% of the economy. Expenditures were still only 4.3% of GDP in 1955.

They doubled again in the next 25 years and quadrupled by 2010.

Big medicine brought significant health benefits. Heart disease mortality declined for the first

time since records were kept. Deaths declined everywhere but – at least in Massachusetts –

more so in Boston than elsewhere in the state.

Nearly a century into the era of Big Medicine, there is a new revolution brewing, or per-

haps three: a genetic revolution showing why common diseases occur and how they might be

treated; an information revolution allowing clinicians to follow patients and their illnesses and

individualize treatments; and a financial revolution in how medical care is paid for. It remains

to be seen how these three revolutions will match Fogel’s technophysio revolution in scale and

scope.
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Appendices



A1.1 LIST OF TOP 25 UNIVERSITIES IN CLINICAL MEDICINE AND PHARMACY (AWRU,

2007)

• Harvard University

• University of California, San Francisco

• University of Washington

• The Johns Hopkins University

• Columbia University

• University of California, Los Angeles

• The University of Texas Southwestern Medical Center at Dallas

• University of Michigan – Ann Arbor

• Karolinska Institute

• University of Pittsburgh

• Stanford University

• Mayo Medical School

• University of Oxford

• University of Minnesota, Twin Cities

• University of Cambridge

• Yale University

• University College London

• The University of Texas M. D. Anderson Cancer Center

• University of Wisconsin – Madison

• Vanderbilt University

• University of Pennsylvania

• Duke University

• University of California, San Diego

• Tufts University

• The Imperial College of Science, Technology and Medicine



A1.2 LIST OF TOP PHARMACEUTICAL COMPANIES USED IN THIS STUDY (BY REV-

ENUE)

• Johnson & Johnson

• Roche

• Pfizer

• Novartis

• Bayer

• Merck & Co

• GlaxoSmithKline

• Sanofi

• Abbvie

• Abbott Laboratories

• Eli Lilly & Co

• Amgen

• Bristol-Myers Squibb

• Gilead Sciences

• AstraZeneca

• Teva Pharmaceutical Industries

• Boehringer Ingelheim

• Merck Group

• Novo Nordisk

• Takeda Pharmaceutical

• Allergan plc

• Shire

• Celgene

• Biogen

108



A2.1 DEFINITION OF THE VARIABLES USED IN CHAPTER 2

Variable Definition Origin, type and values
Methods
Random
sequence
generation

Cochrane reviewers’ assessment for whether
participants were assigned to intervention groups on
the basis of a chance (random) process
characterized by unpredictability.

Origin: Cochrane reviews
Type: categorical variable
Values: adequate, inadequate,
unclear, missing

Allocation
conceal-
ment

Cochrane reviewers’ assessment for whether
appropriate mechanisms were used to prevent
foreknowledge of treatment assignment and prevent
those who enroll participants from being influenced
by this knowledge.

Origin: Cochrane reviews
Type: categorical variable
Values: adequate, inadequate,
unclear, missing

Blinding of
participants
and
personnel

Cochrane reviewers’ assessment for whether
appropriate mechanisms were used to withhold
information about the assigned interventions from
participants and personnel.

Origin: Cochrane reviews
Type: categorical variable
Values: adequate, inadequate,
unclear, missing

Blinding of
outcome
assessment

Cochrane reviewers’ assessment for whether
appropriate mechanisms were used to withhold
information about the assigned interventions from
outcome assessors.

Origin: Cochrane reviews
Type: categorical variable
Values: adequate, inadequate,
unclear, missing

Incomplete
outcome
data

Cochrane reviewers’ assessment for whether
appropriate measures were taken to prevent missing
outcome data, due to attrition (drop-out) during the
study or exclusions from the analysis to bias the
results.

Origin: Cochrane reviews
Type: categorical variable
Values: adequate, inadequate,
unclear, missing

Selective
reporting

Cochrane reviewers’ assessment for whether results
were selectively reported.

Origin: Cochrane reviews
Type: categorical variable
Values: adequate, inadequate,
unclear, missing

Number of
dimensions
assessed

Count variable for how many of the six standards
were assessed in a Cochrane review.

Origin: Cochrane reviews
Type: count variable.
Values: 1 to 6.

Number of
adequate
methods

Count variable for how many of the dimensions were
assessed as “adequate”.

Origin: Cochrane reviews
Type: count variable.
Values: 0 to 6.

Number of
inadequa-
cies

Count variable for how many of the dimensions were
assessed as “inadequate”.

Origin: Cochrane reviews
Type: count variable.
Values: 0 to 6.

Number of
unclear as-
sessments

Count variable for how many of the dimensions were
assessed as “unclear”.

Origin: Cochrane reviews
Type: count variable.
Values: 0 to 6.

Adequate
methods

RCT methods are adequate if all methods assessed
are “adequate”.

Origin: Cochrane reviews
Type: Binary variable.
Values: 0 / 1
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Appendix A2.1 (Continued)

Variable Definition Origin, type and values
Inadequate
methods

RCT methods are inadequate if at least one method
is assessed as “inadequate”.

