Biostatistics in Public Hedth

Introduction

Nearly every day we see statistics used to support assertions about our health and what we can do to
improveit. The pressfrequently quotes scientific articles ng theroles of diet, exercise, the
environment, and access to medica carein maintaining and improving our hedth. Because the effects
are often smdl and vary greetly from person to person, an understanding of satistics and how it dlows
usto draw conclusions from data is essentid for every person interested in Public Hedlth. Statidticsis
aso of paramount importance in determining which cdlaims regarding factors affecting our hedth are not
vaid and which are not supported by the data, or are based on faulty experimental desgn and

obsarvation.

When an assartion is made such as "dectro-magnetic fields are dangerous', or "smoking causes lung
cancer,” datistics plays acentrd role in determining the vaidity of such statements. Methods
developed by datigticians are used to plan population surveys and to optimally design experiments,
amed a collecting data which dlow vaid conclusonsto be drawvn and thus either confirm or refute the
assartions. Biogatisticians also develop the andytical tools necessary to derive the most gppropriate

conclusions based on the collected data.
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In this article we discuss the role of Biodatistics in Public Hedlth, and how Biodtetistics is centrdl to dll
functions of Public Hedlth. Essentia to gppreciaing that role is an understanding of variation in hedth
data, and how this variation is quantified by satisticians. We next cover the standard sources of data
used by Public Hedlth professonas and list sources of publicly available data. We follow by a
presentation of two fundamenta and widely applied techniques of data andlysis, namely chi square
andysis and regresson. We conclude with a brief list of useful references for those interested in further

sudy of Biodatigtics.

Role of Biogtatisicsin Public Hedth

We base our discussion on the generd Public Health concepts that were summarized in the Indtitute of
Medicine's Report on the future of Public Hedlth (Committee, 1988). In that report, the mission of
Public Hedth is defined as assuring conditions in which people can be hedlthy. To achieve thismisson
severd functions must be undertaken:

1. Assessment. Identify problems related to the hedlth of populations and determine their extent.

2. Policy Setting. Prioritize the identified problems, determine possible interventions and/or preventive
measures, set regulations in an effort to achieve change, and predict the effect of those changes on the
population.

3. Assurance. Make certain that necessary services are provided to reach the desired godls, as
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determined by policy measures, and monitor how well the regulators and other sectors of the society

are complying with policy.

An additiond theme that cuts across dl of the above functionsis evauation, that is, how wdl are the

functions described above being performed.

Biogtatistics plays a key role in each of these functions. In terms of assessment, the vaue of
Biogatidtics liesin deciding what information to gather and the identified hedth problems; in finding
patterns in collected data, and in summarizing and presenting these in an effort to best describe the
target population. In so doing it may be necessary to design genera surveys of the population and its
need, to plan experiments to supplement these surveys, and to assist scientists in estimating the extent of
hedlth problems and associated risk factors. Biogtatisticians are adept at developing the necessary
mathematica tools to measure the problems, to ascertain associations of risk factors with disease, and
models to predict the effect of policy changes. They create the mathematical tools necessary to
prioritize problems and to estimate cogts, including monetary and undesirable side effects of preventive

and curative measures.

Asto assurance and policy setting, Biogtatisticians use sampling and estimation methods to sudy the
factors related to compliance and outcome. Questions that can be addressed include whether
improvement is due to compliance or something e'se, how best to measure compliance, and how to

increase the compliance leve in the target population. In analyzing survey data, Biodtatigticians take
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into account possible inaccuracy in responses and measurements, both intentional and unintentiondl.
This effort includes how to design the survey instrumentsin away that checks for inaccuracies, and the
development of techniques which correct for nonresponse or for missing observetions. Findly,
Biodatigticians are directly involved in the evaluation of the effect of interventions and whether to

attribute beneficia changesto palicy.

Undergtanding Variation in Data

Nearly dl observationsin the hedth fidld show wide variation from person to person, making it difficult
to identify the effect of a given factor or intervention on one's hedth. We have dl heard the sories of
someone who smoked every day of hislife and lived to be 90, and of the deeth a age 30 of someone
who never smoked. The key to sorting out seeming contradictions such asthese isto study properly
chosen groups of people (samples), and to look for the aggregate effect of something on one group as
compared to another. Identifying arelationship, say between lung cancer and smoking, does not mean
that everyone who smokeswill get lung cancer, nor that if you refrain from smoking you will not die
from lung cancer. 1t does mean, however, that the group of people who smoke are more likely than

those who do not smoke to die from lung cancer.

