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Key messages

What is already known about this subject?
 ► Standard regression analysis yields 
parameter estimates that allow for succinct 
communication among academics; however, 
such methods are not necessarily well suited 
for evaluation of health impacts of health and 
safety policy choices.

What are the new findings?
 ► We propose a method to summarise and 
graphically display potential impacts of policy 
alternatives on cause- specific mortality and 
illustrate it using a cohort mortality study of 
28 546 Ontario uranium miners hired between 
1950 and 1996 and followed through 2007.

 ► Under a policy that removed occupational 
exposure to radon progeny:

 – Fourteen thousand and sixty additional 
person- years of life would be expected over 
the study period.

 – Two hundred and sixty- one fewer deaths to 
lung cancer would be expected, while 72 
more deaths due to circulatory disease would 
be expected.

How might this impact on policy or clinical 
practice in the foreseeable future?

 ► The proposed methods of data summarisation 
and communication may facilitate 
communication with managers, workers and 
their advocates.

AbsTrACT
Objectives There are established methods for 
occupational epidemiological cohort analysis, such as 
proportional hazards regression, that are well suited to 
aetiological research and yield parameter estimates that 
allow for succinct communication among academics. 
however, these methods are not necessarily well suited 
for evaluation of health impacts of policy choices and 
communication to decision makers. an informed decision 
about a policy that impacts health and safety requires a 
valid estimate of the policy’s potential impact.
Methods We propose methods for data summarisation 
that may facilitate communication with managers, 
workers and their advocates. We calculate measures of 
effect in a framework for competing events, graphically 
display potential impacts on cause- specific mortality 
under policy alternatives and contrast these results to 
estimates obtained using standard Poisson regression 
methods. Methods are illustrated using a cohort mortality 
study of 28 546 Ontario uranium miners hired between 
1950 and 1996 and followed through 2007.
results a standard regression analysis yields a positive 
association between cumulative radon progeny exposure 
and all- cause mortality (log(rr per 100 WlM)=0.09; 
se=0.02). The proposed method yields an estimate of 
the expected gain in life expectancy (approximately 6 
months per worker) and reduction of 261 lung cancer 
deaths under a policy that eliminated occupational radon 
progeny exposure.
Conclusions The proposed method shifts attention 
from covariate- adjusted risk ratios or rate ratios to 
estimates of deaths that are avoided or delayed under 
a potential policy. The approach may help inform 
decision- making and strengthen the connection of 
epidemiological approaches to data analysis with 
developments in decision theory and systems engineering 
to improve health and safety.

Epidemiologists have relatively sophisticated, well- 
established methods for the analysis of epidemi-
ological cohort data.1 2 These methods estimate 
parameters that may be well suited to aetiological 
research and communication among academic 
investigators, such as covariate- adjusted rate ratios 
and HRs, often expressed in occupational and 
environmental epidemiology as exposure- response 
coefficients. However, estimates of covariate- 
adjusted trends in rate ratios and HRs are not 
necessarily well suited to answering the types 
of health and safety questions confronting deci-
sion makers. Moreover, some of the calculations 
commonly made to communicate background and 

excess numbers of cases may be misleading for 
decision makers.3

To improve the utility of such empirical evidence, 
we consider how health and safety decisions are 
made in industrial settings, and propose an analyt-
ical approach that might be better suited, and yield 
more informative results, for health and safety 
decision- making. Decision theory was developed 
during the post- war period as an applied approach 
to statistics and engineering that could be used 
in industrial contexts, recognising that decisions 
needed to be made in situations where sources 
of variation and uncertainty may affect success 
or failure.4–6 While foundations of this approach 
were laid in the 18th century, methods and theory 
were improved and refined in the years following 
World War II and brought together in applied deci-
sion theory.4 Decision theory frames the decision- 
making process in terms of a lower order activity 
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termed alternative evaluation, which requires the decision maker 
to identify policy options, evidence or data and goals (ie, what 
outcomes we prefer). These methods have close connection 
to epidemiological methods, including use of directed acyclic 
graphs,7 stochastic models and sometimes Markov chain Monte 
Carlo computations,8 suggesting a potential bridge between 
occupational epidemiology and the tools of decision theory used 
in industrial management settings.6 This suggests opportunities 
to improve communication about health and safety between 
health researchers and managers. We illustrate the proposed 
approach using the example of a study of the impact of a poten-
tial exposure reduction policy on cause- specific mortality in a 
cohort of uranium miners, and discuss implementation of the 
proposed methods using standard statistical software.

