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Fpidemiology in Clinical Settings

Clinical epidemiology focuses the application of epidemiologic principles on
questions that relate to diagnosis, prognosis, and therapy. It also encompasses
screening and other aspects of preventive medicine at both the population and
the individual level. Therapeutic thinking has been greatly affected by advances
in pharmacoepidemiology, an area that has extended the reach of epidemiologic
research from the study of drug benefits to that of adverse effects and has led to
the burgeoning fields of outcomes research and comparative effectiveness. Outcomes
research marries epidemiologic methods with clinical decision theory to deter-
mine which therapeutic approaches are the most cost-effective, whereas compara-
tive effectiveness aims to evaluate the effect of different interventions against one
another in a variety of settings.

DIAGNOSIS

Assigning a diagnosis is both crucial and subtle. To a large extent, the process of
diagnosis may appear to involve intuition, conviction, and guesswork, processes
that are opaque to quantification and analysis. Nevertheless, formal approaches
to understanding and refining the steps in assigning a diagnosis have helped to
dlarify the thinking and solidify the foundation for diagnostic decision making.
The basis for formulating a diagnosis comprises the data from signs, symptoms,
and diagnostic test results that distinguish those with a specific disease from those
Who do not have that disease. ]

The Gold Standard

Diagnosis cannot be a perfect process. Rarely does any sign or symptom, or any
tem, distinguish completely between those with and those with-
Often a diagnosis is considered established when a specific com-
ns and symptoms that has been posed as the criterion for disease
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Fpidemiology in Clinical Settings

Clinical epidemiology focuses the application of epidemiologic principles on
questions that relate to diagnosis, prognosis, and therapy. It also encompasses
screening and other aspects of preventive medicine at both the population and
the individual level. Therapeutic thinking has been greatly affected by advances
in pharmacoepidemiology, an area that has extended the reach of epidemiologic
research from the study of drug benefits to that of adverse effects and has led to
the burgeoning fields of oufcomes research and comparative effectiveness. Outcomes
research marries epidemiologic methods with clinical decision theory to deter-
mine which therapeutic approaches are the most cost-effective, whereas compara-
tive effectiveness aims to evaluate the effect of different interventions against one
another in a variety of settings.

DIAGNOSIS

Assigning a diagnosis is both crucial and subtle. To a large extent, the process of
diagnosis may appear to involve intuition, conviction, and guesswork, processes
that are opaque to quantification and analysis. Nevertheless, formal approaches
o understanding and refining the steps in assigning a diagnosis have helped to
dlarify the thinking and solidify the foundation for diagnostic decision making.
The basis for formulating a diagnosis comprises the data from signs, symptoms,

and diagnostic test results that distinguish those with a specific disease from those
who do not have that disease.

The Gold Standard

?;:lg;i:;ocr?tl}ithbe a.[.?fel.'fect‘proccss. Rarely does any sign or symptom, or any
0t 2 disease O&em,' d“‘A““S““.‘}I anplgtety between. those with and thc??e with-
e ¢ + Vften a diagnosis is considered established when a spe.mhc com-
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is present. A diagnosis meeting this standard may be “definitive” but only in ¢
circular sense, that is, by definition. Another way that a definitive diagnosis can b
reached is by expert judgment, often by consensus; but once again this approach
makes a diagnosis definitive only by definition. No approach is perfect, and two
different approaches to the same disease will not necessarily lead to the fie
classification for every patient. Nevertheless, even if it is arbitrary, we need to
have some definition of disease to use as a “gold standard” by which to judge the
findings from individual signs and symptoms or screening tests,

Sensitivity and Specificity

For years, the diagnosis of tuberculosis (TB) has rested on detection of the
Mycobacterium tuberculosis organism from smears of acid-fast bacilli and from
culture, but this method requires 10,000 bacteria/mL and does not distinguish
among various mycobacteria. Catanzaro et al.' investigated how well an acid-fist
smear predicted the diagnosis of clinical TB among patients who were suspected
to have active pulmonary TB solely on the basis of clinical judgment. The diag-
nosis of TB was established by an expert panel of three judges, who used culture
information and clinical information according to specific guidelines to classify
patients into those who had and those who did not have TB. The distribution by
diagnosis and by outcome of the acid-fast smear results is given in Table 13-1.
A total of 338 patients with suspected active pulmonary TB were studied.
Of these, 72 (21%) were diagnosed as having it. Among these 72 TB patients,
43 (60%) had a positive smear. This proportion is known as the sensitivity of
the smear. The sensitivity of a test, sign, or symptom is defined as the propor-
tion of people with the disease who also have a positive result for the test, sign,
or symptom. If everyone who has the disease has a given sign or symptom, the
sensitivity of that sign or symptom is 100%. It is easy to find signs or symptoms
that have high sensitivities. For example, in diagnosing headache, we might note
that all patients have heads, making the sensitivity of having a head 100%. Having
a head would have a low specificity, however. The specificity of a test, sign, or
symptom is the proportion of people among those who do not have the disease

Table 13-1 DisTRIBUTION OF PATIENTS WITH SUSPECTED ACTIVE
PuLMONARY TUBERCULOSIS, BY DIAGNOSIS AND BY RESULTS OF
AciD-Fast BaciLLus SMEAR TESTING

Tuberculosis
Smear Present Absent Total
Positive 43 22 65
Negative 29 244 273

Total 72 266 338

it 3 43
Sensitivity of smear = o =60% Predictive Value Positive of smear = E = 66%

(e 244 -
Specificity of smear = Fale 92% Predictive Value Negative of smear = m i
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; t, sign, or symptom. The specificity of the acid-fast smear
who haveda ::g;::ed:et: L g';*‘able 1Y3_I;’ was 244/266 (92%). The specificity of
t.*:stf bmhead in diagnosing a headache would be zero, because everyone has a
having ’ﬂi most useful tests, signs, or symptoms for diagnosing a disease are those
he'ad. ; high sensitivity and high specificity. A test with 100% sensitivity and
with bot cificity would be positive for everyone with disease and negative for
100% :};ewhout disease. Almost all tests, however, fall short of providing perfect
:;:r:ﬁon of those with and without disease. ; .

