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EXAMINING THE EVIDENCE

When Do Cause and Effect Matter for 
Health Actuaries?
By Tia Goss Sawhney and Bruce Pyenson

Health actuaries are increasingly being asked 
to opine on whether a particular health 
intervention improved health or saved 

money. Tough questions almost always follow:

• Are the observed results based on the right met-
rics (a very different question than whether the 
metrics were calculated correctly)?

• Did the intervention actually cause the observed 
results, or are they merely correlated? Or perhaps 
positive results happened but, for some reason, 
did not appear in the data?

• Do the results make sense?

Actuaries who are charged with figuring out if inter-
ventions improve health or save money are stepping 
into territory where causality rules. Because cor-
relation methods work so well for so much actuarial 
work, actuaries may not recognize situations where 
relying only on correlation will get them into trouble. 

Fun examples of spurious correlations can be found 
on a popular website,1 but the genre long predates 
the Internet. Statisticians have been warning us 
against assuming causality for a long time. A widely 
referenced paper from 1926 has a chart “proving” 

that fewer marriages in the Church of England 
caused a decline in the death rate.2 

And the comedy continues. When a 2013 study by 
the German Institute for the Study of Labor found 
that more sexual activity was associated with higher 
wages,3 the popular media coverage enthusiastically 
assumed causality. While The Washington Post cov-
erage acknowledged that only correlation may be at 
play,4 the science section of Cosmopolitan declared 
that “regrettable one-night-stands are actually help-
ing us save for our European vacays.”5 Perhaps 
comedians, more than statisticians, are our best 
defense against such hubris. 

Health actuaries often don’t pay attention to cause 
and effect, and mostly they don’t need to. For 
example, historically high medical costs in a region 
can “cause” high premium rates for policies in that 
region. The people buying insurance in that region 
might be sicker (in dimensions not fully reflected 
in risk adjustment) or the providers might be less 
efficient. An insurer can be successful in that region 
without the actuary ever figuring out the reasons for 
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the high costs. And when it comes to agreements 
with providers or vendors that the actuary must 
evaluate, contract terms become reality—a contract 
could define success using metrics such as claims 
processing times or member satisfaction. In this 
case, the actuary’s job is doing the calculation right, 
as is (hopefully) clearly defined in the contract. 

Causality, however, is essential for some tasks 
assigned to health actuaries; for example, evaluat-
ing the potential or historical savings generated by 
small or large health care interventions. These eval-
uation studies often involve changing health care 
delivery, not necessarily health benefits or health 
insurance. An actuary may be asked to evaluate the 
claims of vendors selling “solutions” to health care 
costs. Such vendors seem to bring a simple proposi-
tion of “buy my product (or service, device, drug, 
IT system, network, etc.) and your company will 
spend less on health care.” Vendors may promise 
to improve the health of the insurer’s members 
(for example, disease management companies), or 
they may claim to help members avoid expensive 
services (for example, hospital discharge planning 
services). On a grander scale, health actuaries are 
asked to evaluate if big system changes in Medicaid 
and Medicare health care delivery and payment 
(such as the promulgation of patient-centered medi-
cal homes) have generated savings,6 or if they are 
likely to do so. 

What’s an Actuary to Do? 
Big system changes can draw media attention and 
often involve a lot of money. Should actuaries leave 
the evaluation of such programs to economists? We 
feel that actuaries with experience in payment sys-
tems, delivery systems and populations can take on 
the challenges of such evaluations, but they need to 
pay careful attention to causality. 

Suppose an actuary is charged with figuring out if 
a program that managed “high-risk members” did 
indeed save money. The actuary might try to answer 
some of these questions:

1. Was the per capita cost trend for the popula-
tion lower than budgeted? 

2. Was the per capita cost trend for the man-

aged members lower than the trend for the 
nonmanaged members?

3. Did hospitalizations go down for the man-
aged members? Relative to nonmanaged 
members?

4. Did costs go down for managed members? 
Relative to nonmanaged members?

Despite the appeal of a narrow quantitative 
approach, focusing exclusively on answering these 
and similar questions can easily produce flawed 
results.7

Doing It Right
A good program evaluation study builds qualitative 
and quantitative evidence for causality while ruling 
out or quantifying the impact of other causes of 
the same outcome. It also looks for special circum-
stances that might be affecting results. 