Origin: Cochrane reviews
Type: Binary variable.
Values: 0 / 1

Unclear
methods

RCT methods are unclear if the available information
does not allow the classification of RCT methods as
“adequate” or “inadequate”.

Origin: Cochrane reviews
Type: Binary variable.
Values: 0 / 1

Results
Outcome Outcome measured in the treatment and control

groups, as stated in the statistical file of the
meta-analysis.

Origin: Cochrane reviews, statisti-
cal file
Type: Free text
Values: death prior to hospital
discharge, stroke, blood pressure,
length of stay

Outcome
category

Classification of “outcome” variable, based on
clustering of similar outcomes (e.g., mortality, death
before hospital discharge, maternal mortality,
survival) into outcome categories (e.g., death), and
coding to identify positive and negative outcomes
(e.g., survival versus death).

Origin: Cochrane reviews, statisti-
cal file (from “Outcome”)
Type: Categorical variable
Values: death, physical health,
adverse event, efficacy (other),
adverse effect, mental health,
attrition, behavior, utilization,
quality of life, process, satisfaction.

Results: comparison level
z-score Z-scores for dichotomous and continuous outcomes

are calculated using the following formulas.
Categorical outcomes:
p1, p2 the proportion of successes in the treatment
and control groups, n1, n2 the size of the treatment
and control groups, and p the proportion of
successes in the two samples combined:

Z =
p1 − p2√√√

p(1 − p)
�

1

n1
+

1

n2

�
Continuous outcomes:
μ1, μ2 are the mean in the treatment and control
groups,
σ1, σ2 are the standard deviation in the treatment
and control groups,
n1, n2 are the sample sizes in the treatment and
control groups.

Z =
μ1 − μ2√√√σ2

1

n1
+
σ2
2

n2

Origin: Cochrane reviews, statisti-
cal file
Type: Continuous variable
Values: from −1000 to 1000.
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Appendix A2.1 (Continued)

Variable Definition Origin, type and values
Significant
positive
result

Indicator for whether Z > 1.96 Origin: Cochrane reviews, statisti-
cal file
Type: Binary variable
Values: 0 / 1

Significant
negative
result

Indicator for whether Z < −1.96 Origin: Cochrane reviews, statisti-
cal file Type: Binary variable
Values: 0 / 1

Null result Indicator for whether −1.96 ≤ Z ≤ 1.96 Origin: Cochrane reviews, statisti-
cal file
Type: Binary variable
Values: 0 / 1

Results: RCT level
Number of
results in
RCT

Number of treatment, control, outcome, subgroup
level comparisons in RCT.

Origin: Cochrane reviews, statisti-
cal file
Type: Count variable
Values: 1,2,3. . .

Positive
RCT

Indicator for whether all RCT results are positive or
null.

Origin: Cochrane reviews, statisti-
cal file
Type: Binary variable
Values: 0 / 1

Negative
RCT

Indicator for whether all RCT results are negative or
null.

Origin: Cochrane reviews, statisti-
cal file
Type: Binary variable
Values: 0 / 1

Mixed RCT Indicator for whether the RCT includes both
significantly positive results and significantly negative
results (e.g., the treatment significantly reduces
death but also significantly increases side effects).

Origin: Cochrane reviews,
statistical file Type: Binary variable
Values: 0 / 1

Null RCT Indicator for whether all RCT results are null. Origin: Derived, Cochrane reviews,
statistical file
Type: Binary variable
Values: 0 / 1

Scientific impact
Journal
impact
factor

Journal impact factor Origin: WOS (new: Scopus)

Citations Citations through 2018 Origin: WOS (new: Scopus)
Citations to
positive
results

Citations * 1[Positive RCT] Origin: Derived

Citations to
negative
results

Citations * 1[Negative RCT] Origin: Derived

Citations to
null results

Citations * 1[Null RCT] Origin: Derived
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Appendix A2.1 (Continued)

Variable Definition Origin, type and values
Citations to
mixed
results

Citations * 1[Mixed RCT] Origin: Derived

Citation
weighted
positive
results

Citations * 1[Positive RCT]
+ Citations * -1[Negative RCT]

Origin: Derived

Bibliometric data
Publication
year

Publication year Origin: PubMed

First author
affiliation

Free text of first author address Origin: PubMed

Top
university

See list in Appendix Origin: Derived, PubMed

Other
university

University not in top university list Origin: Derived, PubMed

Top pharma See list in Appendix. Top pharma defined by revenue
threshold. From free text of author affiliation.

Origin: Derived, PubMed

Funding
NIH Indicator for NIH grant. Binary variable.

Origin: Derived, PubMed
Other grant Indicator for other grant. Binary variable.

Origin: Derived, PubMed
Industry Indicator for industry funding listed in article reported

in Cochrane review.
Binary variable.
Origin: Derived, Cochrane.

Novelty
Order of
entry in
review

Variable representing the chronological rank of the
RCT as compared to other RCTs on the same topic
based on publication year within review (if the first
study on the topic was published in 2000, its order is
1. If the next study was published in 2003, its order is
2. . . ).