Tests, signs, and symptoms can be used in combination to improve either 'the
sensjﬁvi,ty or the specificity. Suppose test A had a sensitivity of 80% and a speaﬁc
ity of 90% by itself, and test B also had a sensitivity of 80% and a spf:cxﬁary of
90%, If we used the two tests in combination to indicate disease, we might postu-
|ate that a positive result on both tests would be required to indicate the presence
of disease. If the tests results were independent of each other, then 0.8 X 0.8 = 0.64
of all patients with disease would test positive on both, making the sensitivity of
the combination 64%, worse than the sensitivity of either test alone. On the other
hand, the specificity would improve, because those who are negative for the com-
bination of tests would include all those who tested negative on either test. In this
eample, 90% of those without disease would test negative on the first test, and
among the 10% who did not, 90% would test negative on the second test, making
the specificity of the combination 0.9 + (0.1 x 0.9) = 99%. Therefore, requiring a
posiive result from two tests increases the specificity but decreases the sensitivity.

The reverse occurs if a positive result on either test is taken to indicate the
presence of disease. For the example given, 80% of those with disease would test
positive on the first test, and of the remaining 20%, 80% would test positive on
the second test, making the sensitivity 0.8 + (0.2 X 0.8) = 96%. The price paid to
obtain a higher sensitivity is a lower specificity, which would be the proportion of
those without disease who test negative on both tests, 0.9 x 0.9 = 81%.

This discussion assumes that the test results are independent, which is rarely the
cse. Nevertheless, the principle always applies that combinations of tests, signs, and
symptoms can be used to increase either the sensitivity or the specificity—one at
the cost of the other—depending on how a positive outcome for the combination
of tests is defined. This principle is used to detect cervical cancer by a Papanicolaou
smear, which has a high sensitivity but a lower specificity. As a result, a Pap smear
il detect almost all cervical cancers but has a high proportion of false-positive
reults. By requiring a sequence of positive Pap smears before taking further diag-
nostic action, however, it is possible to improve the specificity of the smear (ie,
reduce the false-positive results) without compromising by much the already high
sensitivity. In recent years there has been improvement on the approach of repeated
Mears: now, a single cervical smear can be simultaneously tested for the DNA of
human papilloma virus, another risk factor for cervical cancer, to improve the sen-
Stity of a single screen rather than having to rely on repeated Pap testing.*

fidentiology in Clin

Predictive Value

Seasitivity and specifici

b - ty describe the characteristics of a test, sign, or symptom
Iectly classifying those who have or do not have a disease. Predictive value is
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a2 measure of the usefulness of a test, sign, or symptom in classifying people with
Jisease. It can be calculated from the same basic data from which we calculate
sensitivity and specificity. Consider the TB example in Table 13-1. We can use
these data to calculate the predictive value of a positive smear. Among the 65
people with a positive smear, 43 had TB. Therefore, a positive smear correctly
indicated the presence of TB in 43/65 (66%) of people who were tested. This
proportion is referred to as the predictive value positive, or the predictive value
of a positive test, usually abbreviated as PV+. We can also measure the predic-
tive value negative, or the predictive value of a negative test, which is abbreviated
PV-. In the same data, of the 273 who had a negative smear, 244 did not have
TB, making the predictive value negative of the smear 244/273 (89%).

Sensitivity and specificity should theoretically be constant properties of a test,
regardless of the population that is being tested, but in practice they can vary
with the mix of patients. In contrast, predictive value varies even theoretically
from one population to another, because it is highly dependent on the prevalence
of disease in the population being tested. We can illustrate the dependence of
predictive value on the prevalence of disease by examining what would result if
we added to the population described in Table 13-1 500 people who did not
have TB. The effect is similar to the change one would find in moving from
a clinic serving a population in which TB was common to a clinic serving a
population in which TB was less common. The augmented data are displayed in
Table 13-2.

Let us assume that the sensitivity and specificity of the test remain the same.
We still have 72 people with TB, of whom 43 have a positive smear. We now
have 766 people without TB, which includes the original 266 plus 500 additional
people who do not have TB. We have assumed that the specificity of the test
remains the same, 92%, which means that 703 of the 766 patients without TB
will have a negative smear. The PV+ and PV~ are considerably different in this
second population, however. The PV+ is 43/106 = 41%, much less than the PV+
of 66% for the population in Table 13-1. As the prevalence of disease decreases,
the predictive value of a positive test will decrease as well. At the same time, the
PV- has changed from 89% in the original data to 703/732 = 96% in the aug:
mented data. As the prevalence of the disease decreases, the PV+ decreases but
the PV- increases.

