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PART
 I

Understanding, Controlling, and Preventing Infectious Diseases

SECTION A: Epidemiology and Control of Infectious Diseases

Epidemiology is the study of the distribution and determinants of disease 
or other health-related states or events in specified populations and the 
application of this study to the control of health problems.1 A key com-
ponent of this definition is that epidemiology focuses on populations, 
an emphasis that distinguishes epidemiology from clinical case studies, 
which focus on individual subjects.

Health events can be characterized by their distribution (descriptive 
epidemiology) and by factors that influence their occurrence (analytic 
epidemiology). In both descriptive and analytic epidemiology, health-
related questions are addressed using quantitative methods to identify 
patterns or associations from which inferences can be drawn and inter-
ventions developed, applied, and assessed.

DESCRIPTIVE EPIDEMIOLOGY

Surveillance
The goals of descriptive epidemiology are to define the frequency of 
health-related events and determine their distribution by person, place, 
and time. The foundation of descriptive epidemiology is surveillance, or 
case detection. Retrospective surveillance identifies health events from 
existing data, such as clinical or laboratory records, hospital discharge 
data, and death certificates. Prospective surveillance identifies and col-
lects information about cases as they occur, for example, through ongoing 
laboratory-based reporting.

With passive surveillance, case reports are supplied voluntarily by clini-
cians, laboratories, health departments, or other sources. The complete-
ness and accuracy of passive reporting are affected by whether reporting 
is legally mandated, the ease of establishing a definitive diagnosis for the 
disease under surveillance, illness severity, interest in and awareness of 
the medical condition among the public and the medical community, and 
by whether a report will elicit a public health response. Because more 
severe illness is more likely to be diagnosed and reported, the severity 
and clinical spectrum of passively reported cases often differ from those 
of all cases of an illness. Weekly and annual state counts of passively 
collected reports of nationally notifiable diseases are available on the 
National Notifiable Diseases System (NNDSS) Data and Statistics web 
page (https://wwwn.cdc.gov/nndss/data-and-statistics.html).

In active surveillance, an effort is made to ascertain all cases of a condi-
tion occurring in a defined population. Active case finding can be pro-
spective (through routine contacts with reporting sources), retrospective 
(through record audit), or both. Population-based active surveillance, in 
which all cases in a defined geographic area are identified and reported, 
provides the most complete and unbiased ascertainment of disease and is 
optimal for describing the rate of a disease and its clinical spectrum. By 
contrast, active surveillance conducted at only one or several participat-
ing facilities, often referred to as sentinel surveillance, can yield biased 
information on disease frequency or spectrum based on the representa-
tiveness of the patient population and the size of the sample obtained. The 
range and severity of clinical symptoms also influence whether active sur-
veillance is able to ascertain all cases of a disease; individuals with mild 
disease may not present to a physician for diagnosis. 

Case Definition
Establishing a standard case definition is a necessary first step for sur-
veillance and description of the epidemiology of a disease or health 
event.2 Formulation of a case definition is particularly important when 
laboratory diagnostic testing results are not definitive. More restric-
tive case definitions have greater specificity and minimize misclassi-
fication of persons without the condition of interest as cases; however, 
they can exclude true cases and may be most useful when investigating 
a newly recognized condition, in which the ability to determine etiol-
ogy, pathogenesis, or risk factors is decreased by inclusion of noncases 
in the study population. A more inclusive definition can be important 
in an outbreak setting to increase sensitivity to detect potential cases 
for further investigation or to inform application of preventive inter-
ventions (e.g., reactive vaccination campaigns). Multiple research or 
public health objectives can be addressed by developing a tiered case 
definition that incorporates varying degrees of diagnostic certainty for 
confirmed, probable, and suspected cases. The Council of State and Ter-
ritorial Epidemiologists (CSTE) provides uniform surveillance case defi-
nitions for nationally notifiable infectious and noninfectious conditions 
(https://wwwn.cdc.gov/nndss/case-definitions.html). 

Sensitivity, Specificity, and Predictive Value
Sensitivity, specificity, and predictive values can be used to quantify the 
performance of a case definition or the results of a diagnostic test or algo-
rithm (Table 1.1). Sensitivity and specificity are intrinsic measures of a 
case definition or diagnostic test, whereas predictive values vary with the 
prevalence of a condition within a population. Even with a highly specific 
diagnostic test, if a disease is uncommon among the people tested, a large 
proportion of positive test results will be false positives, and the positive 
predictive value will be low (Table 1.2). If the test is applied more selec-
tively, such that the proportion of people tested who truly have disease 
is greater, the test’s predictive value will be improved. Thus, predictive 
values depend both on test sensitivity and specificity, and on the disease 
prevalence in the population in which the test is applied, also called the 
pre-test probability.

Often, the sensitivity and specificity of a test are inversely related. 
Selecting the optimal balance of sensitivity and specificity depends on the 
purpose for which the test is used. Generally, a screening test should be 
highly sensitive, whereas a follow-up confirmatory test should be highly 
specific. 

Incidence and Prevalence
Characterizing disease frequency is one of the most important aspects of 
descriptive epidemiology. Frequency measures typically include a count 
of new or existing cases of disease as the numerator and a quantifica-
tion of the population at risk as the denominator. Cumulative incidence 
is expressed as a proportion and describes the number of new cases of 
an illness occurring in a fixed at-risk population over a specified period 
of time. The incidence density or incidence rate is the rate of new cases 
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of disease in a dynamic at-risk population; the denominator typically is 
expressed as the population-time at-risk (e.g., person-time).

Because the occurrence of many infections varies with season, extrap-
olating annual incidence from cases detected during a short observation 
period can be inaccurate. In describing the risk of acquiring illness dur-
ing a disease outbreak, the attack rate, defined as the number of new cases 
of disease occurring in a specified population and time period, is a useful 
measure. Finally, the case-fatality rate, or proportion of cases of a disease 
that result in death, is used to quantify the mortality resulting from a 
disease in a particular population and time period.

Prevalence refers to the proportion of the population having a con-
dition at a specific point in time. As such, it is a better measure of 
disease burden for chronic conditions than is incidence or attack rate, 
which identify only new (incident) cases. Prevalent cases of disease 
can be ascertained in a cross-sectional survey, whereas determining 
incidence requires longitudinal surveillance. When disease prevalence 
(P) is low and incidence (I) and duration (D) are stable, prevalence 
is a function of disease incidence multiplied by its average duration 
(P = I × D). 