MeTHOds
The first step in applied decision theory is to clearly state the 
options or choices under evaluation. For example, suppose that a 
company owner is interested in the impact of a policy that would 
lead to a change in workers’ exposure to an agent. Suppose that 
policy A is to leave conditions unaffected and as they were in the 
past; and policy B is to invest in personal respiratory protection 
just for workers in areas of a worksite where dust levels exceeded 
a specified limit, m. Any number of proposed policies could be 
evaluated, but only two will be discussed for simplicity. Applied 
decision theory, like occupational epidemiology, draws on what 
we know; this may involve information drawn from external 
sources (eg, prior findings) as well as empirical data (eg, from an 
occupational cohort).

Suppose that we have an occupational cohort of n individuals. 
Let i=1, 2, …, n, index cohort members, and let u be index 
time on study. Let X denote the exposure that will be affected 
by policy B, allowing that exposure may be non- monotonic and 
time varying so that we let X(u) denote the exposure level at time 
u. Let W denote baseline covariates (such as age at hire and sex), 
and let Y denote a binary indicator of the outcome of interest.

Here, we focus on a cohort mortality study where the outcome 
of interest is all- cause mortality and each individual is under 
follow- up from study entry until death or censoring due to loss- 
to- follow- up or administrative end of study. Define study entry 
as time u=0, and denote the time from study entry until admin-
istrative end of study follow- up as Ti for person i. Let  ́Ti  denote 
time to last observation for person i, which will end at the time 
of death, loss to follow- up or administrative end of follow- up, 
whichever occurs first (ie,  ́Ti ≤ Ti ).

A discrete time representation of the person- time at risk in the 
cohort study divides time on study into a sequence of contiguous 
time intervals of uniform duration. In the resulting data struc-
ture, each cohort member, i, contributes one row of data for 
each time period of observation, letting u be the index discrete 
time intervals, from entry time 0 to  ́Ti  (table 1a). The binary 
indicator of the outcome of interest takes a value of ‘0’ for each 
time period of observation for which u<  ́Ti  ; at the last period 
of observation for each person i, a value of ‘1’ is assigned if the 
outcome of interest was observed, while a value of ‘0’ is assigned 
to censored observations.9 This data structure is used in standard 
approaches to epidemiological cohort analyses and allows for 
estimation of the effects of exposure on health outcomes using 
empirical data.9

statistical methods
We wish to consider the question, “What would be the impact on 
the occurrence of outcome Y of a policy that affected exposure 

X?” In the following paragraphs, we contrast two statistical 
approaches to addressing this question.

Classical regression modelling approach
Let P(Yiu=1) denote the probability that person i will experience 
the outcome event of interest during time interval u, conditional 
on their event- free survival up to the start of time interval u. By 
partitioning the study period into a sequence of narrow discrete 
time intervals, we are able to estimate the probability of the 
event, over each of these subperiods. Since P(Yiu=1) is bounded 
by 0 and 1, it can be modelled using the data structure in table 1a 
as having a dependence on a set of predictors as,

 
log

(
P
(
Yiu=1

)
1−P

(
Yiu=1

)
)
= αu + βxiu + γ1wi1 + γ2wi2

 
… Equation 1,

where xiu is the exposure variable of interest, and wi1- wi2 are 
covariates.

