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C HAPTER

Disease
Causation

Causation in one form or another is of central interest in most epide-
miologic studies. However, because most epidemiologic studies are observa-
tional in nature and are conducted in the field outside of direct or indirect
control of the investigator, proving causation is difficult if not impossible.
Thus, inferring cause and effect based on the results of observational stud-
ies and field trials is, to an extent, a matter of judgment (Susser 1977).
Therefore, a set of widely accepted guidelines is required to ensure a com-
mon basis for making inferences about causation.

5.1 Introductory Guidelines

The requirement for guidelines to assess causation is not a new or
unique problem (Evans 1978; Susser 1973). In the early years of the micro-
biologic era, guidelines were required to help evaluate whether an organism
should be considered the cause of a syndrome or disease. The Henle-Koch
postulates became widely accepted and have served this purpose for the
past century. In summary form they are: (1) the organism must be present
in every case of the disease; (2) the organism must not be present in other
diseases, or in normal tissues; (3) the organism must be isolated from the
tissue(s) in pure culture; and (4) the organism must be capable of inducing
the disease under controlled experimental conditions.

As far as is known, Koch did not believe in following all these postu-
lates slavishly; although he did believe that a causal agent should be present
in every case of the disease and should not be present in tissues of normal
animals. These guidelines led to the successful linking of organisms and
disease syndromes, and this allowed a dramatic improvement in our ability
to prevent and control a large number of so-called infectious diseases. If
the use of the Henle-Koch postulates has had a drawback, it probably lies
in the narrowing of the thought process about causation. Each disease was
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122 Il | Studying Disease in Animal Populations

perceived as having a single cause, and each agent was perceived as produc-
ing a single disease. On this basis, many diseases have been classified and
named according to the agent associated with them. For example, Esche-
richia coli is the cause of colibacillosis, and salmonella organisms are the
cause of salmonellosis. Although functional and in agreement with Koch’s
postulates, the linking of agents and diseases in this manner represents
circular reasoning and may not be as meaningful as one might first think.
Furthermore, it is now accepted that many factors in addition to microor-
ganisms are responsible for infectious diseases.

Partly because of the limitations of the Henle-Koch postulates to deal
with multiple etiologic factors, multiple effects of single causes, the carrier
state, nonagent factors such as age that cannot be manipulated experimen-
tally, and quantitative causal factors, epidemiologists and other medical
scientists have looked for different guidelines about causation. Examples of
these are the rules of inductive reasoning formulated by philosopher John
Stuart Mill (MacMahon and Pugh 1970; Susser 1973). His canons (exten-
sively paraphrased) may be summarized as the methods of agreement, dif-
ference, concomitant variation, analogy, and residue:

Method of Agreement. If a disease occurs under a variety of circum-
stances but there is a common factor, this factor may be the cause of the
disease. (This method is frequently used to identify possible causal factors
in outbreak investigations; one attempts to elucidate factors common to all
or most occurrences of the disease.)

Method of Difference. If the circumstances where a disease occurs are
similar to those where the disease does not occur, with the exception of one
factor, this one factor or its absence may be the cause of the disease. (This is
the basis of traditional experimental design; namely, keeping all factors
constant except the one of interest. It also provides the rationale for con-
trasting the characteristics and environments of diseased and nondiseased
animals in the search for putative causes.)

Method of Concomitant Variation. If a factor and disease have a dose-
response relationship, the factor may be a cause of the disease. (A factor
whose strength or frequency varies directly with disease occurrence is a
more convincing argument for causation than simple agreement or dif-
ference.)

Method of Analogy. If the distribution of a disease is sufficiently simi-
lar to that of another well understood disease, the disease of concern may
share common causes with the other disease. (This method is treacherous to
use, except as a general principle.)

Method of Residue. If a factor explains only X% of disease occur-
rence, other factors must be identified to explain the remainder, or residue
(i.e., 100 — X%). (This is often used in study design. For example, when
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studying the association between factor B and disease and if it is known
that factor A causes some of the disease, it may prove useful to perform the
study in animals or units not exposed to factor A.)

Although rarely used by epidemiologists in their original form, these
rules form the basis for many of the guidelines to be discussed. Formulat-
ing, evaluating, and testing hypotheses is central to epidemiologic research.

The basic problem in attempting to establish causation between a spe-
cific factor and a disease in observational field studies lies in the inability of
the investigator to ensure that other factors did not cause the event of
interest. In laboratory experiments, it is possible to demonstrate with a
great deal of certainty that a factor causes a disease, because of the ability
to control all the conditions of the study. Hence, in a well-designed labora-
tory experiment, if the difference in the rate of disease between exposed and
unexposed animals is statistically significant, most would accept a cause
and effect relationship has been established (Method of Difference). In a
field trial, despite the control provided over allocation to experimental
groups, other unknown factors may influence the outcomes. Hence, it is
not possible to state with the same degree of certainty that other factors did
not cause the event of interest. Thus, additional evidence, usually provided
by other workers repeating the study in their area and finding similar re-
sults, is required. In observational studies a large number of known and
unknown factors including sampling biases could lead to a difference in
rates of outcome in exposed and unexposed animals. One should not be
dismayed at this possibility, but to compensate for it the design of observa-
tional studies may have to be more complex than field trials. Also, some
additional guidelines are required to develop causal inferences based on the
results of observational studies.

A thorough discussion of current concepts on causation is beyond the
scope of this text. However, a unified set of guidelines has been published
(Evans 1978) and can be summarized as follows:

1. The incidence and/or prevalence of the disease should be higher in
individuals exposed to the putative cause than in nonexposed individuals.

2. The exposure should be more common in cases than in those
without the disease.

3. Exposure must precede the disease.

4. There should be a spectrum of measurable host responses to the
agent (e.g., antibody formation, cell mediated immunity). (This guideline
refers particularly to proximate causes of disease such as infectious and
noninfectious agents.)

5. Elimination of the putative cause should result in a lower incidence
of the disease.
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6. Preventing, or modifying, the host’s response should decrease or
eliminate the expression of disease.
7. The disease should be reproducible experimentally.

The last step is often extremely difficult to fulfill, particularly if a
number of cofactors in addition to the proximate agent are required to
produce the disease. Evans (1978) concludes with a plea to direct attention
not only to those factors that produce disease but also to those that produce
health. It is of paramount importance that veterinarians accept and act on
this plea, particularly for those involved in domestic animal industries.

The initial steps used by epidemiologists for assessing causation were
outlined in Chapter 1. Basically, the sequence is to demonstrate that a valid
association exists, to assess the likelihood (using judgment criteria) that a
causal association exists, and, if possible, to elaborate the nature of the
causal association.

5.2 Statistical Associations

For a factor to be causally associated with a disease, the rate of disease
in exposed animals must be different than the rate of disease in those not
exposed to the factor. This is equivalent to requiring that the frequency of
the factor in diseased individuals must be different from its frequency in
nondiseased individuals. Similarly, for a disease to cause a change in pro-
duction, the level of production must differ between animals having the
disease and those not having the disease. These conditions are necessary but
not sufficient for establishing causation (see 5.6.2). Since epidemiologists
frequently choose a qualitative variable such as disease occurrence, death,
or culling as the outcome (dependent variable), the format for displaying
these data and their relationship to a putative causal factor having two
levels (e.g., exposure or nonexposure to an agent; or possessing or not
possessing a factor, such as male versus female) is shown in Table 5.1. The
proportions or rates usually contrasted are also shown.