Table 13-2 Resurts FrROM TABLE 13-1 AUGMENTED WITH DATA FROM
500 AppiTioNAL PEOPLE WITHOUT TUBERCULOSIS

Tuberculosis
Smear Present Absent Total
Positive 43 63 106
Negative 29 703 732
Total 72 766 838
e 43 43l
Sensitivity of smear = = =60% Predictive Value Positive of smear = e =41%
/
S 703 703
Specificity of smear = — = 92% Predictive Value Negative of smear = 720 = 96%
766 732
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These changes in predictive value with changes in prevalence should not be too
arprising, 1f we tested a population in which no one had disease, there would still
;:Eume false-positive test results. The predictive value of a positive test in such a
opulation would be zero, because no one in that population actually had the dis-
ase, On the other hand, the predictive value of a negative test would be perfect
(100%). Taking the other extreme, if everyone in a population had the disease,
then the PV+ would be 100% and the PV~ would be zero. Changes in predic-
tive value with prevalence of disease have implications for the use of diagnostic
and screening tests. Tests that have reasonably good PV+ in a clinic population
of patients presenting with symptoms may have little PV+ in an asymptomatic
opulation being screened for disease. For this reason, it may not make sense to
convert diagnostic tests into screening tests that would be applied to populations
yith a low prevalence of disease.

Screening

The premise of screening for disease is that for many diseases early detection
improves the prognosis. Otherwise, there would be no point to screening, because
itis expensive both in monetary terms and in terms of the burden it places on
the screened population. To be suitable for screening, a disease must be detect-
dle during a preclinical phase by some test, and early treatment must convey a
benefit over later treatment (ie, the treatment that would occur after the disease
comes to attention without screening).® Furthermore, the benefit that early treat-
ment conveys should outweigh the overall costs of the screening. These costs are
mote than just the expense of administering the screening test to a healthy popu-
lation. Screening will result in some false-positive tests, saddling those who have
the false result with the mistaken prospect of facing a disease that they do not
have. Furthermore, a false-positive test usually leads to further tests and some-
fimes even to treatments that are unnecessary and risky. Another cost comes from
filse-negative results, which provide false reassurance about the absence of dis-
e Even for those whom the screening test labels correctly with disease, there
isa psychological cost that comes from being labeled earlier in the natural history
::::sm would l'::aevefot:ctc;rred without screening. Weigh'mg against this
assuran ose who do not have the disease that comes
from having tested negative.
m;';}ymenmglon rect:m succeed, the disease being screened for should have a rea-
i lngi PH = cal phase s0 that- the prevalence of people in this preclinical
e - predlm_ . cal phase is short and people who develop the disease
- _Pﬂfsthr;:gli;:mto achmcal. phase, there is little point to screening. In
Pﬂwhhon?mn’wﬂl prevalence of the preclinical phase of the disease in the
produce a low PV+ for the screening test.

LEAD-TiMe Bias
micmm::h%ﬁmmedxeoédi@m:bracﬁwm,i!mbem
islunﬂymm” Suppose the disease is cancer. The success of treating cancer
““Mm- by the sarvival time after dagnosis or the time to recurrence.
ud'm»mﬂﬂﬁﬁn‘fmr!mttﬂmwm

; _____*' o . _
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time or longer time until recurrence. After screening, however, survival time and
time to recurrence will increase even if the screening and earlier treatment do no
good. The reason is that the time of diagnosis is moved ahead by screening, so
;hat the diagnosis is registered earlier in the natural history of the disease process
than it would have been without screening. The difference in time between the
date of diagnosis with screening and the date of diagnosis without screening is
called the lead time. Lead time should not be counted as part of the survival
time after disease diagnosis, because it does not represent any real benefit. If it
is counted, it will erroneously inflate the survival time, a problem known as lead-
time bias. Lead time can be estimated by comparing the course of disease among
a screened population with the course of disease among a similar population that

has not been screened.

PROGNOSTIC SELECTION Bias

In addition to lead-time bias, another difficulty in evaluating the success of a
screening effort is bias that comes from self-selection of subjects who decide to
be screened. This bias is called prognostic selection bias. Because screening pro-
grams are voluntary, those who volunteer to get screened will differ in many ways
from those who refuse to be screened. Volunteers are likely to be more interested
in their health, to be more eager to take actions that improve their health, and
to have a more favorable clinical course even in the absence of a benefit from
screening. One way to avoid this bias, as well as lead-time bias and the effect
of length-biased sampling (see next section), is to evaluate the screening test or
program in a randomized trial. In nonexperimental studies, however, these biases
are important issues that must be taken into account to obtain a valid assessment
of screening efficacy.

LENGTH-BIASED SAMPLING

Another difficulty in measuring the effect of screening comes from length-biased
sampling, which results from natural variability in the progression rate of disease.
To simplify the issue, suppose that breast cancer comes in two types, fast-
progressing and slow-progressing. Those with fast-progressing breast cancer have
the worse prognosis; their disease goes quickly through the preclinical phase into
a clinical phase and spreads rapidly, leading to an early demise for many patients.
Slow-progressing breast cancer is more benign, taking many more months or years
to progress through the preclinical phase into a clinical phase that also is char-
acterized by slow progression. Women with slow-progressing breast cancer have
a better prognosis, even without treatment, although they are also more likely to
benefit from treatment.