Such a model is a discrete time approach to estimation of a 
model similar to a Cox proportional hazards model for contin-
uous time.10 11 The model in Equation 1 includes parameters  αu  
that describe temporal variation in the hazard function; in prac-
tice, temporal variation in the baseline hazard is often modelled 
more parsimoniously as a polynomial or spline function of the 
time scale. The output from fitting model Equation 1 is often 
used to communicate with decision makers. For communication 
with experts, it is standard to report the estimated coefficient, β, 
which corresponds to the change in log relative hazard per unit 
of exposure of interest, or the antilog of β which is the covariate- 
adjusted discrete time HR.9

To derive simpler summary statistics that are often desired in 
presentations and communication with stakeholders, the esti-
mated coefficients from model Equation 1 sometimes will be 
used to calculate other quantities to express the impact of X 
on Y in the cohort. For example, one summary quantity is the 
number of cases that can be attributed to exposure. This often is 
calculated based on the predicted values for the outcome that are 
derived using the estimated parameters for the fitted model and 
the covariate pattern associated with each record in the person- 
period file (online supplementary appendix 1). The summation 
of fitted values over person- periods is reported as the predicted 
number of events; and, by using the estimated parameter values, 
multiplied by the appropriate covariate patterns, one can also 
estimate the background cases as the predicted values for the 
outcome Y in the absence of exposure (ie, at X=0), the excess 
cases (ie, the fitted values minus background cases), and the 
attributable fraction (excess cases over fitted values).

Counterfactual approach
An exposure that affects mortality will affect the distribution 
of person- time in the study cohort; therefore, a policy that 
affects exposure (eg, reducing X) will affect the time of onset of 
Y (3.) For example, a policy that reduced hazardous exposure 
would lengthen the average time to death among a cohort of 
workers and increase the amount of person- time accrued in a 
long- term follow- up of those individuals. Consequently, the clas-
sical approach described above to calculation of excess cases and 
attributable fractions, although performed in the epidemiolog-
ical literature, is liable to be misleading for decision- makers3 12 13 
because the calculations are based on the observed records in the 
person- period file (which reflect the person- time accrued under 
the observed exposure conditions, rather than what would have 
been observed under a policy that affected exposure, eg, reduced 
exposure).

We propose an alternative approach that frames the estimate 
of the impact of a policy that leads to a change in exposure X on 
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Table 1 Two hypothetical workers in a cohort study with follow- up through 1985. One worker retired in 1982, the other in 1975. Discrete time 
hazard data structures

(a) structure including records for person- periods through last observation

Id Year Age Follow- up, u Covariate, w Annual exposure
Cumulative 
exposure Y

1 1970 31 0 1 0.00 0.00 0

1 1971 32 1 1 0.00 0.00 0

1 1972 33 2 1 0.00 0.00 0

1 1973 34 3 1 0.00 0.00 0

1 1974 35 4 1 0.00 0.00 0

1 1975 36 5 1 0.00 0.00 0

1 1976 37 6 1 0.00 0.00 0

1 1977 38 7 1 1.62 1.62 0

1 1978 39 8 1 1.30 2.92 0

1 1979 40 9 1 1.90 4.82 0

1 1980 41 10 1 1.30 6.12 0

1 1981 42 11 1 1.10 7.22 0

1 1982 43 12 1 0.76 7.98 0

1 1983 44 13 1 0.00 7.98 0

1 1984 45 14 1 0.00 7.98 0

1 1985 46 15 1 0.00 7.98 0

2 1967 37 0 1 3.26 3.26 0

2 1968 38 1 1 3.71 6.97 0

2 1969 39 2 1 1.78 8.75 0

2 1970 40 3 1 4.09 12.84 0

2 1971 41 4 1 2.21 15.05 0

2 1972 42 5 1 1.90 16.95 0

2 1973 43 6 1 0.24 17.19 0

2 1974 44 7 1 0.10 17.29 0

2 1975 45 8 1 0.00 17.29 0

2 1976 46 9 1 0.00 17.29 0

2 1977 47 10 1 0.00 17.29 0

2 1978 48 11 1 0.00 17.29 0

2 1979 49 12 1 0.00 17.29 0

2 1980 50 13 1 0.00 17.29 1

(b) structure extended to span period through administrative end of follow- up for all cohort members

Id Year Age Follow- up
baseline 
covariate

Ann 
exposure

Cumulative 
exposure Y C F H(U)