Ordinal variable
Origin: Derived, Cochrane.

Topic
maturity

Age of the first study published on the topic. For
instance, if the first study was published in 1990, the
topic maturity in 2018 is 28. If the first study was
published in 2000, the topic maturity in 2018 is 18.

Integer
Origin: Derived, Cochrane.

Sample
size

Study sample size including patients in the treatment
and control groups

Origin: Cochrane, statistical file.
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A3.1 DATA ON MEDICAL SPENDING AND EMPLOYMENT

The first data on medical spending are from the early 20th century. Lough193 estimates spend-

ing on medical care for selected years from 1909 to 1931. He concludes that medical spending

was about 3-4% of GDP then. The far more comprehensive 28 volume report by the Commit-

tee on the Costs of Medical Care157 estimates medical spending of 3.4%-3.8% of GDP from

1925–1930, and speculates that total health spending accounts for about 4% of national in-

come for any normal year. That is consistent with Lough, though the CCMC report shows wide

variation across the 10 counties included in their detailed surveys and little recognition of how

abnormal the 1929 economy would later seem. The CCMC report served as the framework for

subsequent national health accounting efforts by the Social Security Administration, the Health

Care Financing Administration, and currently the Centers for Medicare and Medicaid Services

(CMS) Office of the Actuary194,195). The annual National Health Expenditures Account (NHEA)

estimates since 1960 are generally accepted as valid.

We assume the CCMC data for 1925–30 are approximately right for the US as a whole. We

use the Lough data to backcast medical care as a share of GDP to 1900, using approximate

growth rates by decade: 0.8% annually for 1900–1910; 1.5% for 1910–1920 and 1.8% from

1920–1925.

As few medical spending data are available prior to 1900, estimates of spending during the

19th Century must for be extrapolated from census occupational data. The decennial U.S.

census collected occupational data from 1850 to 1990, after which data are available from the

Current Population Survey (CPS). Generally, expenditure and employment data have moved in

tandem since 1900 (see Table 3.1), providing reasonable grounds for extrapolation of spending

shares back to 1850.

The health share of total employment is about 0.8% for 1850–1880 and rises to 1.2% in 1900.

We trend from 1850 to 1900 using these data. Before 1850, no national data on employment

are available. We assume continuation of the very modest employment trend observed from

1850–1880. While this is a large period of time for such an assumption, it is roughly consistent
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with Lindert and Williamson’s196 compilation of occupational data in 11 city directories from

1772 to 1806.

From 1960 on, our data on employment in the health sector come from the Bureau of Labor

Statistics (BLS).19 We use data from the BLS Handbook197 for 1960–1980 and from BLS160

from 1990. The latter series slows slightly higher health care employment than the former:

7.5% in 1990 using the newer series v. 7.1% using the older series.

19The BLS began collecting data on employment in the health sector in 1958.
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A3.2 DATA ON WATER AND SEWAGE IN MASSACHUSETTS

Data on water treatments come from different sources for the Boston Metropolitan area and

the rest of Massachusetts. For the Boston Metropolitan area, the water systems depend

on a metropolitan authority that changed over time: the Metropolitan Sewerage Commission

(1889-1901), the Metropolitan Water Board (1895-1901), the Metropolitan Water and Sewerage

Board (1901-1919), the Metropolitan District Commission (MDC) (1919-1985) and, from 1985

to present, the Metropolitan Water Resources Authority (MWRA). Early data (1890-1915) are

from Alsan and Goldin172, data for the 1920s and 1930s come from the Metropolitan District

Commission (MDC) annual reports, data from the 1930s to present come from historical data

included in the Metropolitan Water Resources Authority (MWRA) Master Plan (2006).

Data for the rest of Massachusetts come from censuses of water plants published in aca-

demic journals and by public agencies. Johnson (1917), Gillepsie (1924) and Streeter (1931)

provide surveys of early purification and filtration plants in Massachusetts. The inventory of

water and sewage facilities in the United States20 published in 1945 by the U.S. Public Health

Service provides detailed information by city and town, including water source types and treat-

ment details. From 1954 to 1968, the U.S. Public Health Service produces every other year a

survey of Municipal Water Facilities for municipalities of 25,000 population and over. In 1963, a

cooperative State Federal report presents an exhaustive inventory of Municipal Water Facilities

for all cities and towns (not limited to larger cities).

Data on sewage systems come from some of the same sources as well as other sources. For

the Metropolitan district, we use the data from Alsan and Goldin supplemented with information

from MDC and MWRA. For the rest of Massachusetts, we use the inventory of water and

sewage facilities in the United States published by the U.S. Public Health Service in 1945 as

well as data from Municipal Waste Facilities Inventories published every other year by the Public

20Inventory of water and sewage facilities in the United States, 1945. A cooperative inventory by the
sanitary engineering divisions of state health departments and the U.S. Public Health Service.
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Health Service from 1957 to 1968. When no start date for the sewer system is available in any

of these directories, we used web searches to look for the operation date of local waterworks.
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[138] Shelly Pranić and Ana Marušić. Changes to registration elements and results in a co-
hort of clinicaltrials. gov trials were not reflected in published articles. Journal of clinical
epidemiology, 70:26–37, 2016.