Describing Illness by Person, Place, and Time
Characterizing disease by person, place, and time is often useful. Demo-
graphic variables, including age, sex, socioeconomic status, and race or 
ethnicity, often are associated with the risk of disease. Describing a dis-
ease by place can help define risk groups, for example, when an illness is 
caused by an environmental exposure or is vector borne, or during an 
outbreak with a point source exposure. Time also is a useful descriptor of 
disease occurrence. Evaluating long-term (secular) trends provides infor-
mation that can be used to identify emerging health problems or to assess 

the impact of prevention programs. The timing of illness in outbreaks can 
be displayed in an epidemic curve (Fig. 1.1) and can be useful in defin-
ing the mode of transmission or incubation period, or for assessing the 
effectiveness of control measures. 

ANALYTIC EPIDEMIOLOGY

Study Design
The goal of analytic epidemiologic studies is to assess for and quantify 
the association between an exposure and a health outcome. This goal can 
be addressed in experimental or observational studies. In experimental 
studies, hypotheses are tested by systematically allocating an exposure of 
interest to subjects in separate groups to achieve the desired comparison. 
Such studies include randomized, controlled, double-blind treatment 
trials as well as laboratory experiments. By carefully controlling study 
variables, investigators can restrict differences among groups and thereby 
increase the likelihood that the observed differences are a consequence 
of the specific factor being studied. Because experiments are prospective, 
the temporal sequence of exposure and outcome can be established, mak-
ing it possible to define cause and effect.

By contrast, observational studies test hypotheses using observational 
methods to assess exposures and outcomes among individual subjects in 

TABLE 1.2  Positive and Negative Predictive Values for a Hypothetical 
Diagnostic Test Having a Sensitivity of 90% and a Specificity of 90%

Proportion With 
Condition

Positive Predictive 
Value

Negative Predictive 
Value

1% 8% >99%

10% 50% 99%

20% 69% 97%

50% 90% 90%
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FIGURE 1.1. Example of an epidemic curve for a common source outbreak 
with continuous exposure. Cases of hepatitis A by date of onset in Fayetteville, 
Arkansas, from November to December 1979. (From Centers for Disease Control 
and Prevention, unpublished data.)

TABLE 1.1  Definitions and Formulas for the Calculation of Important Epidemiologic Parameters

Measures of test 
accuracy

Sensitivity: Proportion of true positive (diseased) with a 
positive test result

A/(A + C)

Specificity: Proportion of true negative (nondiseased) with a 
negative test result

D/(B + D)

Positive predictive value (PPV): Proportion of positive test 
results that are true positives

A/(A + B)

Negative predictive value (NPV): Proportion of negative test 
results that are true negatives

D/(C + D)

Measures of data 
dispersion and 
precision

Variance: Statistic describing variability among individual 
members of a population
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Standard deviation (SD): A second, more commonly used 
statistic describing variability among individual members 
of a population

Variance

Standard error (SE): Statistic describing the variability 
of sample-based point estimates (P) around the true 
population value being estimated

SD

√n

Confidence interval: A range of values that is believed to 
contain the true value within a defined level of certainty 
(usually 95%)

—
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populations and to identify statistical associations from which inferences 
regarding causation are drawn. Although observational studies can-
not be controlled to the same degree as experiments, they are practical 
in circumstances in which exposures or behaviors cannot be assigned. 
Moreover, the results often are more generalizable to a real population 
having a wide range of attributes. The 3 basic types of observational stud-
ies are cohort studies, cross-sectional studies, and case-control studies 
(Table 1.3). Hybrid study designs, incorporating components of these 3 
types, also have been developed.3 In planning observational studies, care 
must be taken in the selection of participants to minimize the possibility 
of bias. Selection bias results when study subjects have differing prob-
abilities of being selected and the probability of selection is related to the 
risk factors or outcomes under evaluation.

In contrast to experimental or observational studies that analyze infor-
mation about individual subjects, ecologic studies draw inferences from 
data on a population level. Causal inferences from ecologic studies must 
be made with caution because relationships observed on a population 
level do not necessarily apply on the individual level (a problem known 
as the ecologic fallacy). Because of these drawbacks, ecologic studies are 
suited best for generating hypotheses that can be tested using other study 
methods.

Cohort Studies
In a cohort study, subjects are categorized based on their exposure to a 
suspected risk factor and are observed for the development of disease or 
other health-related outcome. Associations between exposure and dis-
ease are expressed by the relative risk of disease, or risk ratio, in exposed 
and unexposed groups (Table 1.4). Cohort studies typically are pro-
spective, with exposure defined before disease occurs. However, cohort 
studies also can be retrospective, in which the cohort is selected after 
the outcome has occurred. In this case, exposures are determined from 
existing records that preceded the outcome, and thus the directional-
ity of the exposure-disease relationship is still forward. Characterizing 
exposures before development of disease is a major benefit of cohort 
studies because this approach minimizes selection bias and simplifies 
inference of cause and effect. Another advantage of cohort studies is that 
they can be used to assess multiple potential outcomes resulting from 

an exposure. However, in a cohort study it can be difficult to investigate 
multiple exposures as risk factors for a single outcome. Cohort studies 
also are impractical for studying rare diseases or conditions with a long 
latent period between exposure and the onset of clinical illness. In gen-
eral, cohort studies are unsuited for investigating risk factors for new or 
rare diseases or for generating new hypotheses about possible exposure-
disease relationships.

Cohort studies provide data not only on whether an outcome occurs 
but also, for those experiencing the outcome, on when it occurs. Analysis 
of time-to-event data for outcomes such as death or illness is a power-
ful approach to assess or compare the impacts of preventive or therapeu-
tic interventions. The probability of remaining event-free over time can 
be expressed in a survival curve where the event-free probability is ini-
tially 1 and declines in a step-function as the outcomes of interest occur 
(Fig. 1.2A). Time-to-event data also can be displayed as the cumulative 
hazard of an event occurring among members of a cohort that increases 
from 0 at enrollment (Fig. 1.2B). These 2 approaches are related in that 
the hazard reflects the incident event rate, whereas survival reflects the 
cumulative nonoccurrence of that outcome.4,5 With time-to-event analy-
sis, the association between exposure and disease often is expressed as a 
hazard ratio. Like relative risk, the hazard ratio is a comparative measure 
of risk between exposed and unexposed groups. The primary difference 
is that the hazard ratio compares event experience over the entire time 
period, whereas the relative risk compares cumulative event occurrence 
at the study endpoint.6 

Cross-Sectional Studies
In a cross-sectional study, or survey, a sample is selected, and at a single 
point in time exposures and outcome are determined. Outcomes can 
include disease status or behaviors and beliefs, and multiple exposures 
can be evaluated as explanations for the outcome. Associations are char-
acterized by the prevalence ratio, similar to the risk ratio in cohort stud-
ies. Because neither exposures nor outcomes are used in selection of the 
study group, prevalence is an estimate of that in the overall population 
from which the sample was drawn. National survey data characterizing 
health status, behaviors, and medical care are available from the National 
Center for Health Statistics (http://www.cdc.gov/nchs/index.htm). 