1 1970 31 0 1 0.00 0.00 0 1 1 0.001859682

1 1971 32 1 1 0.00 0.00 0 1 1 0.001997535

1 1972 33 2 1 0.00 0.00 0 1 1 0.002145584

1 1973 34 3 1 0.00 0.00 0 1 1 0.002304581

1 1974 35 4 1 0.00 0.00 0 1 1 0.002475332

1 1975 36 5 1 0.00 0.00 0 1 1 0.002658700

1 1976 37 6 1 0.00 0.00 0 1 1 0.002855612

1 1977 38 7 1 1.62 1.62 0 1 0 0.003067064

1 1978 39 8 1 1.30 2.92 0 1 0 0.003294121

1 1979 40 9 1 1.90 4.82 0 1 0 0.003537928

1 1980 41 10 1 1.30 6.12 0 1 0 0.003799711

1 1981 42 11 1 1.10 7.22 0 1 0 0.004080785

1 1982 43 12 1 0.76 7.98 0 1 0 0.004382559

1 1983 44 13 1 0.00 7.98 0 1 0 0.004706544

1 1984 45 14 1 0.00 7.98 0 1 0 0.005054358

1 1985 46 15 1 0.00 7.98 0 1 0 0.005427736

2 1967 37 0 1 3.26 3.26 0 1 0 0.000000263

2 1968 38 1 1 3.71 6.97 0 1 0 0.000000282

2 1969 39 2 1 1.78 8.75 0 1 0 0.000000303

2 1970 40 3 1 4.09 12.84 0 1 0 0.000000326

continued
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(b) structure extended to span period through administrative end of follow- up for all cohort members

Id Year Age Follow- up
baseline 
covariate

Ann 
exposure

Cumulative 
exposure Y C F H(U)

2 1971 41 4 1 2.21 15.05 0 1 0 0.000000350

2 1972 42 5 1 1.90 16.95 0 1 0 0.000000376

2 1973 43 6 1 0.24 17.19 0 1 0 0.000000404

2 1974 44 7 1 0.10 17.29 0 1 0 0.000000434

2 1975 45 8 1 0.00 17.29 0 1 0 0.000000466

2 1976 46 9 1 0.00 17.29 0 1 0 0.000000501

2 1977 47 10 1 0.00 17.29 0 1 0 0.000000538

2 1978 48 11 1 0.00 17.29 0 1 0 0.000000578

2 1979 49 12 1 0.00 17.29 0 1 0 0.000000621

2 1980 50 13 1 0.00 17.29 1 1 0 0.000000667

2 1981 51 14 1 – – – 0 0 0.000000717

2 1982 52 15 1 – – – 0 0 0.000000770

2 1983 53 16 1 – – – 0 0 0.000000827

2 1984 54 17 1 – – – 0 0 0.000000888

2 1985 55 18 1 – – – 0 0 0.000000954

Table 1 continued

outcome Y in a counterfactual framework.14 The following steps 
are taken to make the necessary calculation.

First, an extended data structure (table 1b) is constructed in 
which we add to the discrete time data structure one record for 
each person period from  ́Ti  until Ti such that the extended data 
structure includes records for each person period from u=0 
through the administrative end of follow- up, Ti. In addition, 
for each record in the data structure, we define two indicator 
variables: (1) a time- varying binary variable, c, that equals 1 for 
observed person periods, u ≤  ́Ti , else 0; and (2) a time- varying 
binary variable, f, that equals 1 for observed person periods, u, in 
which person i conformed to the exposure level of a given policy, 
else 0 (eg, for a policy capping exposure below a specified level 
m, we would assign f=1 at all times t<=u if  Xi

(
t
)
≤ m , else 0).

Second, we fit a weighted logistic regression model with terms 
to describe temporal variation in the baseline hazard and effects 
of covariates, where we define the weight as cf denoting the 
product of c and f. We use the fitted logistic model to generated 
predicated values of the estimated probability (hazard) of the 
outcome for each person- period in the data set. Standard statis-
tical packages allow the investigator to output a person- period 
data structure that now includes the predicted value of the 
outcome, which is the estimated hazard of the outcome for each 
record in the person- period file (online supplementary appendix 
2). This predicted value is based on the estimated parameters 
for the weighted regression model where the weighting leads to 
estimates based solely on the observed data for those workers 
who conformed to a given policy.