[139] Paul Starr. The social transformation of American medicine. New York: Basic Books,
1982.

[140] Robert William Fogel et al. The escape from hunger and premature death, 1700-2100:
Europe, America, and the Third World, volume 38. Cambridge University Press, 2004.

[141] David M Cutler, Allison B Rosen, and Sandeep Vijan. The value of medical spending in
the united states, 1960–2000. New England journal of medicine, 355(9):920–927, 2006.

[142] Angus Deaton. The great escape: health, wealth, and the origins of inequality. Princeton
University Press, 2004.

[143] David Cutler. Your Money or Your Life. Oxford University Press, 2003.

126



[144] Robert W Fogel. Nutrition and the decline in mortality since 1700: some preliminary
findings. In Stanley L. Engerman and Robert E. Gallman, editors, Long-term factors in
American economic growth, pages 439–556. University of Chicago Press, 1986.

[145] Michael R Haines. The urban mortality transition in the united states, 1800-1940. In
Annales de démographie historique, number 1, pages 33–64. Belin, 2001.

[146] J David Hacker. Decennial life tables for the white population of the united states, 1790–
1900. Historical methods, 43(2):45–79, 2010.

[147] Bureau of the Census U.S. Department of Commerce. United states life tables, 1890,
1901, 1910, and 1901-1910. Technical report, 1921.

[148] Anne Case and Angus Deaton. Rising midlife morbidity and mortality, us whites. Pro-
ceedings of the National Academy of Sciences, 112(49):15078–15083, 2015.

[149] Anne Case and Angus Deaton. Mortality and morbidity in the 21st century. Brookings
Papers on Economic Activity, pages 397–443, 2017.

[150] Amy Finkelstein and Robin McKnight. What did medicare do? the initial impact of medi-
care on mortality and out of pocket medical spending. Journal of public economics,
92(7):1644–1668, 2008.

[151] Adriana Lleras-Muney and Flavien Moreau. A Unified Law of Mortality: Implications for
the Long Run Effects of Early Conditions. 2018.

[152] Abraham Flexner. Medical education in the united states and canada: a report to the
carnegie foundation for the advancement of teaching. Carnegie bulletin number four,
325, 1910.

[153] Arnold S Relman. The new medical-industrial complex. New England Journal of
Medicine, 303(17):963–970, 1980.

[154] Eli Ginzberg. The monetarization of medical care. New England journal of medicine,
310(18):1162–1165, 1984.

[155] Thomas E Getzen. The growth of health spending in the usa: 1776 to 2026 (september
7, 2017). Available at SSRN 3034031, 2017.

[156] Louis S Reed and Ruth S Hanft. National health expenditures, 1950-64. Social Security
Bulletin, 29(1):3–19, 1966.

[157] Committee on Costs of Medical Care. Medical care for the american people, 1932.

[158] JR Seale. A general theory of national expenditure on medical care. The Lancet,
274(7102):555–559, 1959.

[159] Cooper, B and Worthington, NL and McGee, MF. Compendium of national health expen-
ditures data. 73-11903. Social Security Administration, Office of Research and Statistics,
US Depart-ment of Health, Education and Welfare, (SSA)73-11903:89, 1973.

[160] Index, Consumer Price. Us department of labor: Bureau of labor statistics. 2017. 2017.

[161] Susan B Carter, Scott S Gartner, Michael R Haines, Alan L Olmstead, Richard Sutch,
Gavin Wright, et al. Historical statistics of the United States: millennial edition, volume 3.
Cambridge: Cambridge University Press, 2006.

127



[162] US Census Bureau. 2010 census urban and rural classification and urban area criteria.
Technical report, 2018.

[163] Alba M Edwards. Comparative Occupational Statistics for the United States, 1870 to
1940. Washington, D.C.: Census Bureau, 1943.

[164] Thomas E Getzen. Population aging and the growth of health expenditures. Journal of
gerontology, 47(3):S98–S104, 1992.

[165] Thomas E Getzen. Forecasting health expenditures: short, medium and long (long) term.
Journal of Health Care Finance, 26(3):56–72, 2000.

[166] Amitabh Chandra, Jonathan Holmes, and Jonathan Skinner. Is this time different? the
slowdown in health care spending. Brookings Papers on Economic Activity, pages 261–
302, 2013.

[167] Aaron C Catlin and Cathy A Cowan. History of health spending in the united states,
1960-2013. Centers for Medicare and Medicaid Services, 2015.

[168] Alice Chen and Dana Goldman. Health care spending: historical trends and new direc-
tions. Annual Review of Economics, 8:291–319, 2016.

[169] Alex R Horenstein and Manuel S Santos. Understanding growth patterns in us health
care expenditures. Journal of the European Economic Association, 17(1):284–326,
2019.