How can we make statements about groups of people, but be unable to clam with any certainty that
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these same statements apply to any given individud in the group? Statidticians do this through the use of
models for the measurements, based on ideas of probability. For example, we can say that the
probability that an adult American mae dies from lung cancer during one year is 9 in 100,000 for a
non-smoker, but is 190 in 100,000 for asmoker. We call dying from lung cancer during ayear an
"event”, and probability is the science that describes the occurrence of such events. For alarge group
of people, we can make quite accurate statements about the occurrence of events, even though for
specific individuas the occurrence is uncertain and unpredictable. A smple but ussful modd for the
occurrence of the event, dying from lung cancer, can be made if we make two important assumptions.
1) for agroup of individuds, the probakility that an event occurs is the same for al members of the
group; and 2) whether or not a given person experiences the event does not affect whether others do.
These assumptions are known as 1) common distribution for events and 2) independence of events. It
may be surprising to find that such asimple modd can gpply to dl sorts of Public Hedth issues. Its
wide applicability liesin the freedom it affords usin defining events and populaion groups to suit the

Stuation being Sudied.

Consder adifferent example of brain injury and helmet use among bicycleriders. Here groups can be
defined by helmet use (yes/no) and events become severe head injury resulting from a bicycle accident
(Thompson et d., 1996). Of course more comprehensive models can be used, but the smple ones as

described here are the basis for much of Public Hedlth research.

Suppose we examine the following hypothetical data about bicycle accidents and helmet usein 30
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cases, which could be gotten from a state registry.

Not
Wearing Wearing
Helmet Helmet
Severe Head Injury 1 2
Not Severe Head Injury 19 8

We can see that 20% (2 out of 10) of those not wearing a helmet sustained severe head injury,
compared to only 5% (1 out of 20) among those wearing ahelmet, for ardativerisk of 4to 1. Isthis
convincing evidence? An gpplication of probability tells usthat it is not, and the reason is that, with
such asmdl number of cases, this difference in ratesis just not that unusua. To better understand this
concept, we must delve alittle into the meaning of probability and what conclusions we can draw after

Seiting up amodel for our data

Probability is the branch of mathematics that uses models to describe uncertainty in the occurrence of
events. Let us suppose, for the moment, that the chance of severe head injury following a bicycle
accident is1in 10. Wewill use a child's spinner, adisk with numbers 1" through "10" equaly spaced
around its edge, with a pointer in the center to be spun. When the pointer stopsit will indicate a
number from "1" to 10", and if the spinner is congtructed properly, every number will be equdly likely
to show. Since aspinner has no memory, spins will be independent. Let the spin indicate severe head

injury if a"1" shows up, and no savere head injury for "2" through "10". Now we spin the pointer ten
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times to see what could happen among ten people not wearing ahemet. The theory of probability uses
the Binomid distribution to tell you exactly what could happen with ten spins, and how likely each
outcomeis. For example, the probability that we would not seea™1" in ten pinsis.349, the
probability that we will see exactly one"1" in ten spinsis .387, exactly two is.194, exactly threeis

057, exactly four is.011, exactly fiveis.001, with negligible probability for sx or more. Soif thisisa
good modd for head injury, the probability of 2 or more people experiencing severe head injury in ten
accidentsis.264 . Probability can dso tdll usjust how likely it isto observe arisk rtio of 4 or morein
samples of 20 people wearing ahelmet and 10 people not wearing a helmet, assuming that the risk of
injury is exactly the same, that is, 1 in 10, for both groups. The surprising answer here isthat this
happens quite often, about 16% of the time, which isfar too large to give us confidence in asserting that
wearing helmets prevents head injury. Thisisthe essence of Satigica hypothesis testing. We assume
that there is no difference in the occurrences of events in our comparison groups, and then caculate the
probabilities of various outcomes. |f we observe something that has alow probability of happening
under our assumption of no differences between groups, then we rgect our hypothesis and conclude
that thereis adifference. To thoroughly test whether helmet use does reduce the risk of head injury, we
need to observe alarger sample - large enough so that any observed differences between groups

cannot be simply attributed to chance.
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Sources of Data