Finally, we use the predicted value of the hazard of the 
outcome during time interval u to calculate the probability of 
surviving through that time interval, for each person i and time 
interval u. Given the extended data structure, we can calculate 
the survival probability of the outcome to any time or age. The 
survival probability is calculated as one minus the product of 
the hazard of the outcome during that time interval and the 
probability of surviving up to the start of that time interval 
(online supplementary appendix 2). We define the probability of 
surviving up to the first time interval as 1 because our estimates 
are conditional on survival until entrance into the study. Using 
this information, we can readily calculate the expected risk of 
death under a proposed policy (such as policy B) for a worker. 

The extended data structure in table 1b allows for the expected 
risk of death to be calculated to any given attained age or time 
on study.

This approach readily extends to analyses of cause- specific 
mortality in which we model two (or more) competing risks for 
mortality (online supplementary appendix 3).

Graphical and tabular communication
The observed and counterfactual person- time and numbers of 
cause- specific deaths can be used as the basis for graphs, charts, 
figures and tables that illustrate comparative survival, absolute 
numbers of events, years of life lost and risk difference in the 
study population under alternative policies, standardised to the 
baseline covariate distribution of the cohort. These values can 
be summed over all records to yield estimates of the overall 
number of deaths and years of life in the cohort through the 
administrative end of follow- up under contrasting policies A 
and B. Projections regarding future events, such as the expected 
numbers of events if the cohort were followed to a specified date 
in the future, can be generated by extending the data structure 
to include additional records for person- periods that span the 
desired time period.

empirical example
We focus on a cohort of male miners working underground in 
hardrock mines in the province of Ontario, Canada. Miners are 
exposed to a complex mix of airborne hazards that can lead 
to acute effects as well as chronic diseases. Annual exposure 
to radioactive decay products of radon is measured in units of 
working level months (WLM).

First, we fit a standard regression model and report the distri-
bution of person- time and observed, fitted background, and 
fitted excess cancer deaths, and attributable fraction of cancer 
deaths. Next, we consider a policy B that removes exposure 
(ie, 0 WLM per year) using the time- varying exposure compli-
ance variable f. Using the approach described above, we fit a 
model with terms for year of birth and attained age, and estimate 
survival times and deaths under the policy cap.

We use the resultant values as the basis for charts, figures and 
tables that illustrate comparative survival, absolute numbers of 
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Table 2 Parameter estimates, fitted values, background, excess and 
attributable fraction of deaths obtained by fitting a logistic regression 
model to the discrete time cohort data

Parameter

Parameters

Fitted valuesestimate se

Intercept −5.62 0.03

Age* 0.074 0.00

Age2 0.0001 0.00

Age3 −0.00004 0.00

Born ≤1925 0.31 0.03

1925<born ≤ 1935 0.102 0.03

Cumulative exposure/100† 0.0934 0.0231

Background cases (BK) 8130

Excess cases (EX) 216

Attributable fraction (EX/(EX+BK)) 0.03

*Attained age up to 85 years.
†Cumulative working level months under a 10- year lag.

Table 3 Expected deaths in the absence of exposure, excess deaths and attributable fraction of deaths based on the counterfactual failure times. 
Cohort of underground miners

Observed (policy A) expected under policy B difference (B−A)

Person- years deaths Person- years deaths Person- years deaths

998, 510 8346 1 012 570 8171 14 060 −175

  Circulatory disease 2711   Circulatory disease 2783   Circulatory disease 72

  Cancer excluding lung 1508   Cancer excluding lung 1555   Cancer excluding lung 47

  Lung cancer 1230   Lung cancer 969   Lung cancer −261

  COPD 334   COPD 348   COPD 14

Figure 1 cumulative mortality by attained age under policy A (red line) 
and B (blue line).events, years of life lost and risk difference in the study popula-

tion under alternative policies. We further extend the calculations 
to examine cause- specific mortality and illustrate comparative 
cause- specific survival, rank ordering of leading causes of death 
and changes in the distribution of deaths due to each cause under 
different policies.

resulTs
A standard regression analysis of the cohort data yields an age 
and birth cohort conditional estimate of the association between 
cumulative exposure and all- cause mortality, with the esti-
mated coefficient 0.09 (SE=0.02) (table 2). If we use the model 
coefficients, we calculate 216 excess deaths among those who 
were exposed, yielding an estimate of 3% attributable fraction 
(table 2).