TABLE 1.3  Types of Observational Studies and Their Advantages and Disadvantages

Type of Study Design and Characteristics Advantages Disadvantages

Cohort Prospective or retrospective Ideal for outbreak investigations in defined 
populations

Unsuited for rare diseases or those with 
long latency

Select study group Prospective design ensures that exposure 
preceded disease

Expensive

Observe for exposures and disease Selection of study group is unbiased by 
knowledge of disease status

Can require long follow-up periods

Outcome measures used: Relative risk (RR) or 
hazard ratio (HR) of disease given exposure

RR and HR accurately describe risk given 
an exposure

Difficult to investigate multiple exposures

Cross-sectional Nondirectional Rapid, easy to perform, and inexpensive Timing of exposure and disease can be 
difficult to determine

Select study group Ideal to determine knowledge, attitudes, 
and behaviors

Biases can affect recall of past exposures

Determine exposure and disease status

Outcome measures used: Prevalence ratio for 
disease given exposure

Case-control Retrospective Rapid, easy to perform, and inexpensive Timing of exposure and disease can be 
difficult to determine

Identify cases with disease Ideal for studying rare diseases, those with 
long latency, new diseases

Biases can occur in selecting cases and 
controls and determining exposures

Identify controls without disease OR only provides an estimate of the RR if 
disease is rare

Determine exposures in cases and controls

Outcome measures used: Odds ratio (OR) for 
an exposure given disease

http://www.cdc.gov/nchs/index.htm
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Case-Control Studies
In a case-control study, the investigator identifies a group of people with a 
disease or outcome of interest (cases) and compares their exposures with 
those in a selected group of people who do not have disease (controls). 
Differences between the groups are expressed by an odds ratio, which 
compares the odds of an exposure in case and control groups (Table 1.4). 
The odds ratio is not the same as a risk ratio; however, it provides an 
estimate of the risk ratio if the disease or outcome in question is rare. 
Case-control studies are retrospective in that disease status is known and 
serves as the basis for selecting the 2 comparison groups; exposures are 
then determined by reviewing available records or by interview.

A major advantage of case-control studies is their efficiency in study-
ing uncommon diseases or diseases with a long latency. Case-control 
studies also can evaluate multiple exposures that may contribute to a 
single outcome; study subjects frequently can be identified from existing 
sources (e.g., hospital or laboratory records, disease registries, or surveil-
lance reports), and after identification of suitable control subjects, data 
on previous exposures can be collected rapidly. Case-control studies also 
have several drawbacks. Bias can be introduced during selection of cases 
and controls and in determining exposures retrospectively, and inferring 
causation from statistically significant associations can in some situations 
be complicated by difficulty in determining the temporal sequence of 
exposure and disease. 

Causal Inference and the Impact of Bias
The impact of potential bias is particularly important in observational 
studies. The validity of a study is the degree to which inferences drawn 
from a study are warranted. Internal validity refers to the correctness of 
study conclusions for the population from which the study sample was 
drawn, whereas external validity refers to the extent to which the study 
results can be generalized beyond the population sampled. The validity of 
a study can be affected by bias, or systematic error, in selecting the study 
participants (sampling), in ascertaining their exposures, or in analyzing 
and interpreting study data. For errors to result in bias, they must be sys-
tematic, or directional. Nonsystematic error (random misclassification) 
decreases the ability of a study to identify a true association but does not 
usually result in detection of a spurious association.

Several sources of bias can occur in selection of study participants 
(Box 1.1).7 Diagnosis bias results when persons with a given exposure are 
more likely to be diagnosed as having disease than are people without 
the exposure (or vice versa); this can occur because diagnostic testing 
is more or less likely to be done based on exposure or because the inter-
pretation of a test may be affected by knowledge of exposure status. For 

hospital-based studies, differential referral also can bias selection of a 
study sample. This bias would occur if, for example, the frequency of an 
exposure varied with socioeconomic status and a hospital predominantly 
admitted persons from either a high-income group or a low-income 
group. Bias also can occur when eligible subjects refuse to participate in 
a study.

Determination of exposures can also be affected by several types of 
bias. Recall of exposures can be different for persons who have had an 
illness compared with people who were well. This bias occurs in either 
direction: patients may be more likely to remember an exposure that 
they associate with their illness (e.g., what was eaten before an episode 
of diarrhea) or less likely to recall an exposure if a severe illness affected 
memory. Interviewers can introduce bias by questioning cases and con-
trols differently about their exposures. Misclassification of exposures can 
also result from errors in measurement such as can occur with the use of 
an inaccurate laboratory test. Although systematic misclassification can 
result in bias, misclassification of exposure often is random rather than 
systematic.

Even a carefully designed study that minimizes potential biases can 
lead to erroneous causal inferences. An exposure can falsely appear to be 
associated with disease because it is closely linked to the true, but unde-
termined, risk factor. For example, race often is found to be associated 
with the risk of a disease, but in many instances the true risk factor is 
likely an unmeasured variable that is associated with race, such as socio-
economic status. The risk of making incorrect inferences can be mini-
mized by considering certain general criteria for establishing causation. 
These criteria include the strength of an association, the presence of a 
dose-response effect, a clear temporal sequence of exposure to disease, 
the consistency of findings with those of other studies, and the biologic 
plausibility of the hypothesis.8 

Statistical Analysis

Characteristics of Populations and Samples
While epidemiologic analysis seeks to draw valid conclusions about popu-
lations, the entire population rarely is included in a study. An assumption 
underlying statistical analysis is that the sample evaluated was selected 
randomly from the population. Often, this criterion is not met and calls 
into question the appropriateness and interpretation of statistical analyses.

The mean, median, and mode describe central values for samples and 
populations. The arithmetic mean is the average, determined by sum-
ming individual values and dividing by the sample size. When data are 
not normally distributed, or skewed, calculation of a geometric mean can 
limit the impact of outlying values. The geometric mean is calculated by 

TABLE 1.4  Measures of Association, Risk, and Impact

Absolute measures of 
association and risk

Absolute risk reduction (ARR), excess risk, or at-
tributable risk: Difference in the incidence of the 
outcome between exposed and unexposed

(A/(A + B)) − (C/(C + D))

Number needed to treat (NNT): Number of indi-
vidual subjects who must receive an intervention 
(or exposure) to prevent one negative outcome

1/ARR

Relative measures of 
association and risk

Relative risk or risk ratio (RR): Risk (probability) of 
a health event in those with a given exposure 
divided by the risk in those without the exposure

A A B
C C D)

( )
(

+
+

Odds ratio (OR): Odds of a given exposure among 
those with a health event divided by odds of 
exposure among those without the health event

AD/BC

Measure of impact Population attributable fraction: The proportion 
of disease in a population that results from the 
specific exposure

[Pe (RR − 1)]/[1 + Pe (RR − 1)] 
[ Proportion exposed, Pe = (A + B)/ 
(A + B + C + D)]

Vaccine efficacy/effectiveness (VE): The percentage 
reduction in incidence of a disease among per-
sons who have received a vaccine compared with 
the incidence in persons who have not received 
the vaccine

(1 − RR) × 100
or
(1 − OR) × 100
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taking the nth root of the product of all the individual values, where n is 
the total number of individual values. For example, immunogenicity of 
vaccines is usually expressed by the geometric mean titer. The median, or 
middle value, is another way to describe nonnormally distributed data. 
The mode, or most commonly occurring value in a sample, rarely is used.