To evaluate the probability that sampling error might account for the
observed differences, a formal statistical test is required. If the observed
differences are deemed significantly different, it implies that chance varia-
tion due to sampling error is unlikely to have produced the observed dif-
ferences. Under these conditions one would say that the factor and the
disease were associated.

In declaring a difference to be statistically significant, one does not
imply that the difference was due to the exposure (independent variable); it
only implies that sampling error was unlikely to have produced the dif-
ference. Other factors besides chance or the independent variable could
have caused the differences.
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Table 5.1. A 2 x 2 table displaying the relationship between two dichotomous
variables, one the factor, the other the disease

The numbers of individuals (sampling units) in each of the four possible factor-disease
categories may be displayed using the following format:

Diseased Not diseased

D+ D- Total
Exposed (factor positive) F+ a b a+ b
Not exposed (factor negative)  F— ¢ d c+d

a+c b+d n=a+b+c+d

Lowercase characters indicate values are derived from a sample, whereas capital charac-
ters indicate population (census) values. Hence, for rates and proportions given below p
indicates an estimate (a statistic) from a sample, whereas P indicates the corresponding popu-
lation value (the parameter).

Proportion or rate of interest Sample notation Calculated using
Exposed p(F+) (@ + b)/n
Diseased p(D+) (@ + ¢)/n
Diseased and exposed p(F+ and D+) a/n
Diseased in the exposed group p(D+/F+) a/(a + b)
Diseased in the nonexposed group p(D+/F-) c/(c + d)
Exposed in the diseased group p(F+/D+) a/(a + ¢)
Exposed in the nondiseased group p(F+/D-) b/(b + d)

Note: As mentioned in Chapter 2, not all sample statistics are valid estimates of popula-
tion parameters in cohort and case-control studies. See Table 2.5 for details.

If only a few individuals or sampling units are included in a study, it is
quite likely that differences will be declared statistically nonsignificant (i.e.,
there is >5% probability the observed differences might have arisen be-
cause of sampling variation). In this situation, if the observed differences
could be of biologic importance one should not ignore the findings. In-
stead, one should act judiciously and assume the difference is real until
future studies either validate or refute the observation. On the other hand,
in extremely large samples trivial differences of no biologic importance
would be declared statistically significant because sampling error would be
minimal.

In selecting a statistical test, consider the type of data (qualitative and
quantitative) as well as the design of the study (Snedecor and Cochran
1980). Qualitative data (such as rates or proportions) are derived by count-
ing events (the qualitative factors) and dividing by the appropriate popula-
tion at risk as discussed in Chapter 3. For risk rates, the chi-square test
provides the probability that differences as large or larger than observed in
the sample would arise due to chance alone, if there were no association
(i.e., no real difference) in the population. By convention, if this probabil-
ity is less than 5%, one may say the rates are significantly different; hence
the factor and the disease are statistically associated. The result of the chi-
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square test is influenced by the magnitude of the difference as well as the
sample size. Example calculations for the chi-square statistic for testing
differences between two independent or two correlated proportions are
shown in Tables 5.2 and 5.3 respectively.

For those wishing a faster method of calculating the Yates-corrected,
chi-square statistic (for testing differences between independent propor-
tions), the following formula may be used for 2 X 2 tables:

Table 5.2. The chi-square test applied to differences between two independent pro-
portions

The following data relate the type of ventilation of swine herds to the level of pneumonia
detected at the abattoir. The herd prevalence of pneumonia was considered high if > 5% of
marketed pigs had pneumonia (herds are the units of concern).

Herd pneumonia prevalence

Ventilation High Low Total

Fan 91 73 164

No fan 2 60 8
116 133 249

The first step is to calculate the expected number of herds in each ventilation type-
pneumonia level category. For any cell in the table the expected number may be found by
multiplying the corresponding row and column totals and dividing by the total number of
units. For the a cell (row 1, column 1) we have:

164 x 116/249 = 76.40

The expected numbers in the b, ¢ and d cells may be calculated using the same approach or by
subtraction, since the marginal totals remain the same. The four expected values are:

76.40 87.60
39.60 45.40

A value is calculated for each cell by subtracting the expected (Exp) value from the
corresponding observed (Obs) value, making the difference positive (if necessary) and sub-
tracting one-half (Yates-corrected), squaring this quantity, and then dividing the result by the
expected value. The chi-square statistic is then found by adding these four numbers together.
The formula is: x* = Z[(]Obs ~ Exp| — 0.5))/Exp] where sigma (X) indicates “the sum of”
over all cells.

In this example we have:

(91 = 76.4] - 0.5)" (|73 — 87.6| - 0.57 (|25 — 39.6| ~ 0.5)
76.4 876 39.6

L, (60 — 455/ - 0.5
455

The critical values of chi-square at the 10%, 5%, and 1% levels of significance (for
comparing two proportions) are 2.71, 3.84, and 6.64 respectively. Since the calculated value of
chi-square exceeds 3.84, there is less than a 5% probability that differences as large or larger
than observed would arise due to sampling error. Thus, one could assume that ventilation type
and level of pneumonia were associated in the population from which these data were ob-
tained; that is, significantly more herds with fans had a high prevalence of pneumonia than
herds with no fans.

= 14.3
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X = [l@a xd — (b x )] —05nP? xn
@+ b) x (c+d) x @+ c¢c)x (b +d)

Except for rounding errors, this gives the same answer as the previous
method. When used on 2 X 2 tables, all chi-square statistics have 1 degree
of freedom; hence, the critical value for significance at the 5% level is 3.84.

Quantitative data are based on measurements and are summarized by
means, standard deviations, and standard errors. Student’s t-test provides
information about differences between two means that is similar to that
provided by the chi-square test for differences between two rates. Example
calculations for testing the difference between two independent or two cor-
related means are shown in Tables 5.4 and 5.5 respectively. The probability

Table 5.3. The chi-square test (McNemar’s) applied to differences between two cor-
related proportions

If two observations are made on the same individual, or if two individuals or units were
paired (either by matching prior to selection in observational studies, or by blocking prior to
randomization in experiments) the test is modified to take any correlation between the two
observations into account.

The following data were obtained by testing blood samples for antibodies to Brucella
abortus using the tube agglutination (TAT) and the complement fixation (CFT) tests. All
intermediate level titers were designated as positive for current purposes.

CFT

+ - Total

+ 38 2965) 67

TAT - 21(r) 1749 1770
59 1778 1837

Note that the cell entries are pairs not individuals (i.e., 38 samples were positive on both
tests).

The question in this example is whether the proportion positive in the TAT (67/1837) is
significantly different from the proportion positive in the CFT (59/1837). The chi-square
statistic is calculated using the two numbers r and s, representing the number of discordant
pairs.