[170] Gregg S Meyer, Akinluwa A Demehin, Xiu Liu, and Duncan Neuhauser. Two hundred
years of hospital costs and mortalitymgh and four eras of value in medicine. N Engl J
Med, 366(23):2147–2149, 2012.

[171] David Cutler and Grant Miller. The role of public health improvements in health advances:
the twentieth-century united states. Demography, 42(1):1–22, 2005.

[172] Marcella Alsan and Claudia Goldin. Watersheds in infant mortality: The role of effective
water and sewerage infrastructure, 1880 to 1915. Number w21263. National Bureau of
Economic Research Cambridge, MA, 2018.

[173] Nelson Manfred Blake. Water for the cities: A history of the urban water supply problem
in the United States, volume 3. Syracuse University Press, 1956.

[174] Melissa A Thomasson and Jaret Treber. From home to hospital: The evolution of child-
birth in the united states, 1928–1940. Explorations in Economic history, 45(1):76–99,
2008.

[175] Seema Jayachandran, Adriana Lleras-Muney, and Kimberly V Smith. Modern medicine
and the twentieth century decline in mortality: Evidence on the impact of sulfa drugs.
American Economic Journal: Applied Economics, 2(2):118–46, 2010.

[176] Thomas Hager. The demon under the microscope: from battlefield hospitals to Nazi labs,
one doctor’s heroic search for the world’s first miracle drug. New York: Random House,
2007.

[177] Elina Hemminki and Anneli Paakkulainen. The effect of antibiotics on mortality from in-
fectious diseases in sweden and finland. American journal of public health, 66(12):1180–
1184, 1976.

128



[178] Gregory L Armstrong, Laura A Conn, and Robert W Pinner. Trends in infectious disease
mortality in the united states during the 20th century. Jama, 281(1):61–66, 1999.

[179] Earl S Ford, Umed A Ajani, Janet B Croft, Julia A Critchley, Darwin R Labarthe, Thomas E
Kottke, Wayne H Giles, and Simon Capewell. Explaining the decrease in us deaths from
coronary disease, 1980–2000. New England Journal of Medicine, 356(23):2388–2398,
2007.

[180] David M Cutler. Are we finally winning the war on cancer? Journal of Economic Per-
spectives, 22(4):3–26, 2008.

[181] Daron Acemoglu, David Cutler, Amy Finkelstein, and Joshua Linn. Did medicare induce
pharmaceutical innovation? American Economic Review, 96(2):103–107, 2006.

[182] Ellen Meara, Chapin White, and David M Cutler. Trends in medical spending by age,
1963–2000. Health Affairs, 23(4):176–183, 2004.

[183] David M Cutler and Ellen Meara. The medical costs of the young and old: A forty-
year perspective. In Frontiers in the Economics of Aging, pages 215–246. University of
Chicago Press, 1998.

[184] Odin Anderson. Family medical care expenditures and voluntary health insurance: A
nationwide survey, 1956.

[185] Charles R Fisher. Differences by age groups in health care spending. Health Care
Financing Review, 1(4):65–90, 1980.

[186] Daniel R Waldo and Helen C Lazenby. Demographic characteristics and health care use
and expenditures by the aged in the united states: 1977-1984. Health Care Financing
Review, 6(1):1–29, 1984.

[187] Daniel R Waldo, Sally T Sonnefeld, David R McKusick, and Ross H Arnett III. Health
expenditures by age group, 1977 and 1987. Health Care Financing Review, 10(4):111–
120, 1989.

[188] Sean P Keehan, Devin A Stone, John A Poisal, Gigi A Cuckler, Andrea M Sisko, Sheila D
Smith, Andrew J Madison, Christian J Wolfe, and Joseph M Lizonitz. National health
expenditure projections, 2016-25: Price increases, aging push sector to 20 percent of
economy. Health Affairs, 36(3):1–11, 2017.

[189] Micah B Hartman, Robert J Kornfeld, and Aaron C Catlin. A reconciliation of health care
expenditures in the national health expenditures accounts and in gross domestic product.
Survey of Current Business, 90(9):42–52, 2010.

[190] David Lassman, Micah Hartman, Benjamin Washington, Kimberly Andrews, and Aaron
Catlin. Us health spending trends by age and gender: selected years 2002–10. Health
Affairs, 33(5):815–822, 2014.

[191] Laura M Keohane, Robert J Gambrel, Salama S Freed, David Stevenson, and Melinda B
Buntin. Understanding trends in medicare spending, 2007–2014. Health services re-
search, 53(5):3507–3527, 2018.

129



[192] Michael Chernew, David M Cutler, Kaushik Ghosh, and Mary Beth Landrum. Under-
standing the improvement in disability-free life expectancy in the us elderly population.
In David Wise, editor, Insights in the Economics of Aging, pages 161–201. University of
Chicago Press, 2016.

[193] William Henry Lough. High-level consumption, its behavior; its consequences. McGraw-
Hill, 1935.