Let us assume that an equal number of cases of slow-progressing and fast-
progressing breast cancer occur in a population. Despite the equal incidence, the
prevalence of slow-progressing cases would be greater, because prevalence reflects
duration as well as incidence. Thus, more individuals with slow-progressing breast
cancer will be in the preclinical phase of disease, because each case takes longer
to pass through that stage of the disease process. A screening program, there-
fore, would tend to identify more slow-progressing cases than fast-progressing
cases. Even if early identification and treatment of breast cancer had no effect on
the disease, cases identified in a screening program would tend to have a better
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average of all cases because of length-biased sampling: the
favor identification of slow-progressing cases, which have a

Epidemi
prognosis than the
sereening tends to
better ngnosw.

PROGNOSIS

osis is a qualitative or quantitative prediction of the outco_rnc of an i'llness.
Pr?f}fjld «crition of the prognosis involves not merely the duration of the illness
:ﬂd th:n' mi g of recovery or progression but .a.lso the nature of the il['ness as it
progresses along its clinical course. Epidemic?loglc‘ evaluation of prognosis focuses
speciﬁcally on the measurement in epidemiologic terms of_ senf)us s.equelae or
recovery. The most serious sequela is death, and much of epidemiologic prognos-

jication focuses on the occurrence of death among newly diagnosed or treated

atients. : §
P The simplest epidemiologic measure of prognosis is the case-fatality rate. Despite

the name, this measure is an incidence proportion rather than a true rate. It is
the proportion of people with newly diagnosed disease who die from the dis-
ease. Stictly speaking, the case-fatality rate should be measured over 2 fixed and
stated time period, such as 3 months or 12 months. Traditionally, however, the
measure has been used to describe the clinical course of acute infectious illnesses
that progress toward recovery or death within a short time. The time period
implicit in the measure is the period of active infection and its aftermath and is
ofien left unspecified. For example, we might describe typhoid fever as having a
asefatality rate of 0.01, paralytic poliomyelitis as having a case-fatality rate of
005, and Ebola disease as having a case-fatality rate of 0.75, with each disease
having its own characteristic time period during which the patient either dies or
recovers. Eventually, of course, all the patients with any disease will die from one
ause or another. The presumption of the case-fatality rate is that essentially all
of the deaths that occur promptly after disease onset are a consequence of the
disease.

For diseases with a long clinical course, it becomes more important to specify
the time period over which the case-fatality rate is measured. When it is measured
ove longer periods, the term case-fatality rate is often not even used. Instead, we
use terms such as S-year survival rate to refer to the proportion of patients surviv-
ing for § years after diagnosis. This is simply the complement of the proportion
tho die during the same period. Beyond a simple incidence proportion or sur-
Vl‘fal proportion, we can derive a survival curve, which gives the survival prob-
bty according to time since diagnosis. The survival curve conveys information
tbout the survival proportion for all time periods up to the limit of what has been
E:si:v;f;;hus Pl'}ﬁ:\'iding great'er. informati%m than any single survival proportion.
i metho:; 3‘: :d for ol?tatnlns a 51.1{'»'1\"11 curve is the Ita;‘vlan-;‘fiewf product-
oy Kapian.,M eiec is a variant of the life-table .lpPl’DJCh_ desc.rtbed in ChaPter 4.‘

r method recalculates the proportion of survivors at the time of

tich death in a cohort.5 )

The : :

u:Pmse‘iﬁmplement and close cousin to the survival curve is the curve that

e :3 ¢ cumulative proportion of patients who reach a specific end point.
-1 exemplifies a pair of such cumulative incidence curves. They




142 EPIDEMIOLOGY
0.20 4
Placebo,.

£ 0.15 1
kS Ramipril
d
© 0.10 4
S
5 A
a
o o
a 0.05 o

0.00 T : y

0 500 1000 1500

Days of Follow-up

Figure 13-1 Cumulative proportion of patients experiencing a myocardial infarction,
stroke, or death from cardiovascular causes, by treatment group. (Adapted with per-
mission from Heart Outcomes Prevention Evaluation Study Investigators. Effects of an
angiotensin-converting enzyme inhibitor, ramipril, on cardiovascular events in high-risk
patients. N Engl | Med. 2000;342:145-153, copyright © 2000, Massachusetts Medical
Society. All rights reserved.)

describe the results of a randomized trial that compared the effect of ramipril, an
angiotensin-converting enzyme inhibitor, with placebo in preventing the occur-
rence of myocardial infarction, stroke, or death in patients with certain cardio-
vascular risk factors.® In this example, the curves show the cumulative proportion
who experienced any of the end points over a 5-year follow-up period.

THERAPY

It has been said that it was not until the early 20th century that the average patient
visiting the average physician was likely to benefit from the encounter. The course
of illness today is often greatly affected by the choice of treatment options. The
large clinical research enterprise that evaluates new therapies is heavily dependent
on epidemiology. In fact, a large part of clinical research is clinical epidemiology.