X =(r—s| - D/ +s)
= (121 = 29] — DY/(21 + 29) = 7*/50 = 0.98

Since this is much less than 3.84, there is little evidence to suggest that the rates differ, so
one should act as if they are the same.

The odds ratio (Table 5.6) is used to describe the strength of association, and for matched
data (portrayed as above) it is calculated as s/r; in this instance 29/21 = 1.38. The interpreta-
tion is that the cattle in this sample were 1.38 times more likely to be positive to the TAT than
the CFT. However, since the chi-square statistic was not significant, one should assume an
equal likelihood (an odds ratio of 1) of being positive to the TAT and the CFT.

(As a generalization of this format, in a case-control study, TAT would represent the cases
and CFT the controls. + and — would represent the exposure status. In a cohort study, TAT
would represent the exposed group and CFT the unexposed group. + and — would represent
the diseased and nondiseased animals respectively.)
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Table 5.4. Student’s t-test applied to differences between two independent means

Suppose one wished to compare the 305-day milk production (Y) of cows with clinical
mastitis (M +) to the production of cows without clinical mastitis (M —). The milk production
is expressed as breed-class-average (BCM) and all cows are from the same herd.

Group 1 Group 2
M+ M-
128 143
133 145
123 138
141 148
129 137
154
140
y = 130.8 143.6
s = 45.2 36.3
n= S 7

Pooled s? [(ny = Ds? + (n, — D)s;*)/(ny + ny = 2)
(4 x 45.2 + 6 x 36.3)/10

39.86

The formula is:
t=0 =) x (1/n + 1))

—12.8/[39.86 x (1/5 + 1/7)?

—12.8/3.70 = -3.46

The critical value of 7 changes with the sample size; with type 1 error of 0.05 and 10, (n, +
n, — 2) degrees of freedom it is 2.23. Thus, since the calculated value of 7 is greater (in
absolute magnitude) than 2.23, there is less than a 5% probability that differences as large as
or larger than observed are due to sampling variation. Therefore, one may act as if the
difference is real; that is, clinical mastitis and level of milk production are associated in the
population.

that chance variations may account for the observed differences in the
sample when no real differences exist in the sampled population is referred
to as the type I error. One minus the type I error provides the confidence
level. For simplicity, a type I error of 0.05 (i.e., 5%) is assumed throughout
this text.

5.3 Epidemiologic Measures of Association

As discussed, statistical significance is a function of the magnitude of
difference, the variability of the difference, and the sample size. Once the
decision is made that sampling variation (chiefly a function of sample size)
is not a probable explanation for the difference observed, the epidemiolo-
gist will apply other measures of association. Unfortunately, there is a
plethora of terms for these epidemiologic measures, and currently there is
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Table 5.5. Student'’s t-test applied to differences between two correlated means

Suppose that in the previous example the control cows (those without mastitis) were
maternal siblings of the affected cows. On the average, this matching should increase the
power of our test because two cows from the same dam should have more similar levels of
milk production than two randomly chosen cows from the same herd. To take advantage of
this, use the within-pair difference as the basic test statistic.

Assume that the following data were obtained.

Group 1 Group 2 Difference
M+ M- d
128 142 ~14
133 143 -10
123 134 -11
141 155 - 14
129 141 -12
y = 130.8 143.0 -12.2 (@)
st = 452 57.5 3.2 (s%)

The formula is:

d/(s*a/n)'"?
-12.2/(3.2/5)"?
-15.3

t

wnn

The critical value of ¢ with type | error = 0.05 and n — 1 = 4 degrees of freedom is 2.78.
Since the calculated value exceeds (in absolute magnitude) the critical value, there is less than a
5% chance that sampling error produced the difference of 12.2 units. Therefore, one should
assume that the difference is real; specifically, cows with mastitis produce less milk than
maternal siblings without mastitis in this population.

little agreement on the usage of these terms (Waltner-Toews 1983). The
terminology used in this text is, in the main, consistent with historical use,
but modifications to reflect recent concepts have been included (Kleinbaum
et al. 1982). These measures are independent of sample size and include the
strength of association, the effect of the factor in exposed individuals, and
the importance of the factor in the population. Formulas for these
measures are contained in Table 5.6; an example of their calculation and
interpretation is contained in Table 5.7.

5.3.1 Strength of Association

The strength of association between a factor and a disease is known as
relative risk (RR); it is calculated as the ratio between the rate of disease in
the exposed and the rate of disease in the unexposed group. Other terms for
this measure include risk ratio, incidence rate ratio, or prevalence ratio,
depending on the statistics being compared. If there is no association be-
tween the factor and the disease, the relative risk will be 1, excluding varia-
tion due to sampling error. The greater the departure of the relative risk
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Table 5.6. Epidemiologic measures of association for independent proportions in
2 x 2 tables

Measure

Calculate using

Comments

Strength
Relative risk (RR)

Population relative
risk (RR,,,)
Odds ratio (OR)

Population odds ratio
(OR,,)

Effect
Attributable rate (AR)

Attributable fraction
(AF)

Estimated AF

Total effect (importance)

Population attributable
rate (PAR)

las(a + b))/[c/(c + d))]
(@ + ¢c)/n}/[c/(c + d))
ad/be

d x (a + ¢)
cx (b +d)

[a/(a + b)) ~ [c/(c + d))

AR/[a/(a + b))
(RR - 1)/RR

(OR -~ 1)/OR

@ + ¢)/n] — [¢/(c + d))
[(a + b)/n} x AR

Not applicable in case-
control studies

Only use in cross-sectional
studies

Applicable in all study types

Only use in cross-sectional
or case-control studies, if
controls are representative
of nondiseased population

Not applicable in case-
control studies

For use in cross-sectional or
cohort studies (often
expressed as a percentage)

For use in case-control
studies

For use in cross-sectional
studies, or when frequency

of disease in the popula-
tion is available
PAR/[(a + ¢)/n]
(RR,,, — 1)/RR,,,

Population attributable
fraction (PAF)

_cx (b +d
dx (a + ¢

= (OR,, - 1)/OR,,,

Estimated PAF Only use in case-control
studies if controls are
representative of the

nondiseased population

from 1 (i.e., either larger or smaller), the stronger the association between
the factor and the disease. Since the relative risk is the ratio of two rates of
disease, it has no units (Table 5.6). In terms of disease causation, if the
relative risk is less than 1, the factor may be viewed as a sparing factor;
whereas if the relative risk is greater than 1, the factor may be viewed as a
putative causal factor.

The relative impact of the factor in the population is calculated by
dividing the estimate of the overall rate of disease in the population by the
rate of disease in the unexposed group. This measure is known as the
population relative risk (RR,,,) and adjusts the ordinary relative risk for the
prevalence of the factor in the population.