Causality can seem like peeling an onion—there is 
always another layer, and by the end you want to 
cry. For example, cigarettes cause lung cancer, but 
how? The tobacco industry unscrupulously used 
the “lack of absolute proof” to continue to promote 
highly addictive carcinogens for decades after there 
was overwhelming observational evidence prov-
ing tobacco’s harms.8 As painful and unnecessarily 
long as the cigarettes and lung cancer debate was, 
extended debate regarding causality is normative. A 
single study or even group of studies seldom proves 
causality to everyone’s satisfaction. Furthermore, 
evaluators who acknowledge the limitations of their 
study have more credibility among those concerned 
with causation than those who don’t.

Fortunately, health actuaries considering causal-
ity can find useful and accessible guidance in the 
epidemiology literature. For more than 100 years, 
public health professionals, particularly epidemiol-
ogists, have been very much concerned with estab-
lishing the direct and indirect causes of disease and 
health, and evaluating the effectiveness of public 
health interventions. Epidemiology can help actuar-
ies avoid some obvious pitfalls, and help actuaries 
find out how others have tackled similar problems. 
Ideally, actuarial analyses that involve causation 
layer the actuaries’ expertise in payer systems and 
costs upon a solid epidemiologic framework. 
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Fifty years ago, epidemiologist Bradford Hill pro-
posed a framework for considering causation that 
is particularly applicable to health actuaries in the 
form of nine causality criteria.9 These criteria are 
presented much like Actuarial Standards of Practice 
(ASOPs)—a list of issues that need to be seriously 
considered, not all of which are applicable all the 
time. The criteria are:

1. Strong Associations. The lung cancer rate 
among cigarette smokers was much higher 
than among nonsmokers. While strong asso-
ciations are more indicative of causality, 
less strong associations can also be causal; 
for example, uncommon infectious diseases 
among people who are unusually vulnerable 
which may be hard to measure due to low 
sample size, not nonexistent causality. 

2. Consistency. Associations that are repli-
cated over time and populations are more 
likely to be causal. Good outcomes from a 
program in Hartford have more credibility 
if the program also works in San Diego and 
Birmingham.

3. Specificity. Single types of interventions or 
exposures (e.g., exposure to one chemical) 
and single types of outcomes (e.g., one type 
of cancer) make for stronger causal argu-
ments. On the other hand, it is well known 
that some risk exposures (e.g., obesity) are 
linked to many types of illness. 

4. Temporality. The intervention or exposure 
must occur before the outcome. Sometimes 
temporality is challenging; for example, in 
order to demonstrate that smoking causes 
lung cancer, it is not sufficient to show that 
more smokers die from lung cancer as they 
may have had the cancer before they started 
smoking. However, prior to lung cancer 
screening, there was no way to know when 
the cancer first appeared. This scenario is 
particularly relevant for potential evalua-
tions of the negative effects of marijuana as 
marijuana is being used for a host of thera-
peutic uses, including symptom manage-
ment for the terminally ill. 

5. Biological gradient, also known as the 
dose-response relationship. A smoking ces-

sation program that reaches 50 percent of 
smokers should have more impact on the 
population of smokers than one that reaches 1 
percent of smokers. 

6. Plausibility. If a relationship is believable 
according to current health theory, causal-
ity should be considered; absent supporting 
theory, causality should be questioned. That 
said, we are always limited by current knowl-
edge, and the history of medicine is filled 
with practical revolutions that became under-
standable only years later. Polluted water 
was recognized as a cause of disease before 
germ theory. The process of constructing 
a theoretical model can help identify other 
variables (confounders) that may be in play. 
For example, while it is hard to construct a 
direct causal connection between compliance 
with cholesterol drugs and safer driving, it is 
not difficult to construct a causative model 
where an individual’s tendency to comply 
with expectations and rules impacts both drug 
compliance and driving safety.10 

7. Coherence. The idea that obesity can cause 
diabetes coheres with the historical increase 
in both obesity and diabetes prevalence. 
Widespread efforts to reduce hospital length 
of stay cohere with the observed reduction in 
length of stay.