Next, consider policy B that removes exposure (ie, 0 WLM per 
year). Table 3 reports estimates of the impact of such a policy. 
Under this policy, 8176 deaths would be expected, as compared 
with the 8346 deaths observed (table 3) by age 85 years. This 
suggests 175 excess deaths, in contrast to the 216 excess deaths 
suggested by the calculation in table 2. The excess deaths divided 
by the total observed deaths suggests an attributable fraction of 
deaths of about 2%, smaller than the value of 3% reported in 
table 2.

However, eliminating radon progeny exposure leads to a 
greater longevity among the workers. The expected number of 
person- years observed under policy B is 14 060 person- years 
greater than the number observed in the cohort under policy A 
(table 3). Under policy B, deaths tend to occur at older ages and 
there is an increase in years of life expected overall in the cohort 

(approximately six additional months of life per worker in the 
cohort).

Figure 1, which illustrates a comparative survival curve, shows 
that by attaining age 85 years, the percentage of workers dead 
under policy B is lower than under policy A. Online supplemen-
tary figure 1 illustrates the gain in years of life by categories of 
attained age. The bar chart illustrates the gain in the number of 
person- years of life in each category of attained age expected in 
the cohort under policy B as compared with policy A. The bars 
extend towards positive numbers in each category of attained 
age, indicating that if the occupational health and safety policy 
B had been in place, there would be more workers alive at each 
attained age. Most of the years of life gained under policy B 
occur among people in the 45–54 and 65–74 years of attained 
age categories.

Table 3 reports cause- specific mortality for lung cancer and 
other causes under policies A and B. The number of lung cancer 
deaths is reduced by 261 deaths under policy B compared with 
policy A; in contrast, the numbers of deaths due to other circu-
latory disease is increased by 72 deaths. Figure 2 illustrates that 
policy B shifts the distribution of deaths between categories of 
cause of death. Online supplementary figure 2 illustrates the 
cause- specific cumulative mortality functions and shows that 
under policy B the cumulative incidence of lung cancer (red line) 
does not increase as steeply as under policy A, but the cumu-
lative incidence of other causes of death may increase in its 
stead. Table 3 may help a decision maker appreciate the shifting 
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Figure 2 shifting causes of death. Distribution of deaths under policy 
A and under policy B by cause of death: policy A (observed); policy B 
(expected).

distribution of the expected rank order of leading causes of 
death under different policy options.

dIsCussIOn
This paper focuses on methods for occupational cohort 
mortality analysis that may improve communication with occu-
pational safety and health decision makers. These methods are 
framed in terms of evaluations of policies on the occurrence 
of health outcomes; we propose a method to generate failure 
times and expected events under different occupational policy 
options. These counterfactual failure times may be compared 
with observed failure times; a gain in expected years of life may 
be observed if a policy reduces a hazardous occupational expo-
sure. The approach uses the information generated by standard 
statistical packages and therefore is readily implemented. We 
illustrate how these generated failure times and cause- specific 
expected events can be used for communicating about the poten-
tial impact of policies that affect occupational exposures.

As illustrated by our empirical example, the proposed calcu-
lations emphasise the limited utility of evaluations of health and 
safety policies in terms of an expected change in the overall 
number of deaths. A health and safety policy will not prevent 
death; however, it might delay when death occurs and shift the 
distribution of causes of death. This is an important point for 
communication with decision makers, and frames the benefit of 
a reduction in harmful exposure in terms of a loss (or gain) of 
person- time, and a shift in the distribution of causes of death. Of 
course, applications of the proposed method to different occu-
pational hazards, and different policy interventions, could lead 
to different patterns of mortality.