Relative risk cannot be calculated in case-control studies because the
rates of disease in the exposed and unexposed groups are unknown. How-
ever, another measure known as the odds ratio (OR) is used in its place. The
calculation of the odds ratio shown in Table 5.6 is quite simple and, because
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Table 5.7. Examples of the chi-square test and measures of association. [Data
derived from a cross-sectional study of the relationship between dry cat
food (DCF) and feline urologic syndrome (FUS)]

FUS+ FUS - Total Rates of FUS
DCF + 13 2163 2176 5.97 per 1000
DCF - S 3349 3354 1.49 per 1000

18 5512 5530 3.25 per 1000
Proportion DCF + 0.72 0.39 0.39

Chi-square statistic = 6.85
Since this is greater than 3.84, one may safely assume that the observed differences are
unlikely due to chance; that is, act as if DCF and FUS are associated in the cat population.

Epidemiologic measures of association Interpretation of measure

RR = (5.97)/(1.49) = 4.01 The rate of FUS in DCF exposed cats is 4.01
times greater than the rate of FUS in non-
DCF exposed cats.

OR = (13 x 3349)/(5 x 2163) = 4.03 Interpret as above.

RR,,, = (3.25)/(1.49) = 2.18 The rate of FUS in the cat population is
increased 2.18 times because of DCF
exposure.

OR,,, = (18 x 3349)/(5 x 5512) = 2.19 Interpret as above.

AR = 5.97 — 1.49 = 4.48 per 1000 The rate of FUS in DCF exposed cats that
may be attributed to DCF is 4.48 per
1000.

AF = (4.48)/(5.97) = 0.75 75% of FUS in DCF exposed cats is attrib-
utable to DCF.

i

PAR = 3.25 — 1.49 = 1.76 per 1000 The rate of FUS in the cat population that
may be attributed to DCF is 1.76 per
1000. That is, we would expect the rate of
FUS to decrease by 1.76 per 1000 if DCF
were not fed.

0.54 54% of all FUS in the cat population is

attributable to DCF.

PAF = (1.76)/(3.25)

Source: Willeberg 1977, with permission.

of the manner of calculating it, has been referred to as the cross-products
ratio. In veterinary literature the odds ratio often has been termed the
approximate relative risk, because if the disease in the population is rela-
tively infrequent (< 5%), the odds ratio is very close in magnitude to what
the relative risk would be if it could be calculated. In this situation, a is
relatively small and b approximates a + b; thus a/(@ + b) approximates
a/b. Similarly ¢/(c + d) approximates c¢/d. (The method of calculation of
the odds ratio when matching is used in the study design is shown in Table
5.3.) The odds ratio is interpreted exactly the same as relative risk and has
an advantage over the relative risk in that it may be used to measure the
strength of association irrespective of the sampling method used. The odds
ratio is also a basic statistic in more powerful methods known as log-linear
and logistic modeling.

Just as there is a population analog for relative risk, there is also one
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for the odds ratio. Besides indicating the relative impact of the factor in the
population, it may be used to derive the rate of disease in the factor-
positive and factor-negative groups, if an outside estimate of the rate of
disease in the population is available. For example, the rate of disease in the
factor-negative group is found by dividing the estimate of the population
rate P(D +) by the population odds ratio. The rate of disease in the factor-
positive group is found by multiplying the rate of disease in the factor-
negative group by the odds ratio. This procedure is not exact, but sufficient
for practical purposes if the disease is relatively infrequent (< 5%), since
the odds ratio approaches the relative risk under these conditions.

When disease is the factor and production is the dependent variable,
the relative effect of the disease on production may be found by dividing
the level of production in the diseased group by the level in the nondiseased
group.

5.3.2 Effect of Factor in Exposed Group

Since there is usually some disease in the factor-negative group, not all
of the disease in the exposed group is due to the factor; only the difference
between the two rates is explainable by or attributable to the factor. In
calculating the attributable rate, one assumes that the other factors which
lead to disease in the factor-negative group operate with the same frequency
and intensity in the factor-positive group. This absolute difference is called
the attributable rate (AR) and is determined by subtracting the rate of
disease in the unexposed group from the rate in the exposed group. The
attributable rate has the same units as the original rate and is defined as the
rate of disease in the exposed group due to exposure. The larger the attrib-
utable rate, the greater the effect of the factor in the exposed group (Table
5.6).

Sometimes it is desirable to know what proportion of disease in the
exposed or factor-positive group is due to the factor. This fraction is called
the attributable fraction (AF) or etiologic fraction (in the exposed group),
and may be calculated from first principles or from either the relative risk
or odds ratio statistics as demonstrated in Table 5.6.

One interesting and practical application of using the attributable frac-
tion is in estimating the efficacy of vaccines. By definition, vaccine efficacy
(VE) is the proportion of disease prevented by the vaccine in vaccinated
individuals (Varughese 1981). (This is equivalent to saying the proportion
of disease in unvaccinated individuals that is attributable to being unvac-
cinated is the attributable fraction when nonvaccination is the factor.) Thus
in order to calculate vaccine efficacy, subtract the rate of disease in vacci-
nated animals from the rate in unvaccinated animals and express the dif-
ference as a fraction or percentage of the rate of disease in unvaccinated
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animals. If these rates are available, vaccine efficacy is easily calculated.
However, there are a number of instances where these rates are unavailable
although estimates of vaccine efficacy would be quite useful. One example
is the determination of the efficacy of oral vaccination of foxes against
rabies. If the oral rabies vaccine was marked with tetracycline, it is possible
to assess whether an animal ate the vaccine by noting fluorescence in the
bones or teeth of these animals. Thus, regular fox kills and/or foxes found
dead can be examined for the presence of rabies and their vaccine status.
The results can be portrayed in a 2 x 2 table, as per a case-control study,
and the percent of rabid foxes that were unvaccinated can be compared to
the percent of nonrabid foxes that were unvaccinated, using the odds ratio.
An estimate of the vaccine’s efficacy is then obtained from the odds ratio
using the formula for estimated attributable fraction (Table 5.6). For exam-
ple, suppose the following data were obtained:

Health status of foxes

Rabid Nonrabid
Unvaccinated 18 30
Vaccinated 12 46
30 76

The odds ratio is 2.3. Hence VE = AF is 57%. That is 57% of the
rabies in unvaccinated animals was due to not being vaccinated. A major
assumption in using this method is that vaccinated animals are no more or
less likely to be submitted to the laboratory (in this instance, found dead or
killed by hunters) than unvaccinated animals. Provided this assumption is
reasonable, this approach should benefit veterinarians in private practice as
well as those in diagnostic laboratories. In both instances, by noting the
history of vaccination of cases and comparing this to the history of vaccina-
tion in noncases, some idea of the potential efficacy of vaccines under field
conditions could be obtained.

When production is the dependent variable, the effect of the disease on
production is measured by the absolute difference between the level of
production in the diseased and nondiseased group.

5.3.3 Effect of Factor in Population

When disease is the dependent variable, the importance of a causal
factor in the population is determined by multiplying its effect (the attribut-
able rate) by the prevalence of the factor. This is called the population
attributable rate (PAR), and it provides a direct estimate of the rate of
disease in the population due to the factor (Table 5.6). In cross-sectional
studies, the PAR may be obtained directly by subtracting the rate of disease
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in the unexposed group from the estimate of the average rate of disease in
the population.