[194] Bruce Fetter. Origins and elaboration of the national health accounts, 1926-2006. Health
care financing review, 28(1):53–67, 2006.

[195] U.S. Department of Health and Human Services. National health expenditure accounts:
Methodology paper, 2016 definitions, sources, and methods. Technical report, 2016.

[196] Peter H Lindert and Jeffrey G Williamson. American incomes before and after the revo-
lution. The Journal of Economic History, 73(3):725–765, 2013.

[197] Handbook, Occupational Outlook. Us department of labor, bureau of labor statistics.
Bull, (1215), 2003.

[198] Philippe Aghion and Jean Tirole. The management of innovation. The Quarterly Journal
of Economics, 109(4):1185–1209, 1994.

[199] David B Allison, Andrew W Brown, Brandon J George, and Kathryn A Kaiser. Repro-
ducibility: A tragedy of errors. Nature News, 530(7588):27, 2016.

[200] Ashish Arora and Alfonso Gambardella. Evaluating technological information and utilizing
it: Scientific knowledge, technological capability, and external linkages in biotechnology.
Journal of Economic Behavior & Organization, 24(1):91–114, 1994.

[201] Kenneth Joseph Arrow. Economic welfare and the allocation of resources for invention.
In Readings in industrial economics, pages 219–236. Springer, 1972.

[202] Pierre Azoulay, Joshua S Graff Zivin, and Gustavo Manso. Incentives and creativity:
evidence from the academic life sciences. The RAND Journal of Economics, 42(3):527–
554, 2011.

[203] Pierre Azoulay, Jeffrey L Furman, Joshua L Krieger, and Fiona Murray. Retractions.
Review of Economics and Statistics, 97(5):1118–1136, 2015.

[204] Pierre Azoulay, Alessandro Bonatti, and Joshua L Krieger. The career effects of scandal:
Evidence from scientific retractions. Research Policy, 46(9):1552–1569, 2017.

[205] Joel AC Baum and Brian S Silverman. Picking winners or building them? alliance, intel-
lectual, and human capital as selection criteria in venture financing and performance of
biotechnology startups. Journal of business venturing, 19(3):411–436, 2004.

[206] Jeffrey Brainard and Jia You. What a massive database of retracted papers reveals about
science publishings death penalty. Science, 25, 2018.

[207] Liam Brunt, Josh Lerner, and Tom Nicholas. Inducement prizes and innovation. The
Journal of Industrial Economics, 60(4):657–696, 2012.

130



[208] Eric Budish, Benjamin N Roin, and Heidi Williams. Do firms underinvest in long-term re-
search? evidence from cancer clinical trials. American Economic Review, 105(7):2044–
85, 2015.

[209] Christian Catalini, Nicola Lacetera, and Alexander Oettl. The incidence and role of
negative citations in science. Proceedings of the National Academy of Sciences,
112(45):13823–13826, 2015.

[210] Christian Catalini. Microgeography and the direction of inventive activity. Management
Science, 64(9):4348–4364, 2017.

[211] Iain Chalmers, Paul Glasziou, and Fiona Godlee. All trials must be registered and the
results published. Bmj, 346, 2013.

[212] Wesley M Cohen and Daniel A Levinthal. Innovation and learning: the two faces of r &
d. The economic journal, 99(397):569–596, 1989.

[213] Wesley M Cohen and Daniel A Levinthal. Absorptive capacity: A new perspective on
learning and innovation. Administrative science quarterly, 35(1):128–152, 1990.

[214] Mark S Davis, Michelle Riske-Morris, and Sebastian R Diaz. Causal factors implicated
in research misconduct: Evidence from ori case files. Science and engineering ethics,
13(4):395–414, 2007.

[215] Arthur M Diamond Jr. What is a citation worth? Journal of Human Resources, pages
200–215, 1986.

[216] Joseph A DiMasi, Henry G Grabowski, and Ronald W Hansen. Innovation in the phar-
maceutical industry: new estimates of r&d costs. Journal of health economics, 47:20–33,
2016.

[217] Alfredo Di Tillio, Marco Ottaviani, and Peter Norman Sørensen. Strategic sample selec-
tion, working paper, 2017.

[218] Daniele Fanelli. How many scientists fabricate and falsify research? a systematic review
and meta-analysis of survey data. PloS one, 4(5):e5738, 2009.

[219] Daniele Fanelli. Do pressures to publish increase scientists’ bias? an empirical support
from us states data. PloS one, 5(4):e10271, 2010.

[220] Daniele Fanelli. Negative results are disappearing from most disciplines and countries.
Scientometrics, 90(3):891–904, 2012.

[221] Daniele Fanelli, Rodrigo Costas, and Vincent Larivière. Misconduct policies, academic
culture and career stage, not gender or pressures to publish, affect scientific integrity.
PloS one, 10(6):e0127556, 2015.

[222] Daniele Fanelli, Rodrigo Costas, and John PA Ioannidis. Meta-assessment of bias in
science. Proceedings of the National Academy of Sciences, 114(14):3714–3719, 2017.