Data used for Public Hedlth studies come from observationa studies (as the hdmet use example
above), from planned experiments, and from carefully designed surveys of population groups. An
example of aplanned experiment isthe use of aclinica trid to evaluate anew trestment for cancer. In
these experiments, patients are randomly assigned to one of two groups, treatment or placebo (amock
trestment) and then followed to ascertain whether the trestment affects clinica outcome. An example
of asurvey isthe NHANES -- interviews conducted by the National Center for Hedth Statigtics of a
carefully chosen subset of the population to determine their health status, but chosen so that the
conclusions gpply to the entire U.S. population. Both planned experiments and surveys of populations
can give very good data and conclusions, partly because the assumptions necessary for the underlying
probability calculations are more likely to be true than for observationd studies. Nonetheless, much of
our knowledge about Public Hedlth issues comes from observationa studies, and aslong as careis
taken in the choice of subjects and in the andlysis of the data, the conclusions can bevdid. The biggest
problem arising from observationd studies is inferring a cause and effect relaionship between the
variables dudied. The origind studies rdating lung cancer to smoking showed a striking differencein
smoking rates between lung cancer patients and other patients in the hospitals studied, but they did not
prove that smoking was the cause of lung cancer (Doll and Hill, 1950). Indeed, some of the origina
arguments put forth by the tobacco companies followed thislogic, stating that a significant association
between factors does not by itsdlf prove a causal rdationship. Although datistical inference can point

out interesting associations that could have significant influence on Public Hedlth policy and decision
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making, these gatistical conclusions require further study to substantiate a cause and effect relationship,

as has been done convincingly in the case of smoking.

A tremendous amount of recent detalis readily available through the internet. These include both
aready tabulated observations and reports, as well as accessto the raw data themselves. Some of
these data cannot be accessed through the internet because of confidentiadity requirements, but evenin
this case it is sometimes possible to get permission to analyze the data at a secure site under the
supervision of employees of the agency. We describe some of the key placesto go for data on our
hedlth, and rely on the reader’s ability to follow linksto find further sources of data. Full internet
addresses for the sites below can be found in the References. A comprehensive source can be found at
Feddtats, which provides a gateway to over 100 federd government agencies which compile publicly
avalabledata. The links here are rather comprehensive and include many not directly related to our
hedlth. The key government agency providing satistics and data on the extent of the hedlth, illness, and
disability of the U.S. population is the National Center for Hedth Statistics (NCHS) which is one of
the centers of the Centers for Disease Control (CDC). The CDC provide data on morbidity, infectious
and chronic diseases, occupationa diseases and injuries, vaccine efficacy, and safety studies. All the
centers of the CDC maintain online lists of their thousands of publications related to our hedlth, many of
which are now available in dectronic form. Other mgor governmenta sources for hedth data are the
National Cancer Indtitute which is part of the Nationd Ingtitutes of Hedlth, the U.S. Bureau of the
Census, and the Bureau of Labor Statistics. The Agency for Healthcare Research and Quality isan

excdllent source for data relating to the quaity, access, and medica effectiveness of hedth carein the
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United States. The Nationd Highway and Traffic Safety Adminigtration, in addition to publishing
research reports on highway safety, provides data on traffic fatditiesin the Fatdity Andysis Reporting

System which can be queried to provide data on traffic fatdities in the United States.

A number of nongovernmental agencies share data or provide links to online data related to hedlth. The
American Public Health Association provides links to dozens of data bases and research summaries.
The American Cancer Society provides many links to data sources related to cancer. The Research
Forum on Children Families and the New Federdism

ligts links to numerous studies and data on children's hedth, including the Nationd Survey of America's

Families.

Much of public hedth is concerned with internationa hedlth and the World Hedlth Organization
makes avalable alarge volume of data on internationa hedth issues, aswell as providing links to its
publications. The Center for International Earth Science Information Network provides data on world

population, and its god's are provide support for scientists engaged in international research.