The proportion of disease in the population that is attributable to the
factor is called the population attributable fraction (PAF) or etiologic frac-
tion. This is easily calculated from data resulting from cross-sectional stud-
ies, and also may be estimated from case-control studies provided the con-
trol group is representative of the nondiseased group in the population.
(This is unlikely to be true if matching or exclusion were used in selecting
the groups under study.) Neither the population attributable rate nor frac-
tion is obtainable directly in cohort studies unless the prevalence (or inci-
dence) of exposure or disease in the population is known.

The total impact of a disease on production is found in an analogous
manner; the effect of the disease is multiplied by the total number of cases
of the disease.

5.4 Causal Inference in Observational Studies

Although the previous measures of association are easily calculated,
their interpretation is based upon certain assumptions. When interpreting
attributable rates and attributable fractions, one assumes that a cause and
effect relationship exists. However, since a statistical association by itself
does not represent a causal association, these statistics need to be inter-
preted with caution.

A first step in determining causation is to note the sampling method
used to collect the data, because some sampling methods are better for
demonstrating causation than others. For example, cohort studies are sub-
ject to fewer biases than case-control studies, and the temporal relationship
between the independent variable (factor) and the dependent variable (dis-
ease) is more easily identified than in case-control or cross-sectional studies.

Second, note how refined the independent and dependent variables
are. One may refine dependent variables by using cause-specific outcomes
rather than crude morbidity, mortality, or culling statistics. This refinement
should strengthen the association between the factor and outcome of in-
terest if the association is causal. For example in calves, ration changes
might be strongly associated with death from fibrinous pneumonia but not
with death from infectious thromboembolic meningoencephalitis (ITEME).
Thus, an original association between crude mortality rates and ration
changes would become numerically stronger for mortality from fibrinous
pneumonia and weaker or nonexistent for mortality from ITEME. At the
same time, the independent variable can be refined to make it more spe-
cific. Such refinement could take many dimensions. The timing of exposure
(e.g., ration changes) could be restricted to specified intervals, the energy
content of the ration might be calculated and compared, or the total intake
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of ration might be noted. All of these refinements are designed to localize
and identify the timing, nature, and possible reasons for the association
under investigation.

The third step is to seek other variables that might produce or explain
the observed association or lack of association. A search may reveal more
direct causes of disease whereas in other instances, variables that can dis-
tort the association may be discovered. The latter are called confounding
variables.

5.4.1 Confounding Variables and Their Control

As a working definition, a confounding variable is one associated with
the independent variable and the dependent variable under study. Usually,
confounding variables are themselves determinants of the disease under
study, and such variables if ignored can distort the observed association.
Preventing this bias is a major objective of the design and/or analysis of
observational studies.

Confounding is a common phenomenon, and many host variables
(such as age and sex) may be confounding variables. For example, age is
related to castration and to the occurrence of some diseases such as feline
urologic syndrome. Thus, the effects of age must be taken into account
when investigating possible relationships between castration and feline uro-
logical syndrome. Age is also related to the occurrence of mastitis and the
level of milk production in dairy cows. Thus, age must be considered when
examining the effect of mastitis on milk production.

An example of confounding is shown in Table 5.8. Although the data
are fictitious, the example is concerned with an important problem: how to
identify the association between one organism and disease in the presence
of other microorganisms, using observational study methods. The objective
of the study is to investigate the possible association between the presence
of staphylococci and mastitis in dairy cows. Streptococcal organisms repre-
sent the confounding variable, in that they are associated with the occur-
rence of mastitis and with the presence or absence of staphylococcal orga-
nisms. A cohort study of the association between the presence of
staphylococci and mastitis that ignores the presence of streptococcal orga-
nisms will yield biased results; a relative risk of 4 is obtained, when the true
value is 3. (The same bias would occur in cross-sectional or case-control
studies.) The amount of bias in this example is not too serious in biological
terms, because the distortion is not large. However, confounding may pro-
duce an association that is apparently very strong or mask a real associa-
tion. Thus, it is important to prevent this distortion whenever possible.

In observational studies, three methods are available for controlling
confounding: exclusion, matching, and analysis. The methods are not mu-
tually exclusive, and two or more of them may be used in the same study.
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Table 5.8. Population structure with respect to the distribution of staphylococci
(STA), streptococci (STR) and mastitis (M) in dairy cows

Organisms

Number of cows

STA STR with mastitis Number of cows Rate of mastitis (%)
+ + 4800 40,000 12
+ - 1200 20,000 6
- + 400 10,000 4
- - _600 30,000 2
7000 100,000 7

In this fictitious population, the rate of mastitis actually is tripled by STA infection (i.e.,
12/4 or 6/2); however, this result is obtained only after knowing and accounting for the
distribution and effects of STR. If STR is ignored, it would appear that the presence of STA
quadruples the rate of disease (10%/2.5%). (10% is the average rate of mastitis in STA-
infected cows and 2.5% is the average rate of mastitis in STA-free cows.) For example,
suppose a cohort study is performed using n = 2000; i.e., 1000 cows STA + and 1000 STA —.
For the time being, the status of each cow with respect to STR will be ignored and it is also
assumed that there is no sampling error. Under these conditions the anticipated results are:

M+ M- Total Rate of M+ (%) RR
STA + 100 900 1000 10 4
STA - 25 975 1000 2.5

STA apparently quadruples the rate of M+ . The unknown but unequal numbers of STR +
and STR — cows within each STA category have confounded or biased the results. If the STR
status of each cow in the sample had been noted, the data could be displayed as follows:

M+ M- Total Rate of M (%) RR
STR + STA + 80 587 667 12 3
STA - 19 240 250 4
90 827 917
STR - STA + 20 313 333 6 3
STA - 15 735 750 2 .
35 1048 1083

By stratifying the data according to the levels of the confounding variable STR (prior to
analysis), the distortion due to the distribution and effects of STR has been prevented.

Exclusion (i.e., restricted sampling) may be used to prevent confound-
ing by selecting animals or sampling units with only one level of the con-
founding variable. Since all units possess (or do not possess) the confound-
ing variable(s), any effects due to these variables are excluded, and no
distortion can occur. In general, units that do not possess the confounding
variable are preferable over those that do. Exclusion may be used in all
study designs, but since the resulting sample is no longer representative of
the total population, inferences about the importance of the association —
as measured by population attributable fraction—cannot be made unless
additional data are available.

Matching may be used to equalize the frequency of the confounding
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variable in the two groups being compared, effectively neutralizing the dis-
torting effects of the confounding variable(s). Only a few variables known
to be strong determinants of the disease should be selected for matching, or
it may be difficult to find units with the appropriate combination of varia-
bles. Matching is not applicable to cross-sectional studies.

