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Summary
There is increasing concern that most
current published research findings are
false. The probability that a research claim
is true may depend on study power and
bias, the number of other studies on the
same question, and, importantly, the ratio
of true to no relationships among the
relationships probed in each scientific
field. In this framework, a research finding
is less likely to be true when the studies
conducted in a field are smaller; when
effect sizes are smaller; when there is a
greater number and lesser preselection
of tested relationships; where there is
greater flexibility in designs, definitions,
outcomes, and analytical modes; when
there is greater financial and other
interest and prejudice; and when more
teams are involved in a scientific field
in chase of statistical significance.
Simulations show that for most study
designs and settings, it is more likely for
a research claim to be false than true.
Moreover, for many current scientific
fields, claimed research findings may
often be simply accurate measures of the
prevailing bias. In this essay, I discuss the
implications of these problems for the
conduct and interpretation of research.

P

ublished research findings are
sometimes refuted by subsequent
evidence, with ensuing confusion
and disappointment. Refutation and
controversy is seen across the range of
research designs, from clinical trials
and traditional epidemiological studies
[1–3] to the most modern molecular
research [4,5]. There is increasing
concern that in modern research, false
findings may be the majority or even
the vast majority of published research
claims [6–8]. However, this should
not be surprising. It can be proven
that most claimed research findings
are false. Here I will examine the key
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factors that influence this problem and
some corollaries thereof.

Modeling the Framework for False
Positive Findings
Several methodologists have
pointed out [9–11] that the high
rate of nonreplication (lack of
confirmation) of research discoveries
is a consequence of the convenient,
yet ill-founded strategy of claiming
conclusive research findings solely on
the basis of a single study assessed by
formal statistical significance, typically
for a p-value less than 0.05. Research
is not most appropriately represented
and summarized by p-values, but,
unfortunately, there is a widespread
notion that medical research articles

It can be proven that
most claimed research
findings are false.
should be interpreted based only on
p-values. Research findings are defined
here as any relationship reaching
formal statistical significance, e.g.,
effective interventions, informative
predictors, risk factors, or associations.
“Negative” research is also very useful.
“Negative” is actually a misnomer, and
the misinterpretation is widespread.
However, here we will target
relationships that investigators claim
exist, rather than null findings.
As has been shown previously, the
probability that a research finding
is indeed true depends on the prior
probability of it being true (before
doing the study), the statistical power
of the study, and the level of statistical
significance [10,11]. Consider a 2 × 2
table in which research findings are
compared against the gold standard
of true relationships in a scientific
field. In a research field both true and
false hypotheses can be made about
the presence of relationships. Let R
be the ratio of the number of “true
relationships” to “no relationships”
among those tested in the field. R
0696

is characteristic of the field and can
vary a lot depending on whether the
field targets highly likely relationships
or searches for only one or a few
true relationships among thousands
and millions of hypotheses that may
be postulated. Let us also consider,
for computational simplicity,
circumscribed fields where either there
is only one true relationship (among
many that can be hypothesized) or
the power is similar to find any of the
several existing true relationships. The
pre-study probability of a relationship
being true is R⁄(R + 1). The probability
of a study finding a true relationship
reflects the power 1 − β (one minus
the Type II error rate). The probability
of claiming a relationship when none
truly exists reflects the Type I error
rate, α. Assuming that c relationships
are being probed in the field, the
expected values of the 2 × 2 table are
given in Table 1. After a research
finding has been claimed based on
achieving formal statistical significance,
the post-study probability that it is true
is the positive predictive value, PPV.
The PPV is also the complementary
probability of what Wacholder et al.
have called the false positive report
probability [10]. According to the 2
× 2 table, one gets PPV = (1 − β)R⁄(R
− βR + α). A research finding is thus
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Machine Learning: Big Picture

Machine learning aims to
I

“smooth” over the data

I

make fewer assumptions

Machine Learning: Options

I

Recent health studies have employed newer algorithms.
(any mapping from data to a predictor)
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I

Researchers are then left with questions, e.g.,
I

“When should I use random forest instead of standard regression
techniques?”
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I

Recent health studies have employed newer algorithms.

I

Researchers are then left with questions, e.g.,
I

“When should I use random forest instead of standard regression
techniques?”

Machine Learning: Ensembles
I

Ensembling methods allow implementation of multiple algorithms.

I

Do not need to decide beforehand which single technique to use; can
use several by incorporating cross-validation.
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Machine Learning: Ensembles
Build algorithm collection consisting of all weighted averages of algorithms.
A weighted average might perform better than one of the algorithms alone.
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Risk Adjustment in Plan Payment
Over 50 million people in the United States currently enrolled in an
insurance program that uses risk adjustment.
I

Redistributes funds
based on health

I

Encourages
competition based on
efficiency & quality

I

Huge financial
implications
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Risk Adjustment in Plan Payment = Frozen
E [$ | X ] = α0 + α1 X

Potentially $$$ oversight, where it
attempts to control for the impact of
consumers choosing health plans.