The internet provides an opportunity for health research unequaed in the history of Public Hedth. The
accesshility, quality and quantity of data are increasing so rapidly that anyone with an understanding of

datistical methodology will soon be able to access them to answer questions relating to our hedth.



Cumberland & Afifi p.11

Anaysis of Tabulated Data

One of the most commonly used datistical techniquesin Public Hedlth is the analysis of tabled data
which is generally referred to as contingency table andlysis. Init, we compare observed proportions of
adverse events in the columns of the table by a method known as a chi-square test. Such data can
naturaly arise from any of the three data collection schemes mentioned. 1n our helmet use example,
observationa data from bicycle accidents was used to creste atable with helmet use defining the
columns, and head injury, therows. Inadlinicd trid, the columns are defined by the trestment/placebo
groups, and the rows by outcome - disease remission or not for example. In apopulation survey,
columns can be different populations surveyed, and rows indicators of hedlth satus - availability of
hedlth insurance for example. We can show mathematicdly that the chi-square test used for these data
does not depend on whether we switch rows and columns, so the choice of columns for group
definition is purely arbitrary. The chi-square test assumes that there is no difference between our
groups, and calculates a statistic based on what we would expect to seeif no difference truly existed,
and on what we actualy observe. The cdculation of the test Satistic and the conclusions proceed as
follows
1. We cdculate the expected frequency E (assuming no difference) for each cdl in the table by first
adding to get the totas for each row, the totals for each column, and the grand total (equd to the

tota sample size); then for each cdl we find the expected count:

E = (rowtotal)(cohmntotal)/(grandtotal).
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T2
2. For eech cdl inthetable, let O be the observed count, and caculate: %

3. Wesum up the values from step 2 over dl cdlsin your teble. Thisisthetest Satidtic, X.

4. If X exceeds 3.84 for atable with 4 cdlls, we then declare the contingency table to be statistically
"ggnificant”. If we repeat our sample and the resulting andysis alarge number of times, this
ggnificant result will happen only 5% of the time when there truly is no difference between groups,
and hence thisis cdled a 5% sgnificance test.

5. For tables with more rows and/or columns than 2, we need to use different comparison vaues.
For atable with 6 cells, we check to seeif X islarger than 5.99, with 8 cdlls we compare X to
7.81, and for 9 or 10 cellswe compare X to 9.49.

6. Thismethod has problemsif there are too many rows and columns and not enough observations.

In such cases, collgpse rows or columnsif any of the E vaues drop below 5.

Suppose now we found alarger data set for our helmet usefhead injury example and tabulated it.

Not

Wearing Wearing

Helmet Helmet
Severe Head Injury 5 10
Not Severe Head Injury 95 41
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It is worthwhile noting that the proportions showing head injury for these data are dmost the same as

before, but that the sample size is now consderably larger, 151. Following the steps outlined above we

caculate the chi-square gatistic and draw our conclusions:

1. Thetota for the first column is 100, for the second column 51, for the first row 15, and for the
second row 136. The grand total is 151, the total sample Size. The expected frequencies, thet is
the E's, assuming no differencein injury rates between the helmet group, and the no helmet group,

are given below.

Not
Wearing Wearing row
Helmet Helmet totds
Severe Head Injury 9.934 5.066 15
Not Severe Head Injury 90.066 45,933 136
column totas 100 51 151

It is quite possible for the E's to be non-integer, and if S0, we keep the decima part in dl our

cdculations.

-T2
2. Thevduesfor % are presented in the table below.

Not
Wearing Wearing
Helmet Helmet
Severe Head Injury 2.45 4.805
Not Severe Head Injury 0.270 0.530

3. X=8.055
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4. Because this exceeds 3.84, we have a Sgnificant association between the helmet use and head

injury, a the 5% sgnificance levd.

The chi square procedure presented here is one of the most important andytic techniques used in Public
Hedth research. Itssmplicity dlowsit to be widdly used and understood by nearly dl professionasin
thefield, aswdl as by interested third parties. Much of what we know about what makes us hedthy or

what endangers our lives has been shown through the use of contingency tables.