Clinical Trials

The randomized clinical trial is the epidemiologic centerpiece of clinical epide-
miology. Although the clinical trial is but one type of epidemiologic experiment
(the others are field trials and community intervention trials), it is by far the most
common. (See Chapter 5 for a discussion of the types of epidemiologic experi-
ments.) A full discussion of clinical trials merits a separate textbook; here, I will
only touch on some highlights that bear on the interpretation of trial results.
The central advantage of trials over nonexperimental studies is their ability
to control confounding effectively. A particularly knotty problem in therapeutics
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f confounding by indication. When nonexperimental.studies‘ are
d to compare the outcomes of different treatments, cc?nfo_unc.:hng—by m‘dl-
e sent an insuperable problem. Confounding by indication is a bias
m: fl:;em inherent differences in prognosis between patients given—diﬁ"ere_nt
- 83 For example, suppose a new antibiotic shows promise in treating resis-
8 s?:f meningi,tis-causing bacteria but has common adverse effects and is
:::1;? ?s likely that the new treatment will be re.serv-ed for patie_znts who face t—he
catest risk of a fatal outcome. Even if the drug is highly effective, the morl':aljlty
Ete among those who receive it could be greater than that among thos'e rece:v'mg
the standard drugs, because those who get the new drug are at the Eugh-est _nsk.
A valid evaluation of the new drug can be achieved only if the prognostic d_Lffer-
ences can be adjusted or otherwise controlled in the epidemiolc‘)glcf comparison.
Ngnexperimental studies can deal with such confounding by inleatmn if therf-: is
aifficiently good information on measured risk factors for the disease complica-
tion that the therapy aims to prevent. Nevertheless, the best efforts to control
confounding by indication often fail to remove all of the bias. This prob_lem is
the primary motivation to conduct experiments that compare therapies. With the
rndom assignment that is possible in a clinical trial, prognostic factors can be

halanced between groups receiving different therapies.

E?idcmiolu gy in

is the problcm 0

cation

BLNDING AND USE OF PLACEBOS

Blinding refers to hiding information about treatment assignment from the key par-
ficipants in a trial. The concern is that knowledge of the treatment assignment will
influence the evaluation of the outcome. This concern relates most directly to the
person or persons who are supposed to make judgments or decisions regarding
the outcome. For example, if the outcome is hospitalization for an exacerbation
of the disease, the physician who makes the determination about hospitalization
might be influenced by knowledge about which treatment was assigned to a given
patient. This concern is amplified if the physician has a strong view about the mer-
its of the new therapy. If the physician does not know which treatment the patient
has received, then the evaluation should be free of this source of potential bias.

Blinding is not always necessary. If the only outcome of interest is death, there
islitle reason to be concerned about biased classification of the outcome, because
Judgment is not an important factor in determining whether someone is dead. In
other instances, blinding may be infeasible. If the treatment is an elaborate inter-
vention, such as major surgery, it may be neither possible nor ethical to provide
asham procedure that would allow blinding.

Some trials are described as double-blind. This term implies that the evalua-
tor‘assessing the patient for the possible outcome does not know the treatment
iigument, and the patient also does not know the treatment assignment. The
PEBOI? who administers the treatment may also be kept unaware of which treat-
Eezals being aSS.igned, in which case the study might be described as triple-blind.

of these situations, the goal is to keep the information about treatment

“Signment a secret so that the evaluation of the outcome will not be affected.
mlg;‘:ﬂ:ﬁhod that is often usc_ad to facilitate blinding is placebo treatment for the
ity group. A Rlacebo (from tl.me Latin, “I slml!. please”) is intended to have
ogic effect outside the offer of treatment itself. Placebo pills typically con-
t ingredients. Such pills can be manufactured to

Qin sugar or other essentially iner
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be indistinguishable from the new therapy being offered. Other types of placebo
treatment involve sham procedures. For example, in a trial of acupuncture, the
placebo treatment could involve the application of acupuncture needles at points
that are, according to acupuncture theory, not correct. Placebo treatments need to

be adapted to the particular experiment in which they are used.

Although a placebo treatment facilitates blinding, that is not the primary rea-
son it is used. It has long been known that even if a treatment has no effect, offer-
ing that treatment may have a salubrious effect. An offer of treatment is an offer
of hope, and it may bring the expectation of treatment success. Expectations are
thought to have a powerful influence on outcome. If so, a new treatment may have
an effect that comes only through the lifting of patient expectations. According to
some scientists, “The history of medical treatment until recently is largely the his-
tory of the placebo effect.”” The use of a placebo comparison in a trial is intended
to distinguish treatments that have only a placebo effect from those that have a
greater therapeutic effect. The placebo effect itself is highly variable, depending on

the nature of the outcome and the nature of the treatment.

EtHICS OF PLACEBO USE IN RANDOMIZED TRIALS

| Only decades ago, it was common for physicians to prescribe placebos so
| that patients could benefit from improved expectations. Today such prac-
tice is rare, and many would consider it unethical. Placebo use continues
in randomized trials, however, where the biggest concern is also an ethical
one. According to the 1964 Declaration of Helsinki of the World Medical
Association,” the interests of patients must come before the interests of sci-
ence and society. Furthermore, every patient in a trial should be assured of
getting the equivalent of the best available treatment, even those assigned
to the comparison group. Therefore, it is unethical to use a placebo in any
T trial if there is already an accepted treatment for the condition under study.
Instead, an investigator must test a new therapy against the existing stan-
dard, to see if it beats the current best treatment.

According to the principles embodied in the Declaration of Helsinki,
no researcher should deny a patient the best available treatment solely for
the purpose of learning whether a new treatment is better than placebo.
Identifying new treatments that are better than placebo but worse than the
| current best treatment is of less interest than identifying new treatments
that are better than the best existing treatment. As medicine progresses,
there should be fewer and fewer conditions for which a placebo-controlled
study is ethical, because standard therapies that are better than placebo will
exist for more and more conditions. Unfortunately, the use of placebos in
trials has achieved paradigm status in the minds of many researchers and
even official agencies.” The paradigm should certainly include a comparison,
but not necessarily a placebo comparison.”’