[223] Daniele Fanelli. Opinion: Is science really facing a reproducibility crisis, and do we need
it to? Proceedings of the National Academy of Sciences, 115(11):2628–2631, 2018.

131



[224] Ferric C Fang, R Grant Steen, and Arturo Casadevall. Misconduct accounts for the
majority of retracted scientific publications. Proceedings of the National Academy of
Sciences, 109(42):17028–17033, 2012.

[225] David B Fogel. Factors associated with clinical trials that fail and opportunities for im-
proving the likelihood of success: a review. Contemporary clinical trials communications,
11:156–164, 2018.

[226] Benjamin Freedman. Equipoise and the ethics of clinical research. New England Journal
of Medicine,(th July), 317(3):141, 1987.

[227] Jeffrey L Furman, Kyle Jensen, and Fiona Murray. Governing knowledge in the scientific
community: Exploring the role of retractions in biomedicine. Research Policy, 41(2):276–
290, 2012.

[228] Nancy Gallini and Suzanne Scotchmer. Intellectual property: when is it the best incentive
system? Innovation policy and the economy, 2:51–77, 2002.

[229] Bernhard Glaeser. Researcher incentives and empirical methods. the foundations of
positive and normative economics, 2010.

[230] Brent Goldfarb and Andrew A King. Scientific apophenia in strategic management
research: Significance tests & mistaken inference. Strategic Management Journal,
37(1):167–176, 2016.

[231] David Robert Grimes, Chris T Bauch, and John PA Ioannidis. Modelling science trust-
worthiness under publish or perish pressure. Royal Society Open Science, 5(1):171511,
2018.

[232] Bronwyn Hall, Christian Helmers, Mark Rogers, and Vania Sena. The choice between
formal and informal intellectual property: a review. Journal of Economic Literature,
52(2):375–423, 2014.

[233] Carl Heneghan, Ben Goldacre, and Kamal R Mahtani. Why clinical trial outcomes fail to
translate into benefits for patients. Trials, 18(1):122, 2017.

[234] Emeric Henry. Strategic disclosure of research results: The cost of proving your honesty.
The Economic Journal, 119(539):1036–1064, 2009.

[235] Emeric Henry and Marco Ottaviani. Research and the approval process: the organization
of persuasion. American Economic Review, 109(3):911–55, 2019.

[236] Commonwealth of Massachusetts, Office of the Secretary of State (continued as pub-
lished by the Massachusetts Department of Public Health). Annual report on the vital
statistics of massachusetts, various years.

[237] Robert William Fogel. Economic growth, population theory, and physiology: the bearing
of long-term processes on the making of economic policy. The American Economic
Review, 84(3):369–395, 1994.

[238] Robert E Hall and Charles I Jones. The value of life and the rise in health spending. The
Quarterly Journal of Economics, 122(1):39–72, 2007.

132



[239] Samuel H Preston. American longevity: Past, present, and future. Technical report,
Center for Policy Research, Maxwell School, Syracuse University, 1996.

[240] U.S. Department of Health and Human Services. Historical national health expenditure
accounts. Technical report, 2018.

[241] John PA Ioannidis and Patrick MM Bossuyt. Waste, leaks, and failures in the biomarker
pipeline. Clinical chemistry, 63(5):963–972, 2017.

[242] Leslie K John, George Loewenstein, and Drazen Prelec. Measuring the prevalence of
questionable research practices with incentives for truth telling. Psychological science,
23(5):524–532, 2012.

[243] Josh Lerner and Ulrike Malmendier. Contractibility and the design of research agree-
ments. American Economic Review, 100(1):214–46, 2010.

[244] Stanley J Liebowitz and John P Palmer. Assessing the relative impacts of economics
journals. Journal of Economic Literature, 22(1):77–88, 1984.

[245] Christopher J Lortie and Andy R Dyer. Over-interpretation: avoiding the stigma of non-
significant results. Oikos, 87(1):183–184, 1999.

[246] Susan Feng Lu, Ginger Zhe Jin, Brian Uzzi, and Benjamin Jones. The retraction penalty:
Evidence from the web of science. Scientific reports, 3:3146, 2013.

[247] Gustavo Manso. Motivating innovation. The Journal of Finance, 66(5):1823–1860, 2011.

[248] L Martin, M Hutchens, C Hawkins, and A Radnov. How much do clinical trials cost?
Nature reviews. Drug discovery, 16(6):381, 2017.

[249] Paul R Milgrom. Good news and bad news: Representation theorems and applications.
The Bell Journal of Economics, pages 380–391, 1981.

[250] Paul Milgrom and John Roberts. Relying on the information of interested parties. The
RAND Journal of Economics, pages 18–32, 1986.

[251] Paul Milgrom. What the seller won’t tell you: Persuasion and disclosure in markets.
Journal of Economic Perspectives, 22(2):115–131, 2008.