Studying Relationships among Varigbles

A magor contribution to our knowledge of Public Health comes from understanding trends in disease
rates and examining relationships among different predictors of hedth. Biodatisticians accomplish these
andyses through the fitting of mathematica modelsto data The modes can vary from a smple straight
linefit to a scatter plot of X-Y observations, dl the way to modds with avariety of non-linear multiple
predictors, whose effects change over time. Before beginning the task of mode fitting, the
Biogaidician must firg be thoroughly familiar with the science behind the measurements, be this
biology, medicine, economics, or psychology. Thisis because the process must begin with an
appropriate choice of amodd. Mgjor tools used in this process include graphics programs for persona

computers which alow the Biogatistician to visualy examine complex relationships among multiple
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measurements on subjects.

The smplest graph is atwo variable scatter plot, using the y-axisto represent a response variable of
interest, the outcome measurement, and the x-axis for the predictor, or explanatory, variable.

Typicaly both the x and y measurements take on awhole range of vaues - commonly referred to as
continuous measurements, or Sometimes as quantitative varigbles. Consider, for example, the serious
hedlth problem of high blood lead levelsin children, known to cause serious brain and neurologic
damage at levelsaslow as 10 pg/dl. Since the remova of lead from gasoline, blood levels of lead in
children in the United States have been steadily declining, but there is still aresidud risk from
environmental pollution. Oneway to assessthis problem isto relate soil lead levelsto blood levelsin a
survey of children - taking a measurement of the blood lead concentration on each child, and measuring
the soil lead concentration from a sample of soil near their resdences. Asis often the case, aplot of the
blood levels and soil concentrations shows some curvature, so transformations of the messurements are
taken to make the relaionship more nearly linear. Choices commonly used for transforming data
include taking square roots, logarithms, and sometimes reciprocas of the measurements. For the case
of lead, logarithms of both the blood levels and of the soil concentrations produce an gpproximeately
linear rdationship. Of course, thisis not a perfect relationship so, when plotted, the datawill show a

cloud of points asin the following example for 200 children.
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This plot was produced by a statistical software program called Stata, using as input, vaues from a
number of different sudies on this subject. On the graph, we aso asked the software program to plot
the fitted straight line to the data, called the regression equation of y on x. For these data the equation
ISy =.29x - .3 whichislinear with dope .29 and intercept -0.3. We note that many cal culators and
al atigtica software for personad computers can calculate the best line for a given data .
Commercidly available statistical software packages such as Stata, SAS, and SPSS can be purchased
inversonsfor both IBM and Macintosh PC's. One comprehensive package, Epilnfo 2000, is free

from CDC, and can be downloaded on the internet.
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How does one interpret this relationship? Fird, it isnot appropriate to interpret it for an individud; it
gpplies to the population from which we took the sample. It saysthat an increase of 1 inlog(soil lead)
will lead, on average, to anincreasein log(blood lead) of .29. The main point isthat, from the Public
Hedth viewpoint, there is a positive relationship between the level of lead in the soil and blood lead
levelsin the population. An dternative interpretation is to state that soil lead and blood lead levels are

positively correlated.

Aswedid in the case of contingency tables, we can test for the Sgnificance of theregresson. Inthis
case, asindl of datidtics, satigtica "sgnificance’ does not refer to the scientific importance of the
relaionship, but rather to atest of whether or not the observed relationship is the result of random
association. Every Satigtica software package for persona computers includes the test of significance
as part of its standard output. These packages and some hand caculators, aong with the dope and
intercept, will produce an estimate of the correlation between the two variables, caled the correaion
coefficient, or r. For the data in the scatter diagram above, r is 0.42. This number can very easily be

used to test for the gatistica Sgnificance of the regression through the following formula:

p=r | 272 pan | 198 _ 441
12 8236

which we compare to 2 to determine whether it is Sgnificant or not, at the 5% level. The number r
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caculated thisway must lie between -1 and +1, and is often interpreted as a measure of how closeto a
draight linethe datalie. Vaues near +1 indicate a nearly perfect linear relationship, while vaues near O
indicate no linear relaionship. Do not make the mistake of interpreting r near 0 as meaning thereis no

relationship whatever -- acurved relation can lead to low values of .