Several measures can be used to describe the variability in a sample. 
The range describes the difference between the highest and lowest value, 
whereas the interquartile range defines the difference between the 25th 
and 75th percentiles. Variation among individual elements most often 
is characterized by the variance or standard deviation. The variance is 
the mean of the squared deviation of each observation from the sam-
ple’s mean. The standard deviation is the square root of the variance 

(Table  1.1). For a normally distributed population, 68% of values fall 
within 1 standard deviation of the mean, and 95% of values fall within 
1.96 standard deviations.

When analyzing a sample, the mean or other statistics describing the 
sample represent a point estimate of that parameter for the entire popula-
tion. If another random sample were drawn from the same population, 
the point estimate for the parameter of interest likely would be differ-
ent, depending on the variability in the population and the sample size 
selected. The standard error is used to describe the precision of a point 
estimate (e.g., mean, odds ratio, relative risk) and depends on sample 
standard deviation and the sample size (Table 1.1).

A confidence interval defines a range of values that includes the true 
population value within a defined level of certainty. Most often, the 95% 
confidence interval is presented (Table 1.1). 

Absolute and Relative Measures of Association
Measures of association are used to assess the strength of an association 
between an exposure and an outcome. In a cohort study, the absolute risk 
reduction (also known as excess risk, attributable risk, or risk difference) 
is the difference in the incidence of the outcome between exposed and 
unexposed subjects. The number needed to treat (NNT) is a measure of the 
number of individual subjects who must receive a treatment to prevent a 
single negative outcome and is calculated as the reciprocal of the absolute 
risk reduction. In addition to absolute measures, relative measures also 
are useful for describing the strength of an association. In a cohort study 
or survey, the relative risk or risk ratio compares the risk of disease for 
subjects with versus subjects without an exposure (Table  1.4). In case-
control studies, association is assessed by the odds ratio, which compares 
the odds of exposure among subjects with and without a disease or health 
outcome; when disease is uncommon (<10%) in both exposed and unex-
posed groups, the odds ratio approximates the relative risk. For time-
to-event analyses, the comparative risk is expressed as the hazard ratio. 
Odds ratios, relative risks, and hazard ratios >1 signify increased risk 
given exposure, and values <1 suggest that exposure decreases the risk 
of an outcome. Because observational studies generally do not include 
all members of a population, these measures of association represent an 
estimate of the true value within the entire population. Statistical analyses 
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FIGURE 1.2. Example of Kaplan-Meier and cumulative hazard curves. (A) 
Survival plot for critically ill patients with Streptococcus pneumoniae bacteremia 
treated with monotherapy or combination therapy. (B) Cumulative hazard of 
tympanostomy tube placement from 2 months until 4–5 years of age in children 
who received pneumococcal conjugate vaccine (PncCRM) or a control vaccine 
(hepatitis B vaccine [HBV]). ([A] Redrawn from Baddour LM, Yu VL, Klugman KP, 
et al. Combination antibiotic therapy lowers mortality among severely ill patients 
with pneumococcal bacteremia. Am J Respir Crit Care Med. 2004;170:440–444. 
[B] Redrawn from Palmu AAI, Verho J, Jokinen J, et al. The seven-valent 
pneumococcal conjugate vaccine reduced tympanostomy tube placement in 
children. Pediatr Infect Dis J. 2004;23:732–738.)

BOX 1.1 Potential Sources of Bias in Observational Studiesa

BIAS IN CASE ASCERTAINMENT AND CASE/CONTROL 
SELECTION

	•	 	Surveillance	bias:	differential	surveillance	or	reporting	for	exposed	
and unexposed

	•	 	Diagnosis	bias:	differential	use	of	diagnostic	tests	in	exposed	and	
unexposed

	•	 	Referral	bias:	differential	admission	to	hospital	based	on	an	expo-
sure or a variable associated with exposure

	•	 	Selection	bias:	differential	sampling	of	cases	based	on	an	exposure	
or a variable associated with exposure

	•	 	Nonresponse	bias:	differential	outcome	or	exposures	of	respond-
ers and nonresponders

	•	 	Survival	bias:	differential	exposures	between	those	who	survive	to	
be included in a study and those who die following an illness

	•	 	Misclassification	bias:	systematic	error	in	classification	of	disease	
status 

BIAS IN ESTIMATION OF EXPOSURE

	•	 	Recall	bias:	differential	recall	of	exposures	based	on	disease	
status

	•	 	Interviewer	bias:	differential	ascertainment	of	exposures	based	on	
disease status

	•	 	Misclassification	bias:	systematic	errors	in	measurement	or	
 classification of exposure

aA more complete listing is provided by Sackett.7
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can help guide investigators in making causal inferences based on point 
estimates of these measures of association. 

Statistical Significance
Statistical tests are applied to assess the likelihood that the study results 
were obtained by chance alone rather than representing a true differ-
ence within the population. Most investigators consider a P value <0.05 
as being statistically significant, indicating a <5% risk that the observed 
association is the result of chance alone (designated a type I error, the 
probability of which is the alpha level). Although use of this cutoff for 
significance testing has become conventional, ignoring higher P values 
can lead to missing a real and important association, whereas blind faith 
in the significance of lower P values can lead to erroneous conclusions. 
Statistical testing should contribute to, but not replace, criteria for evalu-
ating possible causation.

Statistical significance also can be defined based on 95% confidence 
intervals, which approximately correspond to a P value of 0.05. An odds 
ratio, relative risk, or hazard ratio is considered statistically significant if 
the 95% confidence interval does not include 1. An advantage of using 
confidence intervals to define statistical significance is that they provide 
information on whether a finding is statistically significant and on the 
possible range of values for the point estimate in the population, with 
95% certainty.