wpb.org

Figure 1: How Risk Scores are Influenced by Insurers
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Image: Geruso & Layton (2014)
Note: The flowchart illustrates how diagnosis codes originate and how insurers can influence the process that generates them. Insurer actions are towards the left of the figure in blue boxes. Provider actions, including those of the
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Abstract
Many hospitals in the 1990s many hospitals were accused of “upcoding” patient diagnostic related
groups (DRGs) to increase Medicare reimbursements. We find that between 1989 and 1996, the
percentage point share of the most generous DRG for pneumonia and respiratory infections rose
by 10 points among not-for-profit hospitals, 23 points among for-profit hospitals, and 37 points in
hospitals converting to for-profit status. Not-for-profit upcoding was also higher in markets with a
larger for-profit hospital share. Upcoding appears to reflect both risk-taking by administrators and
a closer alignment between the goals of the administration and the behavior of the clinical staff.
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MarketScan Database
I

Truven MarketScan database,
51M enrollees/year; Variables:
age, sex, region, procedures,
conditions, drugs, etc.

I

Enrollment and claims from private health plans and employers.

I

2010 data used to calibrate the federal risk adjustment system for the
Marketplaces beginning 2014

Risk Adjustment Algorithms: Results
Reduced set of 10 variables 92% as efficient as full versions (86 variables).

Rose (2016). Health Services Research.

Risk Adjustment Algorithms: Results
Mental Health and Substance Use Disorders (MHSUD)
Proportion female: 59%
(Proportion female in full population: 49%)
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Risk Adjustment Algorithms: Implications

Over 50 million people in the United States currently enrolled in an
insurance program that uses risk adjustment.
I

Simplified formulas

I

Separate MHSUD formula

I

Impact on aggressive diagnostic upcoding or fraud

Hypothetical Profit-Maximizing Health Insurer

I

Design plan to attract profitable
enrollees and deter unprofitable

I

Cannot (currently) discriminate
in Marketplaces based on
pre-existing conditions

May be able to use drug formulary to identify unprofitable enrollees

Hypothetical Profit-Maximizing Health Insurer

I

Raise/lower out of pocket costs
of drugs for some conditions

I

These distortions make it
difficult for unprofitable groups
to find acceptable coverage

Evidence this is happening in Marketplaces and Medicare Part D

MarketScan Database: Drug Variables
What is insurer’s incentive to distort coverage for particular drug classes?

Also:
I

195 therapeutic class indicators

I

31 therapeutic group indicators

Bergquist, Layton, Rose (2017). Biostatistics.

MarketScan Database: Unprofitability Measure
profits = revenues − costs
P =R −C

MarketScan Database: Unprofitability Measure
profits = revenues − costs
P =R −C
unprofitability = costs − premiums − risk adjustment transfers

MarketScan Database: Unprofitability Measure
profits = revenues − costs
P =R −C
unprofitability = costs − premiums − risk adjustment transfers
we can show that unprofitability (U) can be represented as:

U = C − C̄ × (risk score/risk score)

Bergquist, Layton, Rose (2017). Biostatistics.

Unprofitability: Variable Selector
I

Limit to ∼10 non-zero variables

I

Augment with therapeutic classes for HIV and multiple sclerosis drugs

Unprofitability: Results

Bergquist, Layton, Rose (2017). Biostatistics.

Unprofitability: Implications
No regulations restricting drug formulary plan design
I

Health plan design on pre-existing conditions is (currently) highly
regulated in Health Insurance Marketplaces

I

Discrimination through the drug formulary could remove enrollees
from needed insurance and access to care

Evidence this is happening in Health Insurance Marketplaces and Medicare
I

Carey (2017), Medicare; Jacobs/Sommers (2015) in Marketplaces

I

Recent lawsuit asserts that major insurers in Health Insurance
Marketplaces designing drug coverage so that individuals with
HIV/AIDS will be less likely to enroll (see Gorenstein 2016)

Unprofitability: Implications
No regulations restricting drug formulary plan design

CancerCLAS.org

Staging in Claims Data

Staging in Claims Data

Linked SEER-Medicare Data
I

SEER cancer registry data linked with Medicare claims

I

Registry: diagnosis date, tumor characteristics

I

Claims: treatments, outcomes

I

2010-2011 diagnoses

I

claims through 2012

I

chemotherapy patients

Clinical Tree
Lung Cancer Algorithm: Clinical Tree.
? For each observation i § :
? if no lung cancer-specific chemotherapy, then early stage;
? else if advanced non-small cell lung cancer chemotherapy†
or stereotactic cranial radiation† , then late stage;
? else if lung resection surgery‡ , then early stage;
? else if radiationk , then early stage;
? else if small-cell chemotherapy agents/platinums only† , then late stage;
? else if targeted agents† , then late stage;
? else late stage.
§

who received any chemotherapy within 6 mo. of diagnosis
within 3 months of initial lung cancer chemotherapy
‡
resection in 3 mo. before initial lung cancer chemotherapy
k
20+ beginning not more than 7 days before initial lung chemotherapy
†

Brooks, Landrum, Keating. (2017)

Machine Learning Classification Tool

Bergquist et al. (2017), preprint available on CancerCLAS.org

Lung Cancer Staging Results

TargetedLearningBook.com

van der Laan & Rose, Targeted Learning: Causal Inference for
Observational and Experimental Data. New York: Springer, 2011.
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