[252] Thomas J Moore, Hanzhe Zhang, Gerard Anderson, and G Caleb Alexander. Estimated
costs of pivotal trials for novel therapeutic agents approved by the us food and drug
administration, 2015-2016. JAMA internal medicine, 178(11):1451–1457, 2018.

[253] Petra Moser. Patents and innovation: evidence from economic history. Journal of Eco-
nomic Perspectives, 27(1):23–44, 2013.

[254] Marcus R Munafò, Brian A Nosek, Dorothy VM Bishop, Katherine S Button, Christo-
pher D Chambers, Nathalie Percie Du Sert, Uri Simonsohn, Eric-Jan Wagenmakers,
Jennifer J Ware, and John PA Ioannidis. A manifesto for reproducible science. Nature
human behaviour, 1(1):0021, 2017.

[255] Fiona Murray. The oncomouse that roared: Hybrid exchange strategies as a source of
distinction at the boundary of overlapping institutions. American Journal of sociology,
116(2):341–388, 2010.

133



[256] Sarah Necker. Scientific misbehavior in economics. Research Policy, 43(10):1747–1759,
2014.

[257] Richard R Nelson. The simple economics of basic scientific research. Journal of political
economy, 67(3):297–306, 1959.

[258] Gideon Parchomovsky. Publish or perish. Mich. L. Rev., 98(4):926–952, 1999.

[259] Paul M Romer. Endogenous technological change. Journal of political Economy, 98(5,
Part 2):S71–S102, 1990.

[260] Nathan Rosenberg and Rosenberg Nathan. Inside the black box: technology and eco-
nomics. cambridge university press, 1982.

[261] Nathan Rosenberg. Why do firms do basic research (with their own money)? Research
Policy, 19(2):165–174, 1990.

[262] Bhaven Sampat and Heidi L Williams. How do patents affect follow-on innovation? evi-
dence from the human genome. American Economic Review, 109(1):203–36, 2019.

[263] Kenneth F Schulz. Subverting randomization in controlled trials. Jama, 274(18):1456–
1458, 1995.

[264] Suzanne Scotchmer. Standing on the shoulders of giants: cumulative research and the
patent law. Journal of economic perspectives, 5(1):29–41, 1991.

[265] Benjamin Speich, Belinda von Niederhäusern, Nadine Schur, Lars G Hemkens, Thomas
Fürst, Neera Bhatnagar, Reem Alturki, Arnav Agarwal, Benjamin Kasenda, Christiane
Pauli-Magnus, et al. Systematic review on costs and resource use of randomized clinical
trials shows a lack of transparent and comprehensive data. Journal of clinical epidemiol-
ogy, 96:1–11, 2018.

[266] Bernhard Statzner and Vincent H Resh. Negative changes in the scientific publica-
tion process in ecology: potential causes and consequences. Freshwater Biology,
55(12):2639–2653, 2010.

[267] Richard Van Noorden. Science publishing: The trouble with retractions. Nature News,
478(7367):26–28, 2011.

[268] Brian D Wright. The economics of invention incentives: Patents, prizes, and research
contracts. The American Economic Review, 73(4):691–707, 1983.

[269] Writing Group for the Women’s Health Initiative Investigators et al. Risks and benefits
of estrogen plus progestin in healthy postmenopausal women: principal results from the
women’s health initiative randomized controlled trial. Jama, 288(3):321–333, 2002.

[270] Youri Yordanov, Agnes Dechartres, Ignacio Atal, Viet-Thi Tran, Isabelle Boutron, Perrine
Crequit, and Philippe Ravaud. Avoidable waste of research related to outcome planning
and reporting in clinical trials. BMC medicine, 16(1):87, 2018.

[271] Audrey D Zhang, Jeremy Puthumana, Nicholas S Downing, Nilay D Shah, Harlan
Krumholz, and Joseph S Ross. Clinical trial evidence supporting fda approval of novel
therapeutic agents over three decades, 1995-2017: Cross-sectional analysis. medRxiv,
page 19007047, 2019.

134


	Abstract
	Contents
	List of Tables
	List of Figures
	Trends and Predictors of Biomedical Research Quality, 1990–2015: a Meta-Research Study
	Introduction
	Methods
	Results
	Discussion
	Conclusion

	Incentives for Bad Science: How Inadequate Methods Affect Experimental Results and Publication Outcomes of Randomized Controlled Trials
	Introduction
	Background
	Conceptual Framework
	Data
	Empirical Analysis
	Results
	Discussion and Conclusion

	Two Hundred Years of Health and Medical Care: the Importance of Medical Care for Life Expectancy Gains
	Introduction
	Health and Medical Care: 1800-2016
	How Central is Medical Care to Life Expectancy Gains?
	Are Additional Years of Life Expectancy Coming at Increasingly Higher Cost?
	Discussion and Conclusion

	Appendices
	List of Top 25 Universities in Clinical Medicine and Pharmacy (AWRU, 2007)
	List of Top Pharmaceutical Companies Used in this Study (by Revenue)
	Definition of the Variables Used in Chapter 2
	Data on Medical Spending and Employment
	Data on Water and Sewage in Massachusetts

	References