One pitfall in interpreting statistical significance is ignoring the mag-
nitude of an effect in favor of its “significance.” A very large, overpowered 
study can identify as significant a small, perhaps trivial, difference among 
study groups. Some epidemiologists have proposed that, despite statisti-
cal significance, odds ratios <2 or 3 in an observational study should not 
be interpreted because unidentified bias or confounding could account 
for a difference of this magnitude.9 Conversely, the relative risk or odds 
ratio associating an exposure and outcome can be large, but if the expo-
sure is uncommon in both groups, it cannot explain most cases of ill-
ness. The public health importance of an exposure can be described by 
the population-attributable fraction, or the proportion of the disease in a 
population that is related to the exposure of interest. 

Sample Size
Another type of error in epidemiologic studies is when a study fails to 
identify a true risk factor as statistically significant (designated a type II 
error, the probability of which is the beta level). The probability of a type 
II error is higher when the sample size is small. Often, the type II error 
rate is set at 0.2, indicating acceptance of a 20% likelihood that a true dif-
ference exists but would not be identified by the study. Statistical power is 
defined as 1 − β and is the complement of the probability of committing a 
type II error (β); that is, power is the probability of correctly identifying a 
difference of specified size among groups, if such a difference truly exists. 
The problem of inadequate sample size in clinical studies was highlighted 
in an analysis of “negative” randomized controlled trials reported in 3 
leading medical journals between 1975 and 1990. Of 70 reports, only 16% 
and 36% had sufficient statistical power (80%) to detect a true 25% or 
50% relative difference, respectively, among treatment groups.10

In calculating sample sizes for testing hypotheses, investigators must 
select acceptable rates of type I and type II errors and define the magni-
tude of the difference in outcomes that is deemed clinically important. 
Sample size calculations can be performed using a range of computer soft-
ware. The program Epi-Info can be used to perform sample size calcula-
tions as well as other statistical functions and is available at no charge from 
the Centers for Disease Control and Prevention (www.cdc.gov/epiinfo/).

Ensuring an adequate sample size is particularly important for stud-
ies attempting to prove equivalence or noninferiority of a new treatment 
compared with standard therapy. Food and Drug Administration guid-
ance recommends that noninferiority trials adopt a null hypothesis that a 
difference exists among treatments; this hypothesis is rejected if the lower 
95% confidence limit for the new treatment is within a specified margin 
of the point estimate for standard therapy. Because the null hypotheses 
can never be proven or accepted, the failure to reject a null hypothesis of 
no difference among treatments or exposure does not prove equivalence. 
The importance of this distinction is illustrated by an analysis of 25 stud-
ies claiming equivalence of therapies for pediatric bacterial meningitis. 
Twenty-three studies claimed equivalence based on a failure to detect a 

significant difference among treatment groups. However, only 3 of these 
trials were adequately powered to exclude a 10% difference in mortality, 
thus showing that many studies potentially missed a clinically significant 
difference.11

In some situations, an investigator would want to detect a significant 
difference among study groups as soon as possible, for example, when a 
therapeutic or preventive intervention could be applied once a risk group 
is identified or when concerns exist about the safety of a drug or vaccine. 
One approach to this situation is to include in the study design an interim 
analysis after a specified number of subjects are evaluated. Because the 
likelihood of identifying chance differences as significant increases with 
the number of analyses, it is recommended that the threshold for defining 
statistical significance should become more stringent as the number of 
planned analyses increases.12 If each interim analysis can lead the inves-
tigators to stop the trial, this study design is considered a group sequen-
tial method.13 Another example of a group sequential design is when 
concordance or discordance in outcome is tabulated for each matched 
set exposed to alternate treatments. Results for each set are plotted on a 
graph, and data collection continues until a preset threshold for a signifi-
cant difference among study groups is crossed or no significant difference 
is detected at a given power.12 

Statistical Inference
Statistical testing is used to determine the significance of differences 
among study groups, and thus it provides guidance on whether to accept 
or reject the null hypothesis. Although providing details of specific statis-
tical tests is outside the scope of this chapter, Table 1.5 gives examples of 
statistical tests that can be applied in analyzing different types of exposure 
and outcome variables.

Using appropriate analytic and statistical methods is important in 
identifying significant predictors of an outcome (i.e., risk factors) cor-
rectly. Confounding variables are associated with the disease of inter-
est and with other exposure variables and are not part of the causal 
pathway between the other exposure(s) and the outcome. For example, 
consider a study attempting to determine whether meningococcal vac-
cination decreases nasopharyngeal carriage of Neisseria meningitidis. If 
frequent attendance at social events is associated with increased car-
riage and also with a decreased chance of receiving vaccine, then failure 
to adjust for social event attendance as a confounding variable could 
lead to overestimation of the relationship between vaccination and car-
riage reduction. Meanwhile, effect modifiers interact with other risk fac-
tors to affect their impact on outcome but may or may not be associated 
with the outcome on their own. Frequently, age is an effect modifier, 
with an exposure associated significantly with an outcome in one age 
group but not in another.

Several approaches are used to control for confounding variables and 
effect modifiers. In study design, an extraneous variable can be controlled 

TABLE 1.5  Types of Statistical Tests Used to Evaluate the Significance 
of Associations Among Categorical and Continuous Variables

Independent 
 Variable (Exposure, 
Risk  Factor)

Dependent Variable (Disease, Outcome)

Categorical and 
Dichotomous Continuous

CATEGORICAL

Dichotomous Chi-square test Student t-test (parametric)

Fisher exact test Wilcoxon rank sum test 
(nonparametric)

>2 categories Chi-square test Analysis of variance 
 (parametric)

Kruskal-Wallis test 
 (nonparametric)

CONTINUOUS Logistic regression Linear regression

Correlation (Pearson: 
parametric; Spearman: 
nonparametric)

http://www.cdc.gov/epiinfo/
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for by randomization, restricting sampling to one category of the variable 
or by frequency matching to obtain similar proportions of cases and con-
trols in each stratum of the variable. A more extreme form of matching is 
to select control subjects who are similar to individual cases for extrane-
ous variables (e.g., age, sex, underlying disease) and to analyze whether 
exposures are concordant or discordant within matched sets. A newer 
approach to study design is the case-crossover14 or case series15 analysis. 
In this method, exposures occurring in a defined risk period before the 
outcome are compared with exposures occurring outside the risk window 
for the same individual subjects. This approach has been adapted to the 
study of adverse events after vaccination. If the vaccine causes the event, 
the rate of the event will be greater within a defined risk window than pre-
dicted by chance alone based on the expected distribution of the event.16 
The strength of this approach is that each subject, or case, serves as his or 
her own control, thereby decreasing confounding.