8. Experiment. Experimentation, when pos-
sible, bolsters the evidence for causation. 
Because confounding variables and the inter-
vention itself are better controlled, evidence 
from experimentation, especially random-
ized controlled trials, can be particularly 
strong. When randomized controlled trials 
are not possible, ethical or practical, how-
ever, we must rely on less-than-controlled 
and even “natural experiments.” Sometimes 
natural experiments are advantageous, as the 
causality observed in randomized controlled 
trials may depend on conditions not generally 
found in the real world. 

9. Analogy. The epidemiological evidence 
against cigarettes was overwhelming before 
the 1960s. Studies on pipe smoking excluding 
cigarettes were relatively rare, making popu-
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lation studies of the harms of pipe smoking 
more difficult. However, the analogy to ciga-
rettes was powerful evidence of causality.11

While these criteria seem intuitive, considering 
them requires considerable investigation and typi-
cally far more comprehensive analysis than what 
would be needed to demonstrate correlation. The 
successful investigator thinks big, starts with a 
survey of existing literature and potential theo-
retical models, follows with a careful analysis, and 
conclusion. 

An overly narrow application of the Bradford Hill 
criteria can cause mistakes (as is the case with the 
ASOPs). Neither the Hill criteria nor the ASOPs 
should be viewed as prescriptive.12 Suppose an 
intervention should specifically reduce inpatient 
hospital costs for a particular population, for exam-
ple, an emergency room diversion program. An 
actuary may seem to pay homage to the specificity 
criteria by examining only inpatient costs. But this 
could miss a scenario where costs decreased across 
all services. Such a decline may imply other plan 
changes or simple regression to the mean caused 
the inpatient decline.

The many forces that affect health care costs make 
the temporality criteria particularly challenging. 
An intervention that happens over one year, such 
as a healthy diet campaign for diabetics, may be 
associated with a cost reduction the following year. 
However, if costs were already decreasing before 
the intervention or if nondiabetics experienced 
a similar cost decrease, the apparent causality 
between the intervention and the cost reduction 
might be illusory. 

Selection (adverse or positive) and regression to the 
mean are common challenges in causality analyses, 
and they may be subtle. For example, a population 
composed of enrollees who had at least one claim 
in the last year is a select population. In the fol-
lowing year, this population will regress toward 
the mean of having some people without a claim 
and hence without cost. Likewise, a population of 
people who are alive at the end of a year is a select 
population. Over the next year some portion of the 
selected population will likely die and have end-of-

life costs. We note that patient attribution methods 
widely used in accountable care organization shared 
savings programs are often affected by these kinds 
of selections, and so determining causality among 
attributed populations can be particularly challeng-
ing. 

Actuarial Standards and 
Causality
Causality is rarely mentioned in the actu-
arial literature. Some of the mentions actually 
de-emphasize causality. For example, ASOP 12 
“Risk Classification”13 and the Academy’s “Risk 
Classification Statement of Principles” explicitly 
make the point that risk classification systems do not 
need to be tied to causality.14 

The actuary who steps into the world of causality 
must recognize the need to look outside the ASOPs 
to do competent work. The growth of provider risk 
sharing and accountable care organizations means 
actuaries will be increasingly involved in health 
care delivery and system changes—an environment 
where many professionals think about causality. 
Perhaps it’s time to make sure actuaries can rec-
ognize and address cause-and-effect situations. We 
hope actuaries called upon to perform evaluation 
studies will thoughtfully engage in building solid 
evidence for or against causality and will not be 
satisfied with simply reporting correlation, hinting 
at causality, or warning about potential selection 
bias. With this in mind, actuaries can be satisfied by 
giving safer advice than the authors of Cosmo.    

Our initial Web searches 
for “actuarial” and “cau-
sality” yielded thousands 
of hits. On inspection, 
these were almost all 
related to “causality 
insurance” and similar 
mis-entries. Perhaps 
today’s explosion of data 
requires adding a 10th 
criterion to Bradford Hill’s 
nine: “Humor. Computer 
systems can create sys-
tematic biases that have 
strong associations, are 
plausible, appear coher-
ent, and are wonderfully 
misleading. Researchers 
should know when to 
enjoy a good laugh.” 
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