The proposed method overcomes a technical limitation of 
standard approaches to calculation of attributable risks. One 
cannot consistently estimate the number of deaths expected 
under policy B simply by multiplying the expected mortality rate 
under policy B by the observed person moments in the cohort 
under policy A; and a classical estimate of the excess deaths (ie, 
the background and excess calculated from the fitted values 
outputted by a Poisson regression model) may lead to a distorted 
impression of the impact of a policy under consideration on 
all- cause mortality.3 The proposed method employs a counter-
factual approach to such calculations. Counterfactuals are, by 
definition, unobserved; yet the approach offers a framework for 
addressing questions inherent in risk assessments regarding the 
potential benefit or harm of a (counterfactual) scenario in which 
an environmental or occupational agent was affected.15

Of course, the proposed approach requires a number of 
assumptions to yield valid inference. Correct model specifica-
tion is necessary under the proposed method, just as it is under 
standard regression analysis. In order for the predicted hazards 
generated by the proposed method to serve as appropriate esti-
mates of the expected hazards in the cohort under compliance 
with a specific policy, we require the assumption of no unmea-
sured confounding (or ‘conditional exchangeability’). Also, like 
other regression methods, the proposed method requires that we 
have observed information on the hazard of the outcome among 
those who complied with the policy at the covariate patterns 
observed among those who did not comply. The information 
available for those who complied with a proposed policy serves 
as the basis for estimation of the hazard of the outcome that 
would have been observed in the total cohort under a policy 
that ‘set’ everyone’s exposure to the conditions of compliance. 
While these are strong assumptions necessary for valid conclu-
sions from the proposed method, they are general conditions 
necessary for valid inference that apply to classical regression 
approaches as well. Finally, we have not addressed complexities 
that arise if a policy intervention leads to subsequent changes in 
employment status; however, it is possible to consider extensions 
of this approach to allow employment dynamics to be influenced 
by policy interventions.

Standard epidemiological models yield conditional measures 
of association and statistical tests of the null. However, often 
what decision makers want are estimates of the impact of a 
policy that are marginal, rather than covariate conditional, and 
comparisons of explicit policy alternatives, not comparisons to 
the null. The proposed methods yields such marginal estimates 
of the impact of a policy or intervention, and the results pertain 
to a specified target population. We illustrate calculation of 
potential years of life gained and shifts in numbers of deaths 
by a specified attained age (figures 1 and 2); each measure has 
an appeal in terms of communication and may be helpful for 
consideration by stakeholders when evaluating policy options.

Decision- making requires the explicit statement of policy 
options under consideration, as well as values that inform selec-
tion of the best outcome, because there is inevitably a trade- off 
among different consequences of a policy decision. A decision- 
maker may assign values on quality of life or disability associated 
with different outcomes; however, in the current paper we focus 
on estimation of health endpoints without attaching values to 
them.

Applied decision theory offers a potential bridge for epide-
miologists who generate information relevant to health and 
safety decision- making. The proposed approach to estimation of 
simple measures of the potential impact of occupational health 
and safety policies may strengthen communication with decision 
makers, while at the same time improving the validity of such 
estimates. We have illustrated how some useful perspectives on 
the impacts of health and safety interventions can follow from 
the proposed approaches for summarisation and communication 
of findings from occupational cohort studies.

Contributors DBr conceived of the project. nlD and cB conducted analyses. PaD 
is the principal investigator of the cohort study and contributed to interpretation of 
results and writing text. This paper is not being considered for publication elsewhere.

Funding This study was sponsored by the alpha Foundation for the improvement 
of Mine safety and health (alPha FOUnDaTiOn). The views, opinions and 
recommendations expressed herein are solely those of the authors and do not 
imply any endorsement by the alPha FOUnDaTiOn, its directors and staff. The 
Occupational cancer centre is funded by the canadian cancer society, the Ontario 
Ministry of labour and cancer care Ontario.