In cohort studies, the usual procedure for matching is to select the
exposed group (possessing the putative cause) and then to select the unex-
posed group in an appropriate manner to balance the distribution of the
confounding variable(s) in the exposed and unexposed groups. One method
is to select as the first nonexposed unit a unit with the same level(s) of the
confounding variable(s) as the first exposed unit. The second unexposed
unit is matched to the second exposed unit and so on, until the unexposed
group selection is completed. In case-control studies an analogous proce-
dure is used, the cases being selected first and then the controls; the selec-
tion of the latter being restricted to noncases possessing the appropriate
level(s) of the confounding variable(s). In prospective studies the unex-
posed (or nondiseased) group can be selected in concert with the exposed
group; there is no need to wait until the exposed (or diseased) group is
completely selected before selecting the referent group. Matching in case-
control studies may not prevent all distortion from confounding variables,
although the remaining bias is usually small. In case-control studies, care is
required when identifying variables for matching, since if the variables
identified as potential confounding variables are not true determinants or
predictors of the disease, the power of the statistics (chi-square) may be
reduced. Matching is also used in experiments to increase precision and is
referred to as “blocking.” When matching is used, the analysis of results
should be modified to take account of the matching; for example, by using
the chi-square and t-tests for correlated data (see Tables 5.3 and 5.5).

The third method, analytic control of confounding, is frequently used
in observational studies. When data are collected about the study units
concerning the putative factor and/or disease, data are also collected on the
presence or absence of the potential confounding variable(s). The data are
then stratified and displayed in a series of 2 X 2 tables; one table for each
level of the confounding variable, as was done in the mastitis example in
Table 5.8. Each table is analyzed separately and, if deemed appropriate, a
summary measure of association may be used.

The most frequently used method to summarize associations in multi-
ple tables is known as the Mantel-Haenszel technique, and its use is demon-
strated in Table 5.9 (Mantel and Haenszel 1959; Kleinbaum et al. 1982). By
setting out the appropriate column headings and displaying the data in the
manner shown, the calculations required for this procedure are easily per-
formed. (The odds ratio is used as the measure of association because it
may be applied to data resulting from any of the three observational ana-
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lytic study types.) The summary odds ratio is often called an adjusted odds
ratio, and the confounding variable(s) controlled in the analysis should be
explicitly stated when reporting results. For example, using the data in
Table 5.8 one can calculate an odds ratio describing the association between
staphylococcal organisms and mastitis, controlling for the effects of strep-
tococcal organisms. (You can verify from Table 5.9 that the summary odds
ratio will have a value close to 3.) An advantage of this technique is that the
strength of association between streptococcal organisms and mastitis (con-
trolling for staphylococci) may be determined using the same data. A disad-
vantage is that it requires very large data sets if the number of confounding
variables is large; otherwise, many of the table entries will be zero. Also,

Table 5.9. The Mantel-Haenszel method for calculating a summary odds ratio
Since there will be two or more 2 x 2 tables, the data display in the ith table will be:

Diseased Nondiseased Total
Exposed a b a+b
Unexposed c d c+d

a+c b+d n=(@+b+c+d

The subscript i which accompanies each of the above cell frequencies or totals has been
omitted for clarity.

In each 2 x 2 table the expected value of a is E(a) = (@ + b) x (a + ¢)/n and the
variance of ais V(@) = (@ + b) X (c + d) x (@ + ¢) X (b + d)/n*(n — 1).

For each table calculate E£(a), V(a), ad/n and bc/n as well as their respective sums; the
summation being across all of the tables.

The summary odds ratio is:

OR = (Zad/n)/(Lbc/n)
and the overall chi-square statistic with one degree of freedom is:
x* = (|La — EE(a)| — 0.5)/LV(a)

The latter tests whether the sample OR departs significantly from the null value of one.
Applying these calculations to the data in Table 5.8 one obtains

Table(/) a E(a) V(a) ad/n be/n OR

1 80 65.50 16.11 20.94 6.40 3.27

2 20 10.76 .22 13.57 4.34 3.13
100 76.26 23.33 34.51 10.74

34.51/10.74 = 3.21

Summary: OR
: (]100 — 76.26| — 0.5)?/23.33 = 23.2

X

Because of the size of the calculated x? versus 3.84, we can safely conclude that STA and
M are associated, specifically that STA-infected cows are 3.21 times more likely to have M
than STA-negative cows. (The reason this is not 3 exactly is because, although the tables both
have RR = 3, the OR are not equal, being 3.27 and 3.13 respectively, and their weighted
average becomes 3.21.)
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because each table provides an odds ratio statistic, it is sometimes difficult
to know if differences in odds ratios between tables are due to sampling
error or real differences in degree of association. Tests have been developed
to evaluate the significance of differences in odds ratios among tables
(Kleinbaum et al. 1982). In general, one should be reasonably sure that the
strength of association is similar in all tables before using the Mantel-
Haenszel technique for summarization purposes.

5.5 Criteria of Judgment in Causal Inference

If an association persists after careful consideration of the study de-
sign, a search for additional variables, and control of confounding varia-
bles, the following guidelines may be used to assess the likelihood that an
association (arising from an analytic study) is causal. (Here “likelihood” is
used in a qualitative rather than a quantitative sense.) These criteria of
judgment are in addition to the guidelines set out earlier (5.1). In fact, these
criteria resulted from attempts to logically assess the association between
smoking and lung cancer. Further details on judgment criteria are available
(Susser 1973, 1977).

5.5.1 Time Sequence

It is obvious that for a factor to cause a disease it must precede the
disease. This criterion is automatically met in experiments and well-de-
signed prospective cohort studies. However, in many cross-sectional and
case-control studies it is difficult to establish the temporal relationship. For
example, many studies have indicated that cystic ovarian disease is asso-
ciated with high milk production in dairy cows. Yet in terms of causation,
the question is whether cystic ovarian follicles precede or follow high milk
production, or whether they are both a result of a common cause. Another
example is the association between ration changes and increased morbidity
rates in feedlot cattle. For causation, the question is whether the ration
changes precede or follow increased morbidity rates. In this instance and
perhaps others involving feedback mechanisms, both may be true.

5.5.2 Strength of Association

In observational analytic studies, strength is measured by relative risk
or odds ratio statistics. The greater the departure of these statistics from
unity, the more likely the association is to be causal. Although no explicit
statistic is used when production is the dependent variable, the relative
difference in level of production between animals with and without a partic-
ular disease may be used to assess the likelihood of the disease producing
the observed differences. Strength is used as an indication of a causal asso-
ciation because for a confounding variable to produce or nullify an associa-
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tion between the putative factor and the disease, that confounding variable
must have just as strong an association with the disease. In this event, the
effects of the confounding variable would likely be known prior to the
study, and some effort to control its effects would be incorporated into the
study design. Although the attributable fraction and/or the population
attributable fraction are not used as direct measures of strength, they
should be borne in mind when interpreting the size of the relative risk or
odds ratio. Thus, a given odds ratio could be given more credence if the
population attributable fraction was large rather than small.