THREATS TO VALIDITY IN TRIALS
Despite the strengths of randomized trials, there are several issues that can lead
to biases in assessment. As mentioned, blinding is intended to reduce some of
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reducing opportunities fo
{ treatment. Some other
to-treat analysis, and con

wdgmloln
these biases, by
by knowledge ©
follow-up; intent-

r subjective evaluations to be influenced
sources of bias in trials are incomplete
founding imbalances that stem from

;nwdmgiéz:tlpt?il:lzw;:psuscepﬁble to many of the same biases that afflict other
ando

i arce of bias is differential follow-up of the treat-

i who';th:%il:l&si?u::i;: regarding follow-up is for there to be no subjects
= grf.:lllpivu which prevents any bias from this source. In most trials, how-
ol 0sub'l:‘e’c:’cs are not followed to the intended study end point. Reasons
everf i lete ]follow-up are the same ones that occur in other cohort studies,
i}:i :;c'fnrgl:l de subjects moving from the study area, withdrawing their consent tg
partcipate in the study, or dying from a disease that is not one of the study en

ints. If some study subjects are lost to follow-up for any oi.’ these reasons, the
count of events will be underestimated compared with what it would have been
' een no losses to follow-up.
hm'il‘:h :]Zlb::th this potential sourcf of bias, investigators may analyze the dat-a
under the assumption that the experience of those who were lost to follow-up is
milar to that of those who remained in the study. This assumption, however, is
a0t always reasonable. For example, subjects with worsening symptom_s may be
more inclined to drop out of the study than those with a better prognosis. In tha-t
ase, the isk of the outcome in each treatment group would be underestimated if
it were based on the experience of those with complete follow-up. Alternatively,
those with the worst prognosis may be less likely to drop out of a study if they
believe that they will receive better care by remaining in it. In that case, the study
vill overestimate the risks of the study outcome, because those dropping out are
atlower risk than those remaining in the study. If follow-up is incomplete and is
rlated to both the study intervention and the study outcome, the result is differ-
ential loss to follow-up between study groups, 2 type of selection bias. Differential
loss to follow-up can lead to study results that are biased in either direction.

Intent-to-Treat Analysis

As described in Chapter 5, an intent-to-treat analysis is often employed in ran-
domized trials. In this type of analysis, the random assignment at the outset of
the trial determines the treatment group in which a subject will be induded for
the analysis, regardless of whether the subject adhered to that trestment assign-
ment, Therefore, patients who get assigned to 2 new therapy but for various rea-
sons decide to discontinue it, or mever to begin taking it, will still be considered
% part of that treatment group for the analysis This approach maintains the
benefits of random assignment for the comparison of 2 new treatment against
mnl‘?e‘ treatment, but at the cost of misclassification of actual treatment Those
"ho “cross over” from their assigned treatment to the other treatment group, for
Sample, will be analyzed with their assigned treatment, ignoring the crossover.
A“.result, the analysis using the intent-to-treat principle incorporates some mis-
dassification of actual exposure. To the extent that the misclassification is inde-
Pe'ndent of the study outcome, the misclassification will be nondifferential and
Vil lead to underestimation of the effect of actual treatment.
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Underestimation of the actual treatment effect is often considered acceptable,
because it implies that a successful treatment is even better than the value esti-
mated with the intent-to-treat approach. Nevertheless, as mentioned in Chapter §,
adverse effects of a treatment will also be underestimated by this method. This
underestimation of risks is a serious drawback to using an intent-to-treat analy-
sis for trials evaluating the safety of a treatment. In such trials, an analysis that
classifies subjects according to their actual treatment may be preferred. Because
an analysis based on actual treatment would not have all the benefits of a ran-
domized comparison, the usual array of epidemiologic methods would have to be
employed to assess and control confounding in the data analysis.

Confounding Imbalances

Baseline risk factors are prognostic factors for the outcome that are measured at
the time of random assignment. If randomization succeeds in achieving its goal,
the frequency of the outcome will be similar in the various treatment groups cre-
ated by randomization, apart from the effect of the intervention, because the over-
all risk for the outcome is balanced between groups. Although there is no direct
way to measure whether such a balance in overall prognosis for the treatment
groups has been achieved, it is possible to measure the distribution of individual
prognostic factors in the compared groups to see how well balanced they are. Any
imbalance in a baseline risk factor represents confounding, because a confounding
factor is a risk factor that is associated with exposure. To say that a risk factor is
imbalanced means that it is not distributed equally in the compared treatment
groups and therefore is associated with the assigned treatment.

Randomization is intended to prevent confounding. The outcome of a ran-
dom process, however, is predictable only if aggregated over many repetitions. In
a specific case or in a particular trial, unlikely distributions can result from the
randomization. In the University Group Diabetes Program,'® the group that was
randomly assigned to receive tolbutamide was older on average than the group
randomly assigned to receive placebo. As a result, there was confounding by age
in the evaluation of the tolbutamide effect. This age confounding was illustrated
in Chapter 7: the crude difference in mortality proportion between tolbutamide
and placebo, ignoring the age imbalance, was 0.045 (Table 7-7), whereas, after
stratification into two age strata (Table 7-8), the tolbutamide effect was estimated
as 0.035.