Competing interests none declared.

 on M
ay 23, 2023 by guest. P

rotected by copyright.
http://oem

.bm
j.com

/
O

ccup E
nviron M

ed: first published as 10.1136/oem
ed-2019-106303 on 12 M

ay 2020. D
ow

nloaded from
 

http://oem.bmj.com/


526 Richardson DB, et al. Occup Environ Med 2020;77:520–526. doi:10.1136/oemed-2019-106303

Methodology

Patient consent for publication not required.

Provenance and peer review not commissioned; externally peer reviewed.

data availability statement no data are available.

OrCId ids
David B richardson http:// orcid. org/ 0000- 0001- 8550- 0212
nathan l DeBono http:// orcid. org/ 0000- 0002- 5087- 107X

reFerenCes
 1 Breslow ne, Day ne. Statistical methods in cancer research: the design and analysis of 

cohort studies. international agency for research on cancer: lyon, 1987.
 2 Kleinbaum Dg, Klein M. Survival analysis: a self- learning text. new York, nY: springer, 

2005.
 3 richardson DB, Keil aP, cole sr, et al. Observed and expected mortality in cohort 

studies. Am J Epidemiol 2017;185:479–86.
 4 chernoff h, Moses le. Elementary decision theory. new York: Wiley, 1959.
 5 hooker ca, leach JJ, Mcclennen eF. Foundations and applications of decision theory. 

Dordrecht: Boston: D. reidel Pub. co, 1978.

 6 stevenson WJ. Operations management. 9th ed. Boston: McMcgraw- hill irwin, 2007.
 7 rothman KJ, greenland s, lash Tl. Modern epidemiology. 3rd edn. Philadelphia: 

lippincott Williams & Wilkins, 2007.
 8 hamra g, Maclehose r, richardson D. Markov chain Monte carlo: an introduction for 

epidemiologists. Int J Epidemiol 2013;42:627–34.
 9 richardson DB. Discrete time hazards models for occupational and environmental 

cohort analyses. Occup Environ Med 2010;67:67–71.
 10 Breslow ne, lubin Jh, Marek P, et al. Multiplicative models and cohort analysis. J Am 

Stat Assoc 1983;78:1–12.
 11 Prentice rl, gloeckler la. regression analysis of grouped survival data with 

application to breast cancer data. Biometrics 1978;34:57–67.
 12 greenland s, robins JM. conceptual problems in the definition and interpretation of 

attributable fractions. Am J Epidemiol 1988;128:1185–97.
 13 greenland s, Drescher K. Maximum likelihood estimation of the attributable fraction 

from logistic models. Biometrics 1993;49:865–72.
 14 richardson DB, cole s, aP K. standardizing discrete time hazard ratios with a disease 

risk score. Am J Epidemiol 2020.
 15 Flanders WD, Klein M. Properties of 2 counterfactual effect definitions of a point 

exposure. Epidemiology 2007;18:453–60.

 on M
ay 23, 2023 by guest. P

rotected by copyright.
http://oem

.bm
j.com

/
O

ccup E
nviron M

ed: first published as 10.1136/oem
ed-2019-106303 on 12 M

ay 2020. D
ow

nloaded from
 

http://orcid.org/0000-0001-8550-0212
http://orcid.org/0000-0002-5087-107X
http://dx.doi.org/10.1093/aje/kww205
http://dx.doi.org/10.1093/ije/dyt043
http://dx.doi.org/10.1136/oem.2008.044834
http://dx.doi.org/10.1080/01621459.1983.10477915
http://dx.doi.org/10.1080/01621459.1983.10477915
http://dx.doi.org/10.2307/2529588
http://dx.doi.org/10.1093/oxfordjournals.aje.a115073
http://dx.doi.org/10.2307/2532206
http://dx.doi.org/10.1097/01.ede.0000261472.07150.4f
http://oem.bmj.com/

	Innovations in applied decision theory for health and safety
	Abstract
	Methods
	Statistical methods
	Classical regression modelling approach
	Counterfactual approach
	Graphical and tabular communication


	Empirical example

	Results
	Discussion
	References