At the analysis stage, the impact of confounding variables and effect 
modifiers can be limited by performing a stratified analysis or using a 
multivariable model. In a stratified analysis, the possible association 
between a risk factor and an outcome is determined separately within 
different categories, or strata, of the extraneous variable. If the extraneous 
variable is a confounder, the stratum-specific estimates should be similar 
to each other and can be combined into a single estimate using an appro-
priate statistical test (e.g., a Mantel-Haenszel odds ratio). If a stratifica-
tion variable is an effect modifier, the relative risk or odds ratio will differ 
substantially among the strata; for example, an exposure can be a strong 
risk factor in one age group but not another. In this setting, a summary 
statistic should not be presented, and results for each stratum should be 
presented separately. When the extraneous variable is confounding, strat-
ifying the analysis by the confounding variable may eliminate an appar-
ent association between the exposure and the outcome in the unstratified 
analysis and indicate that the exposure is not an independent risk factor 
for disease.

Because stratified analyses become confusing rapidly as the number of 
strata increases, techniques of statistical modeling have been developed 
that permit simultaneous control of multiple variables. Significant risk 
factors determined in a multivariable model are interpreted as each con-
tributing independently and significantly to the outcome, as the model 
controls for potential confounding from each included variable. Effect 
modification can be taken into account by including terms expressing the 
interaction between a risk factor and effect modifier in the model. Vari-
ous multivariable models are appropriate for discrete, continuous, and 
time-dependent outcomes.

A limitation of multivariable modeling is multicollinearity, which 
occurs when 2 or more explanatory variables of interest are highly corre-
lated and can result in inaccurate measures of association and decreased 
statistical power. The risk of multicollinearity can be reduced by assessing 
correlations among potential risk factors and selecting which variables to 
include in the model. Various methods to identify and minimize multi-
collinearity have been developed.17 

VACCINE EFFICACY AND EFFECTIVENESS STUDIES
Most prelicensure efficacy studies are experimental, randomized, dou-
ble-blind, controlled trials in which vaccine efficacy (VE) is calculated 
by comparing the attack rates (AR) for disease in the vaccinated and 
unvaccinated groups: VE (%) = (AR unvaccinated − AR vaccinated) / AR 
unvaccinated) × 100; or (1 − RR) × 100.

After licensure, conducting controlled studies, which requires with-
holding vaccine from a control group, is no longer ethical. Therefore, 
further studies must be observational rather than experimental, by 
comparing persons who have chosen to be immunized with those who 
have not. Such observational studies are said to assess vaccine effective-
ness rather than vaccine efficacy; however, the two measures use the same 
abbreviation, VE. In case-control vaccine effectiveness studies, vaccina-
tion status of persons with disease is compared with vaccination status 
of healthy control subjects in a real-world setting. The number of vac-
cinated and unvaccinated cases and controls is included in a 2×2 table, 
and vaccine effectiveness is calculated as 1 minus the odds ratio: VE (%) 
= (1 − OR) × 100. When the proportion of cases vaccinated is less than 
the proportion of vaccinated controls, the odds ratio is <1, and the point 
estimate for VE indicates that immunization is protective. The precision 
of the estimate is expressed by the 95% confidence interval. A lower 95% 

confidence limit that is >0% indicates statistically significant protection. 
However, the expected lower confidence limit often is much >0 to be con-
sistent with meaningful levels of protection. The most important com-
ponent of a case-control effectiveness study is selecting control subjects 
who have the same opportunity for immunization as do cases. If cases 
have less opportunity to be immunized, results will be biased toward 
showing protection. Factors such as low socioeconomic status, which can 
increase the risk of disease and decrease the chance of being immunized, 
are potential confounding variables and can be controlled for by match-
ing control subjects to cases for those factors.

Cohort studies also can be used to determine vaccine effectiveness after 
licensure. A study design called the indirect-cohort method was devel-
oped by researchers at the Centers for Disease Control and Prevention 
to evaluate the effectiveness of the pneumococcal polysaccharide vaccine 
by using data collected by disease surveillance.18 In this study, the cohort 
included persons identified with invasive pneumococcal infections. The 
study hypothesis was that if pneumococcal vaccines were protective, the 
proportion of vaccinated persons infected with pneumococcal serotypes 
that are included in the vaccine formulation would be less than the pro-
portion of unvaccinated persons infected with vaccine-type strains. Vac-
cine effectiveness was calculated from the relative serotype distributions 
overall and for each individual serotype. The point estimate of vaccine 
effectiveness for preventing invasive infection was 57% (95% confidence 
interval, 45%–66%)19; this estimate is similar to that obtained in a case-
control effectiveness study.20 

DISEASE CONTROL AND PUBLIC HEALTH POLICY

Outbreak Investigations
Outbreak investigations require knowledge of disease transmission and 
use of descriptive and analytic epidemiologic tools. Possible outbreaks 
can be identified from surveillance data showing an increased rate of an 
infection or an unusual clustering of infection by person, place, or time. 
Comparing the incidence rate of disease with a baseline rate from a previ-
ous period is helpful in validating the occurrence of an outbreak. Other 
explanations for changes in the apparent rate of disease occurrence, such 
as diagnostic error, seasonal variations, and changes in reporting, must 
be considered.

After identifying a potential outbreak, the next steps of an investiga-
tion are to develop a case definition, identify cases, and characterize the 
descriptive epidemiology of the outbreak. An epidemic curve depicts 
the number of cases over time and can provide information on possible 
transmission (Fig. 1.1). In an outbreak with a point source exposure, an 
index case may be identified, with other cases occurring after an incuba-
tion period or at multiples of an incubation period. Plotting the location 
of cases on a spot map can also be helpful in determining possible expo-
sures. Describing patients’ characteristics can be important in identify-
ing at-risk populations for further investigation or targeting of control 
measures, as well as for developing hypotheses that can be investigated 
in an analytic study.

Not all outbreaks can be traced to a point source exposure. Outbreaks 
and epidemics also can result from increased transmission of an endemic 
disease (i.e., a disease or condition that normally occurs in a specific 
population or area). In this situation, it can be challenging to determine 
when an increase in disease constitutes an outbreak rather than a nor-
mal fluctuation in disease incidence. To determine whether an outbreak 
is occurring, the current incidence of the disease must be compared with 
the baseline disease incidence in that area. Often, no standard definition 
exists for when an increase in endemic disease incidence constitutes an 
outbreak or epidemic. For instance, in US pertussis epidemics the thresh-
old for declaring an epidemic has varied by state. In California in 2010 
and 2014, an epidemic was declared when the statewide case counts had 
reached 5 times the number of cases observed in a year with baseline per-
tussis incidence. By contrast, in Washington State in 2012, an epidemic 
was declared when the incidence of pertussis reached 2 standard devia-
tions above the statewide 10-year average.