5.5.3 Dose-Response Relationship

This criterion is an extension of Mill’s canon concerning the method of
concomitant variation. An association is more likely to be causal if the
frequency of disease varies directly with the amount of exposure. (This
argument was used in the previous chapter when making inferences about
patterns of disease with age.) Also, changes in productivity should directly
follow the severity of the disease if the disease is a cause of decreased
production. Thus, if eating large volumes of concentrates is a causal factor
for left displaced abomasum in dairy cows, one would expect a higher rate
of left displaced abomasum in cows fed relatively large amounts of concen-
trates compared to those fed relatively small amounts of concentrates. This
criterion is not an absolute one, because there are some diseases where one
would not necessarily expect a monotonic dose-response relationship (e.g.,
where a threshold of exposure was required to cause the disease).

5.5.4 Coherence

An association is more likely to be causal if it is biologically sensible.
However, an association that is not biologically plausible (given the current
state of knowledge) may still be correct, and should not be automatically
discarded. Further, since almost any association is explainable after the
fact, it is useful to predict the nature of the expected association and ex-
plain its biological meaning prior to analyzing the data. This is particularly
important during initial research, when one is collecting information on a
large number of unrefined factors to see if any are associated with the
disease.

5.5.5 Consistency

Consistency of results is a major criterion of judgment relative to
causal associations, and in many regards is the modern equivalent to Mill’s
“method of agreement.” An association gains credibility if it is supported
by similar findings in different studies under different conditions. Thus,
consistent results in a number of studies are the observational study equiva-
lent of replication in experimental work. (Also, because field trials are not
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immune to the effects of uncontrolled factors, replication of field trials is
sometimes required to provide additional confidence that the results are
valid.)

As an example of using the consistency criterion consider that in the
first year of a health study of beef feedlot cattle, an association between
feeding corn silage within 2 weeks of arrival and increased mortality rates
was noted. Such a finding had not been reported before and was not antici-
pated. Thus, the likelihood it was a causal association was small. During
the second year of the study, this association was again observed, giving
increased confidence that the association might be, in fact, causal. During
the third year, no association was noted between morbidity or mortality
rates and feeding of corn silage. On the surface this tended to reduce the
validity of the previously observed association. However, it was noted that
during the third year of the health study the majority of feedlot owners
using corn silage had delayed its introduction into the ration until the calves
had been in the feedlot for at least 2 weeks. Thus, because of this consist-
ency it was considered very likely that the association between early feeding
of corn silage and increased levels of morbidity and/or mortality in feedlot
calves was causal in nature (Martin et al. 1981, 1982).

5.56.6 Specificity of Association

At one time, perhaps because of the influence of the Henle-Koch pos-
tulates, it was assumed that an association was more likely to be causal if
the putative cause appeared to produce only one or a few effects. Today,
this criterion is not widely used because it is known that a single cause
(particularly if unrefined) may produce a number of effects. Specificity of
association may be of more value in studies where the factor and disease
variables are highly refined. In initial studies when variables are often com-
posite in nature, the application of this criterion is likely to be unrewarding.

The previous criteria of judgment should be helpful when inferring
causation based on results of analytic observational studies. These criteria
are less frequently applied to results of experiments, although with the
exception of time sequence they remain useful guidelines for drawing causal
inferences from experimental data also.

5.6 Elaborating Causal Mechanisms

If an association is assumed to be causal, it should prove fruitful to
investigate the nature of the association. There are a variety of ways of
doing this; some are highly correlated with the manner of classifying the
disease. Nonetheless, knowledge of details of the nature of an association
can often be helpful in preventing the disease of concern.

Initially, it is useful to sketch out conceptually or on paper the way
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various factors are presumed to lead to disease. Such models invariably are
quite general, but can be progressively refined and appropriate details
added as new information is gained. As an aid to this modeling process, the
concepts of indirect and direct causation as well as necessary and sufficient
causes will be described.

5.6.1 Indirect versus Direct Causes

For a factor to be a direct cause of a disease there must be no known
intervening variable between that factor and the disease, and both the inde-
pendent and dependent variables must be measured at the same level of
organization. All other causes are indirect causes (Susser 1973). Although
researchers often seek to identify the most direct or proximate cause of a
disease, it may be easier to control disease by manipulating indirect rather
than direct causes. For example, although living agents or toxic substances
are direct causes of many diseases, it may be easier to manipulate indirect
factors such as management or housing to prevent the disease. Further-
more, whether intervening variables are present often represents only the
current state of knowledge. In the 1800s the lack of citrus fruits was cor-
rectly considered a direct cause of scurvy in humans. Later with the discov-
ery of vitamin C, the lack of citrus fruits became an indirect cause of the
disease. Finding the more direct cause of the condition allowed other ave-
nues of preventing the disease (e.g., synthetic ascorbic acid), but did not
greatly reduce the importance of citrus fruits per se in preventing scurvy.

The second condition for direct causation —that the independent and
dependent variables be measured at the same level of organization —may
need some elaboration. If one is interested in the cause(s) of a disease of
pigs as individuals, and the study has used pens of pigs or some other
grouping as the sampling unit, the factor under investigation can, at best,
be an indirect cause of that disease. For example, a study might find that
pigs housed in buildings with forced air ventilation systems have more
respiratory disease than those housed in buildings without forced air venti-
lation systems. This finding might be regarded as a direct cause of the
difference in the rate of respiratory disease among groups of pigs, but only
as an indirect cause of respiratory disease in individual pigs. In addition,
while it may make sense to say that a particular group of pigs had more
respiratory disease because they were raised in a building with a forced air
ventilation system, it makes less sense to say that a particular pig had
respiratory disease because it was raised in a building with a forced air
ventilation system. The study has failed to describe the effect of ventilation
on the occurrence of the disease at the individual pig level. Despite this lack
of knowledge, however, respiratory disease might easily be controlled by
manipulating the ventilation system.

Many diseases have both direct and indirect effects on productivity.
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Consider retained fetal membranes, postpartum metritis, and their effects
on the parturition-to-conception interval. Retained membranes appear to
have a direct adverse effect on the ability to conceive; this effect being
present in cows without metritis. Retained membranes also have a large
indirect effect on conception; this effect being mediated via postpartum
metritis. Thus, if it was possible to prevent retained fetal membranes, con-
ception would be improved and the occurrence of postpartum metritis
greatly reduced. If it was possible to prevent only postpartum metritis, the
negative indirect effects of retained membranes could be prevented.

5.6.2 Necessary and Sufficient Causes

Another dimension for classifying determinants is as necessary or suf-
ficient causes (Rothman 1976). A necessary cause is one without which the
disease can not occur. Few single factors are necessary causes, except in the
anatomically or etiologically defined diseases. For example, pasteurella or-
ganisms are a necessary cause of pasteurellosis but not of pneumonia; E.
coli is a necessary cause of colibacillosis but not of diarrhea. (Pneumonia
and diarrhea are manifestationally not etiologically classified syndromes.)
In contrast to a necessary cause, a sufficient cause is one that always pro-
duces the disease. Again, single factors infrequently are sufficient causes.
Today it is accepted that almost all sufficient causes are composed of a
grouping of factors, each called a component cause; hence most diseases
have a multifactorial etiology. By definition, necessary causes are a compo-
nent of every sufficient cause. In general usage, Pasteurella spp. are “the
cause” of pasteurellosis, yet a sufficient cause of pasteurellosis requires at
least the lack of immunity plus the presence of pasteurella organisms.