We could have studied the relationship between soil lead and blood lead using the contingency table
andysis discussed earlier. For each child, we could have measured whether the soil lead was high or
low, and smilarly classified blood lead leves as high and low, choosing gppropriate criteriafor the
definitions of high and low. Thistoo would have shown ardationship, but it would not be as powerful,
nor would it have quantified the relationship between the two measurements as the regression did.
Choosing a cutoff vaue for low and high on each measurement which divides each group into two equa

sze subgroups leads to the following teble:

low blood high blood
lead level lead level

low s0il lead 63 37
leve
high soil lead 37 63
levd
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The chi square statistic caculated from this table is 13.5 which aso indicates an association between
blood lead level and soil lead levelsin children. The conclusion is not as compelling asin the linear
regresson andyss, and we have logt alot of informeation in the data by smplifying them in thisway.
One benefit, however, of this smpler andysisis that we do not have to take logarithms of our data and

worry about the appropriate choice of amodel.

Regresson isavery powerful tool, and it is used for many different data analyses. It can be used to
compare quantitative measurements on two groups by setting x=1 for each subject in group one, and
setting x=2 for each subject in group two. Theresulting andysisis equivaent to the two-sample t-test

discussed in every dementary Satistics text.

The most common application of regresson andysis occurs when an investigator wishes to relate an
outcome measurement y to severd x variables -- multiple linear regresson. For example regresson
can be used to relate blood lead to soil lead, environmental dust, income, education, and sex. Note
that, asin this example, the x variables can be ether quantitative, such as soil lead, or quditative, such
as s, and they can be used together in the same equation. The Satigtica software will eesily fit the
regression equation and print out significance test for each explanatory variable and for the modd asa
whole. When we have more than one x variable, there is no smple way to perform the caculations (or
to represent them) and one must rely on astatistical package to do thework. A recent article includes

an analysis such as the one described here (Lewin et d., 1999).
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Regression methods are easily extended to compare a continuous response measurement across
severd groups -- thisis known as andysis of variance, dso discussed in every dementary datistics text.
It is done by choosing for the x variables indicators for the different groups -- so-caled dummy

variables.

An important specid case of multiple linear regression occurs when the outcome measurement y is
dichotomous - indicating presence or absence of an dtribute. In fact, thistechnique, cdled logistic
regression, is one of the most commonly used datistica techniques in Public Hedth research today,
and every daigtical software package includes one or more programs to perform the andysis. The
predictor x-variables used for logistic regresson are dmost dways a mixture of quantitetive and
quditative variables. When only quditative variables are used, the result is essentidly equivdent to a

complicated contingency table andyss.

Methods of regression and correlation are essentid tools for Biostatisticians and Public Hedlth
researchers when studying complex relaionships among different quantitative and quditative
measurements related to our health. Many of the studies widdly quoted in the Public Hedlth literature

have relied on this powerful technique to reach their conclusions.
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Further Study

One of the best ways to learn Biogtatistics there is to take a course designed to introduce the student to
its concepts and practice. For those interested, however, in learning on their own, we have included in
the Bibliography one self-sugdy eectronic reference, as well as severd textbooks treating more
advanced topics. We selected a representative text in each of severa areasthat are particularly

pertinent to the health sciences.

Word Count; 4886
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Links for Data Sources

Agency for Hedlthcare Research and Quality  http://www.ahcpr.gov/datal

American Cancer Society http://www.cancer.org/

American Public Hedth Association http://imwww.apha.org/public_hedth/

Bureau of Labor Statistics http://stats.bls.oov/datahome.htm

Center for Internationa Earth Science Information Network  http:/Amww.ciesn.org/

Centersfor Disease Control  http://www.cdc.gov/scientific.htm

Fedstats http://www.fedstats.gov

Nationa Cancer Institute http://cancernet.nci.nih.gov/satistics.shtml

Nationa Center for Hedth Statistics http://mww.cdc.gov/nchs/

Nationd Highway and Traffic Safety Adminigtration http://www-fars.nhtsadot.gov/

Nationd Ingtitutes of Hedlth http:/AMww.nih.oov

Nationd Survey of Americas Families http://newfederaism.urban.org/nsaf/cpuf/index.htm

Research Forum on Children Families and the New Federalism  http://mww.researchforum.org/

U.S. Bureau of the Census http://mww.census.gov

World Hedlth Organization hitp:/Aww.who.int/whos's
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