Cohort studies are optimal for investigating outbreaks that occur in 
small, well-defined populations, including in schools, childcare settings, 
social gatherings, and hospitals. In populations that are large and/or 
not well defined, a case-control study is the most feasible approach. It is 
important to select control subjects who had an opportunity equal to that 
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of cases for exposure to potential risk factors and development of disease. 
When the number of cases is relatively small, enrolling multiple control 
subjects per case increases the power of the study to find significant risk 
factors. After a standard questionnaire is administered, significant risk 
factors are determined by comparing exposures of cases and controls. The 
results of analyses can lead to inferences of causation and development 
of prevention and control strategies or to further hypotheses that can be 
evaluated later. The impact of intervention can be determined by ongoing 
surveillance and continued plotting of additional cases on the epidemic 
curve. 

Impact and Economic Analysis of Disease Prevention
Assessing health and economic impacts of public health interventions is 
important in developing or supporting policy decisions. Health impacts 
can be expressed directly as cases of disease, deaths, and sequelae pre-
vented. Vaccine efficacy is a specific example of the prevented fraction 
(PF), where PF = P (1 − RR), with P representing the proportion exposed 
to an intervention. Secondary measures of health impact include years of 
potential life lost (YPLLs) or quality-adjusted life-years (QALYs) lost, which 
quantify the impact of death, or death and disability, respectively, based 
on the age at which these events occur.21 A measure of the efficiency of 
an intervention is the number needed to treat which, as described above, 
indicates how many persons must be exposed to an intervention to avoid 
a single case of an adverse health outcome.

Cost-effectiveness analyses determine the cost per health outcome 
achieved, such as the cost per death or complication averted, and permit 
comparison of an intervention with other potential uses of resources. In 
a cost-effectiveness formula, costs appear in the numerator, and health 
benefits appear in the denominator. The numerator includes expendi-
tures for the prevention program, from which cost savings occurring with 
disease prevention are subtracted. In addition to direct costs averted (e.g., 
savings from decreased medical care), indirect cost savings occur from 
increased productivity of people who do not become ill or miss time from 
work while receiving care or caring for ill family members. Cost-utility 
calculations are similar to cost-effectiveness but assess cost per quality-
adjusted life-year saved or year of potential life lost averted.

Cost-benefit analyses differ from cost-effectiveness analyses in that 
the calculation is made entirely in economic terms. Health benefits are 
assigned an economic value, and expenditures are compared with sav-
ings. One problem with this approach lies in the difficulty of assigning an 
economic value to a health effect. For example, the value of a life saved 
may be quantified as the estimated value of a person’s earnings over his or 
her lifetime, lost earnings as a result of premature death, or by a standard 
amount; both economic and ethical issues can be raised by the choice 
of approach. Because the parameters used in economic analyses often 
are uncertain or based on limited data, and because choices made by 
the investigator (e.g., regarding the value of life) can be influential to the 
analysis, sensitivity analyses often are performed in which parameters are 
varied across a range of potential values. In addition to defining a range of 
possible economic outcomes, sensitivity analyses can identify the factors 
that most strongly influence the results, thus elucidating where further 
studies may be important. 

EVALUATING THE MEDICAL LITERATURE
Steps in reviewing published medical research are shown in Box 1.2.22 
The ability to assess published studies carefully often is limited by the 
information presented in the report. To improve reporting of ran-
domized controlled trials, a group of investigators and editors devel-
oped the Consolidated Standards of Reporting Trials (CONSORT)23 
(http://www.consort-statement.org/) and later extended these recom-
mendations to reporting randomized trials of noninferiority and equiva-
lences.24 Reporting often still does not adhere to the quality standards 
proposed.25,26 Although the guidelines refer to experimental rather than 
observational studies, most criteria apply to observational studies as well.

In assessing the medical literature, it is important to examine all pub-
lished work on a particular topic rather than relying on a single report 
and to evaluate the strength of the combined evidence from these reports. 
One framework for evaluating the literature on a topic is the Grading of 
Recommendations Assessment, Development and Evaluation (GRADE) 
approach, adopted by the US Advisory Committee on Immunization 

Practices (ACIP) in 2010 (www.cdc.gov/vaccines/acip/recs/GRADE/ 
about-grade.html). In GRADE, the strength of evidence for the relation-
ship between a particular intervention or exposure and an outcome is 
categorized into 4 hierarchical levels, from greatest to least27:
 1.  Randomized controlled trials, or overwhelming evidence from obser-

vational studies
 2.  Randomized controlled trials with important limitations, or excep-

tionally strong evidence from observational studies
 3.  Observational studies, or randomized controlled trials with notable 

limitations
 4.  Clinical experience and observations, observational studies with im-

portant limitations, or randomized controlled trials with several major 
limitations
To offset the impact of publication bias (i.e., the tendency to more 

often submit or publish reports of effectiveness than of noneffectiveness 
of a treatment), many countries require all clinical trials to be officially 
registered so that a record shows that the study was conducted even if 
the results are never published. Reviewing information on all registered 
clinical trials on a topic in addition to reviewing the published literature 
can provide a more complete picture of the effect of a particular inter-
vention or exposure. In the US, all clinical trials must be registered at 
clinicaltrials.gov; similar sites exist for other countries.

Understanding a Medical or Epidemiologic Study
Assessing the research hypothesis allows readers to determine the rel-
evance of the study to their practice and to judge whether the analyses 
were done to test the hypothesis or to identify other associations of inter-
est. The ability to make causal inferences from a confirmatory study that 
tests a single hypothesis is greater than from an exploratory study in 
which multiple exposures are considered as potential explanations for an 
outcome.

Several components of study design are important to consider. Details 
should be presented regarding the criteria for selecting the cohort or cases 
and controls. Exposure and outcome variables should be clearly defined, 
and the potential for misclassification and its impact should be consid-
ered. Quantifying exposure can be important to establish a dose-response 
relationship. Sample size estimates should be presented, making clear the 
magnitude of difference among study groups considered clinically mean-
ingful and the type I and type II error levels.

In the analysis, it is important that outcomes for all study subjects 
are reported, even if that outcome is “lost to follow-up.” Intent-to-treat 
analyses consider outcomes for all enrolled subjects, whether or not they 
completed the therapy (e.g., subjects who were nonadherent to therapy 
or who received only part of a vaccination series). By contrast, per proto-
col analyses include only those subjects who followed the study protocol 

BOX 1.2 Steps in the Critical Evaluation of Epidemiologic 
Literature

 1.  Consider the research hypothesis
 2.  Consider the study design
  •   Type of study
  •   Selection of study participants
  •   Selection and definition of outcome variables
  •   Selection and definition of exposure (predictor) variables
  •   Sample size and power
 3.  Consider the analysis
  •   Complete accounting of study subjects and outcomes
  •   Appropriateness of statistical tests
  •   Potential sources and impact of bias
  •   Potential impact of confounding and effect modification
 4.  Consider the interpretation of results
  •  	Magnitude	and	importance	of	associations
  •   Study limitations
  •   Ability to make causal inferences

From Greenberg RS. Medical Epidemiology. Norwalk, CT: Appleton and Lange; 1993.

http://www.consort-statement.org/
http://www.cdc.gov/vaccines/acip/recs/GRADE/about-grade.html
http://www.cdc.gov/vaccines/acip/recs/GRADE/about-grade.html
http://clinicaltrials.gov/
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throughout the full study duration. Usually, an intent-to-treat analysis is 
considered more conservative than a per protocol analysis, but this is not 
necessarily the case for noninferiority trials.