In practical terms, the identification of all the components of a suffi-
cient cause is not essential to prevent the disease, just as it is not essential to
know the direct cause of a disease in order to prevent it. If one key compo-
nent of the sufficient cause is removed, the remaining components are ren-
dered insufficient and are unable to produce the disease. Most putative
causal factors are components of one or more sufficient causes.

A description of hypothetical necessary and sufficient causes in the
context of pneumonic pasteurellosis of cattle is presented in Figure 5.1. In
sufficient cause I, it is argued that an animal that lacks humoral immunity
to pasteurella, that is stressed (e.g., by weaning and transportation), and
that is infected with pasteurella will develop pneumonic pasteurellosis. Suf-
ficient cause II implies that an animal infected with viruses or mycoplasma
and pasteurella and lacking pasteurella-specific antibodies will develop
pneumonic pasteurellosis. Sufficient causes III and IV have similar compo-
nents, with lack of cellular immunity replacing lack of humoral antibody as
a component. Note that the four sufficient causes all contain the necessary
cause, pasteurella organisms. Thus, this method of conceptualizing a suffi-
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5.1. Hypothetical sufficient causes (SC) for pneumonic pasteurellosis. A = lack of
specific globulins; B = adrenal stress of environmental origin, i.e., weather, water,
energy, social; C = presence of Pasteurella spp; D = presence of viral/mycoplasma
agents; E = lack of cellular immunity.

cient cause, although greatly oversimplified, provides a formal, rational
way of conceptualizing and understanding the multietiologic causation of
pneumonic pasteurellosis. A similar approach can be used with other dis-
eases.

The concept of sufficient causes (SC), each composed of two or more
components, has practical utility in relation to explaining quantitative
measures of a factor’s impact on disease occurrence, such as the population
attributable fraction. Using the example in Figure 5.1, assume that SCI
produces 40% of all pasteurellosis, SCII 30%, SCIII 20%, and SCIV 10%,
and that these sufficient causes account for all occurrences of pneumonic
pasteurellosis. The percentage explained by or attributable to each of the
factors is:

A: 40% + 30% = 70%
B: 40% + 20% = 60%
C:40% + 30% + 20% + 10% = 100%
D: 30% + 10% = 40%
E: 20% + 10% = 30%

Each of these represents the population attributable fraction (x 100) for
each factor; factor C, being a necessary cause, explains all of the occur-
rence of pasteurellosis; whereas adrenal stress (factor B) explains only 60%
of pasteurellosis. The total percent explained by the five factors exceeds
100% because each factor is a member of more than one sufficient cause.
Using this concept of PAF, one could estimate that preventing infection
with viruses or mycoplasma (e.g., by vaccination) would reduce the total
occurrence of pasteurellosis by 40%.

5.6.3 Path Models of Causation

Path models represent another way of conceptualizing, analyzing, and
demonstrating the causal effects of multiple factors. In a path model, the
variables are ordered temporally from left to right, and causal effects flow
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along the arrows and paths. Statistical methods are used to estimate the
relative magnitude (path coefficients) of each arrow. In addition to the
knowledge acquired by constructing them, path models give increased
power to the analysis and interpretation of the data.

The previous component causes of pasteurellosis are displayed in a
path model in Figure 5.2. In this model, stress is assumed to occur before
(and influence) humoral and cellular immunity, which occur before viral
and bacterial infection of the lung. The model implies that factors A and E
(humoral and cellular immunity) are independent events (i.e., the presence
or absence of one does not influence the presence or absence of the other).
Because C is a necessary cause, all the arrows (causal pathways) pass
through it.

Numerical estimates of the magnitude of the causal effect (passing
along each arrow) are determined using a statistical technique known as
least-squares regression analysis; odds ratios may be used in simple models.
If the magnitude of an effect is trivial, it may be assumed to be zero and the
model can then be simplified. The value of these coefficients is influenced
by the structure of the model itself, as well as the causal dependency be-
tween factors, thus emphasizing the importance of using a realistic biologic
model. Path models actually describe the logical outcome of a particular
model; they do not assist materially in choosing the correct model.

An example of a simple path model, relating waterflow, percentage of
the stream bottom that was bare mud, and the softness of the mud (floccu-
lence) to the number and species of snail in that stream is shown in Figure
5.3 (Harris and Charleston 1977). The snails serve as intermediate hosts for
Fasciola hepatica, and a quote from the authors describes the reasons for
the structure of the chosen model:

Water was assumed to affect snail numbers directly, as well as via mud and floccu-
lence, since both these factors are partly determined by the amount of water
present. The amount of mud was also expected to influence snails directly, but

C Pasteurellosis

5.2. Structural model of pneumonic pasteurellosis based on the causal factors in
Fig. 5.1.
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5.3. Path diagrams of the hypothesized effect of water, mud, and fiocculence on
population density of (a) L. tomentosa and (b) L. columelia in March microhabitats.
(Source: Harris and Charleston 1977)

larger areas of mud were less likely to contain vegetation and so were more likely to
be flocculent; hence the indirect path from mud to snails via flocculence.

Broadly speaking, the results of the path models substantiated these
assumptions. However, the authors’ specific comments are informative and
point out the value of this approach; they report

The main difference between snail species is the association with flocculence; floccu-
lent mud appears to favor L. romentosa, whereas L. columella seem to prefer firm
mud. The overall effect of mud on snail numbers appears to operate differently too.
The proportion of bare mud influences L. columella numbers directly, but the main
effect on L. tomentosa is indirect, via the increased flocculence of muddy habitats.
Increasing water cover affects L. tomentosa numbers indirectly, by increasing the
area of flocculent mud. Water has some direct effect on L. columella as well as an
indirect effect via mud; the indirect path via flocculence has a negative effect.

5.6.4 Displaying Effects of Multiple Factors

Methods for displaying rather than investigating the effects of two or
three variables on the risk of disease need to be utilized and improved as an
aid to communicating the effects of multiple factors between researchers,
and between practitioners and their clients. One method is based on the
Venn diagram approach and is particularly useful when the risk values
increase steadily with increases in the number of putative causal factors.
Examples are shown in Figures 5.4 and 5.5. Basically, the method involves
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5.4. Association between number and type of factor and risk of excessive mortality
in feedlot calves. Area of each circle represents proportion of calf groups experienc-
ing that factor. RR = relative risk of mortality. Percentage of deaths attributable to
each factor grouping is shown; approximately 57% of deaths were attributable to the
3 factors. (Source: Martin et al. 1981, with permission)
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5.5. Venn diagram of 3 high risk factors for feline urological syndrome in male cats.
Area of each circle represents proportion of cats experiencing that factor. R = esti-
mated relative risk; % = prevalence of that factor combination. (Source: Willeberg
1977, with permission)

calculating the relative risk or odds ratio of disease for each possible com-
bination of variables relative to the lowest risk group. The diameter of the
circle representing each factor is drawn proportional to the prevalence of
that factor, and one attempts to keep the overlap (the area of intersection)
proportional to the prevalence of that combination of variables.
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