Distributions are rarely identical, so how can we tell when the imbalance in
a baseline risk factor is severe enough to warrant treating the variable as a con-
founding factor? If a factor that is severely imbalanced has only a small effect
on the outcome, there will be little confounding even with the large imbalance.
On the other hand, even a modest imbalance in a strong risk factor for the out-
come might lead to worrisome confounding. Therefore, the amount of imbalance
in the risk factor is not, by itself, a good guide to the amount of confounding
that the baseline imbalance introduces. The best way to assess the confounding
is to use the same approach that epidemiologists use in other situations, which
is basically the method that was used to compare the effects for tolbutamide
estimated in Tables 7-7 and 7-8. Comparison of the crude estimate of effect,
which is obtained without control of confounding, with an unconfounded esti-
mate reveals how much confounding is removed when the variable is treated as
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AN UNREJECTABLE NurL HYPOTHESIS

There is yet another reason why the use of statistical significance testing
to evaluate baseline imbalances in a clinical trial makes no sense. If such a
statistical test is applied, one might ask what null hypothesis it tests. The
answer must be that the null hypothesis is that any observed imbalance
is just the result of chance. If a statistically significant result is observed,
those who focus on significance testing might take that to mean that the
null hypothesis is rejected. In the case of baseline imbalances in a random-
ized trial, that would mean rejecting the hypothesis that chance produced
the imbalances. But we cannot reject that hypothesis! Apart from the pos-
sibility of chicanery or incompetence, we know that chance did in fact pro-
duce the imbalance: the imbalance is the result of a randomized allocation.
Random assignment can produce unusual results, but we already know in
a trial that the imbalances that do occur are due to chance. Therefore it
makes no sense to test the null hypothesis. Actually, it makes no differ-
ence whether the imbalance was caused by chance or not. What matters
is that the imbalance exists, and what is important to know is how much
confounding it causes. Statistical significance testing cannot reveal that, but
the straightforward application of epidemiologic rules for assessment of
confounding can.

the randomization has “failed” (although it has not really failed). Nevertheless, the
hope that random assignment will prevent confounding has already been defeated
if confounding has been identified in the data. The question is how to proceed
now that randomization has not prevented confounding.

Some might argue that if an identified confounder is controlled, that process
itself can introduce confounding by some other, possibly unidentified factor.
Although that is possible, there is no basis to assume that control of a known bias
will introduce an unknown bias. Instead, it is more reasonable to control all iden-
tified confounders and treat the analysis like any other epidemiologic study.'"

Example: The Alzheimer’s Disease Cooperative Study

of Selegiline and a-Tocopherol

The question of how to deal with baseline differences arose in a trial*® of selegi-
line and a-tocopherol, two treatments intended to slow progression of Alzheimer’s
disease. The trial followed a factorial design; that is, participants were assigned to
groups so that every combination of treatments was studied. In this study with
two treatments, there were four groups: one group received only a-tocopherol,
one received only selegiline, one received both a-tocopherol and selegiline, and
one received a placebo. The mean score on the Mini-Mental State Examination
(MMSE) at the start of the trial for the patients randomly assigned to receive
a-tocopherol alone was 11.3 on a scale from 0 to 30, whereas the placebo group
had a mean score of 13.3 (higher scores indicate better cognitive function). Thus,
the random assignment resulted in lower cognitive function at baseline in the
group assigned to a-tocopherol compared with the placebo group.
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strking benefit,

Phermacoepidemiology

Dmpp@exnjoloy, also known as pharmacoepidemiology, is an active area of epi-
dmssmdcw that focuses on the effectiveness and safety of therapeutic
e ofd"m Aiﬂi?ngh‘mndomm:d trials are, strictly speaking, under the
e Phi.fmimepldem\ology, this discipline is commonly thought to com-

Wmnlmwdnondmgsand devices. Safety studies are often
"Iperimental, becanse adverse effects are typically much less common than
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the intended effects of drugs, and the randomized trials that are conducted to
evaluate the efficacy of new drugs are seldom large enough to provide an adequate
assessment of drug safety. Consequently, most of the epidemiologic information
on drug safety comes from studies that are conducted after a drug is marketed,

This research activity is usually referred to as postmarketing surveillance. Much
of it is not surveillance in the traditional sense; instead, it is based on discrete
studies aimed at evaluating specific hypotheses. In the United States, however, the
Food and Drug Administration (FDA) encourages the voluntary reporting of sus-
pected adverse drug effects. These spontaneous reports are challenging to interpret.
First, only a small, but unknown, proportion of suspected adverse drug effects are
reported spontaneously; presumably, unexpected deaths, liver or kidney failure,
and other serious events are more likely to be reported than skin rashes, but even
so it is widely believed that only a small fraction of serious events are reported
spontaneously. Second, it is difficult to know whether the number of spontane-
ously reported exposed cases, who represent only one cell in a 2 x 2 table of
exposure versus disease, represent an actual excess of exposed cases or just the
number that chance would predict.

Case reports such as those submitted to the FDA as part of their surveillance
effort are presumed to represent cases that are attributed to a given drug expo-
sure; that is, the reporting process requires the reporter to make an inference
about whether a specific drug exposure caused the adverse event. Although this
type of inference is encouraged in clinical practice, it runs counter to the think-
ing that prevails in an epidemiologic study. As discussed in Chapter 3, it is not
possible to infer logically whether a specific factor was the cause of an observed
event. We can only theorize about the causal connection and test our theories
with data.