The appropriateness of the statistical tests should be assessed; for 
example, if data are not normally distributed, they can be transformed 
to a scale that is more normally distributed (e.g., geometric mean titers), 
or nonparametric statistical tests should be used. In assessing a multi-
variable model, the reader should critically evaluate the type of model 
chosen, the variables included, and whether interaction terms were 
considered. Missing data pose a particular problem for some modeling 
approaches in that study subjects may be included only if data are avail-
able for each variable in the model; thus, the power of a multivariable 
model can be much less than that predicted in a sample size calcula-
tion. Missing data are also a potential source of bias. Multiple imputation 
methods may be used in some situations to minimize problems arising 
from missing data.

Bias can have an important impact on study results and must be 
carefully considered. Approaches to minimize bias should be described 
clearly. The direction and potential magnitude of remaining bias should 
be estimated and its impact on results considered. Potential confound-
ing, the presence of important unmeasured variables, and possible effect 
modification can have a major impact on the results. Investigators should 
openly discuss the potential limitations of the investigation and describe 
the strategies applied to overcome those limitations.

Interpretation of study results includes assessing the magnitude of 
the associations, their relevance to practice, and the likelihood that the 
relationships observed are causal. The importance of an exposure in 
explaining an outcome can be expressed by the attributable proportion. 
However, the external validity of the results and the potential impact on 
one’s own patient population still must be assessed.

All references are available online at Elsevier eBooks for Practicing Clinicians.

Pediatric healthcare epidemiology is the study and analysis of the dis-
tribution (who, when, where) of patterns and determinants of health 
and disease conditions in healthcare settings where children receive 
healthcare or gather in locations where disease conditions could be pres-
ent. Prevention of healthcare-associated infections (HAIs) is the major 
goal and is an important component of quality and patient safety pro-
grams. Healthcare epidemiologists must be ready to meet the needs of 
the ever-changing healthcare systems and disease threats that emerge, 
often without warning. Healthcare facilities have learned from high-
reliability organizations (e.g., the aviation industry) the importance of 
adopting changes that include the leadership’s commitment to achiev-
ing zero patient harm, a fully functional culture of safety throughout the 
organization, and the widespread deployment of highly effective process 
improvement tools.1 The five principles of high reliability organizations 
are (1) preoccupation with failure; (2) reluctance to simplify (embrac-
ing complexity); (3) commitment to resilience; (4) sensitivity to opera-
tions; and (5) deference to expertise.2 Involvement of new stakeholders 
for improving patient safety and outcomes related to HAIs has broadened 
the arena for HAI prevention efforts. Regional and national collaboratives 
have facilitated the performance of well-designed studies to generate data 
that inform recommended practices applicable specifically to the pediat-
ric population.

Knowledge of the complexities of prevention and control of HAIs 
in children is critical to many different leaders in children’s healthcare 
facilities. The mere imposition of policies for adults on children could 
be inappropriate on one hand and would miss opportunities to prevent 
infections unique to children on the other hand. Active involvement of 
bedside staff and medical directors within the various pediatric subspe-
cialties has enhanced the implementation of effective infection control 
practices in areas such as pediatric intensive care units (PICUs), neonatal 
intensive care units (NICUs), oncology and transplant units, gastroenter-
ology units, and interventional radiology areas. As more disciplines in 
healthcare become engaged in prevention of HAIs and in antimicrobial 
stewardship, it is the responsibility of the healthcare epidemiologist and 
the infection prevention and control (IPC) staff (infection prevention-
ists, healthcare epidemiologists) to educate the facility leadership on the 
discipline of IPC.

IPC for the pediatric population is a unique discipline that requires 
understanding of various host factors, sources of infection, routes of 
transmission, behaviors required for care of infants and children, patho-
gens and their virulence factors, treatments, preventive therapies, and 
behavioral theory. Although the term nosocomial is applied accurately to 
infections that are acquired in acute care hospitals, the more general term, 
healthcare-associated infections (HAIs), is preferred because much care of 
high-risk patients, including patients with medical devices (e.g., central 
venous catheters, ventilators, ventricular shunts, peritoneal dialysis cath-
eters), has shifted to ambulatory settings, rehabilitation or long-term care 
facilities, and the home. Additionally, much opportunity for IPC of HAIs 
exists in office practice settings. Thus, the geographic location of acquisi-
tion of the infection often cannot be determined.

The principles of transmission of infectious agents in healthcare settings 
and recommendations for prevention are reviewed in the Healthcare and 
Infection Control Practices Advisory Committee (HICPAC) Guideline 
for Isolation Precautions: Preventing Transmission of Infectious Agents 
in Healthcare Settings, 2007,3 and in the Core Infection Prevention and 
Control Practices for Safe Healthcare Delivery in All Settings, 2017.4 The 
Council for Outbreak Response: Healthcare-Associated Infections and 
Antimicrobial Resistant Pathogens (CORHA)5 was formed in 2015 to 
bring together stakeholder organizations to improve practices and policies 
at the local, state and national levels for detection, investigation, control, 
and prevention of HAI/AR outbreaks across the healthcare continuum, 
including emerging infections and other risks with potential for healthcare 
transmission. Guidance on infection control practices related to antimicro-
bial resistant pathogens may be found on the Centers for Disease Control 
and Prevention (CDC) website6 and outbreak response on the CORHA 
website.5 The Society of Healthcare Epidemiology of America (SHEA) 
has published guidance for outbreak response and incident management 
to assist healthcare epidemiologists.7 The reader should consult the Hand-
book of Pediatric Infection Prevention and Control8 for more specific 
information related to the pediatric population. The World Health Organi-
zation (WHO) website should be consulted for new information concern-
ing emerging pathogens worldwide. A detailed discussion of HAIs can be 
found in Chapters 99 and 100. This chapter focuses on the components of 
an effective pediatric hospital epidemiology program.

2 Pediatric Healthcare: Infection Epidemiology, Prevention 
and Control, and Antimicrobial Stewardship
Jane D. Siegel and Joseph B. Cantey
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