Epidemiologists typically collect data from many people before making infer-
ences about a causal connection, and we usually do not apply the inference to
any specific person. If a person receives a drug and promptly dies of anaphylactic
shock, a causal inference about the connection between the drug and the death
may appear strong; but many inferences for individual events are tenuous, based
more on conviction than anything else. The danger of thinking in terms of causal
inferences in regard to individuals is that if this approach is applied to epidemio-
logic data, it defeats the validity of the epidemiologic process. If case inclusion
in any epidemiologic evaluation takes into account information on exposure, it is
apt to lead to biases. Instead, disease should be defined on the basis of criteria
that have nothing to do with exposure, and the inferences in an epidemiologic
study should relate to the general causal theory rather than what happened to
any single person.

One way in which this problem can get out of hand is if a disease is defined
in terms of an exposure. Once that occurs, a valid epidemiologic evaluation may
be impossible. Consider the example of “analgesic nephropathy.” This “disease”
refers to kidney failure that is supposedly induced by the effect of analgesic drugs,
based on the theory that analgesic drugs cause kidney failure in some people.
Although there may be no reason to doubt the theory, if it is applied by defin-
ing cases of analgesic nephropathy to be kidney failure in people who have taken
analgesics for a specified time, it will be impossible to evaluate epidemiologically
the relation of analgesics to kidney failure. A valid evaluation would require that
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Waen THE DiseASE DEFINITION INCLUDES AN EXPOSURE
It is not only in the epidemiologic study ’o:' drugs ?j".“:: one :"“.C'*\...x ters :'msj
gase definitions that refer to exposures. If 2 \.e.gr..nce«wa.ng of 2 causal
relition exists, it is a natural tendency to refine the definition of dis :
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tions that are independent of the exposure. The following is 2 list o‘ some
examples of diseases defined on the basis of an exposure. (Most i%ne:ﬁoas
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+ Analgesic nephropathy
+ Asbestosis

+ Berylliosis

« Food poisoning

+ Frosthbite

« Heatstroke

» Hypervitaminosis D

+ Iron-deficiency anemia
Motion sickness i
+ Protein-calorie malnutrition
+ Radiation sickness

Silicosis

Smoker’s cough

+ Strep throat

+ Tennis elbow

+ Tuberculosis

Much of the work in pharmacoepidemiology today is conducted using health data-
! ;Wf.liCh allow investigators to design studies from computerized files that include
information on drug prescriptions, demographic factors, and health data from medical
;C::]sl or from claims that deal with reimbursement. The Boston Collaborative Drug
i ance Program Was a pioneering effort in phammcoepidemiology starting with
ospital-based interviews of inpatients using nurse monitors.” As the medical world
mbeﬂe more computerized, this work and that of other pharmacoepidemi-
record-ke:;ine to use data that- were already entered into computers as part of the
iy ing System, such as in some private prepaid health plans in the United
Giion SOVE@HEHt.al plan.s such as that of the province of Saskatchewan in
I o al'maCOt!p!derruolog},r IS now an active field of research that has established

itself ag i ith i
Sepanate specialty area with its own textbooks, 817
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HEALTH OUTCOMES RESEARCH

Health outcomes research and the related field of pharmacoeconomics are com-
paratively new research areas with lofty goals. Randomized trials and other med-
ical research studies typically focus on a primary end point, such as survival
or disease recurrence. Therapeutic evaluations based on narrowly defined end
points have been subject to the criticism that they do not adequately take into
account the overall quality of life that patients face based on the combination
of therapeutic outcomes and unintended effects that a given treatment produces,
Furthermore, classic therapeutic research typically does not take into account the
economic costs of different therapeutic options. The economic costs are borne
either directly by the patient or insurers or indirectly by the government and thus
by society as a whole. In either case, there is strong motivation to find thera-
pies that offer desirable results for patients at costs that are attractive to patients
or society relative to the therapeutic alternatives. These are the goals that health
outcomes research and pharmacoeconomics address, using methods such as meta-
analysis, cost-effectiveness analysis, decision analysis, and sensitivity analysis in
addition to more traditional epidemiologic methods. The interested reader should
consult the text by Petitti'® for a comprehensive overview.

QUESTIONS

I. Predictive value depends on disease prevalence, but sensitivity and spec-
ificity do not. What might cause the sensitivity and specificity of a test to
vary from one population to another?

2. Suppose that you wished to conduct a prospective cohort study to evalu-
ate the benefits of prostate-specific antigen testing as a screening tool for
prostate cancer. What outcome would most interest you? What biases
would affect the study results? Would these biases also affect the results of
a randomized trial?

3. Because everyone eventually dies, why would we not say that the case-
fatality rate among patients with any disease is 100%?

4. Under what conditions might one find that the baseline difference in a
variable in a clinical trial is “statistically significant” but, nevertheless, not
confounding? Under what conditions might we find that the baseline differ-
ence is not “statistically significant” but, nevertheless, is confounding?

5. The Alzheimer’s disease cooperative trial manifested confounding by
MMSE score. If the trial were repeated, would you expect that this same
risk factor would be confounding again?

6. Equipoise is a state of genuine uncertainty as to which of two treat-
ments is better. Ethicists consider equipoise to be an ethical requirement for

Epidemiology in Clinical Settings

. 2 randomized therapeutic trial: if the researcher is alread}'. ‘ot t%w
s s tment is better than the other, it would be unethical for
s O;" t’: assign patients to the treatment that he or she believes
Fh:;fZ?z:chi:ier what conditions can equipoise be achieved in a placebo-
is -

controlled trial?
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