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A new model is proposed and evaluated to produce forecasts to 2040 of exposure to
occupational back pain, a risk factor in the Global Burden of Disease 2015 Study’s comparative
risk assessment. Summary exposure values are created from the population distribution of
exposures for 188 countries, 13 age groups, and both sexes. The model is a Bayesian
autoregressive model with a Leroux continuous autoregressive prior to smooth over both age
groups and location. Global exposure to ergonomic factors that cause occupational back pain
decrease for every country and both sexes. All-ages male exposure decreases from a mean of
0.19 in 2013 to a mean of 0.17 in 2040, while all-ages female exposure decreases from a mean of
0.17 to 0.15in 2040. These forecasts will allow for the creation of detailed burden of disease
forecasts that include risk attributions. Additionally, this forecasting framework allows for
investigation of hypothetical policies and their influence on burden through reduction in

exposure to occupational risk factors.



Introduction

Continuing in the tradition of the Global Burden of Disease 1990 Study (GBD 1990) [1], the 2015
iteration of the Global Burden of Disease Study (GBD 2015) will again include projections of
mortality and disability into the future. This paper focuses on the methods and results
responsible for a small section of those projections, the forecasts of exposure to occupational
risks resulting in Low Back Pain (LBP). LBP is a common health condition [2] with large
economic implications, causing loss of income for individuals and negatively impacting a
society’s available workforce. [3] Of the 291 conditions reported in the Global Burden of Disease

2010 Study (GBD 2010) revealed that LBP is the largest contributor to disability in the world.

[4]
Previous Projections of Global Measures of Health

Forecasts of global disability and mortality were last produced as part of the Global Burden of
Disease Study 2004. [5] These forecasts used relatively simple methods for projecting mortality
and disability, similar to those used in the original GBD 1990. Mortality was modeled in log

space as a linear model according to Equation 1.
ln Ma,s,c = Ca,s,c + ﬁl ln Y + ‘82 ln HC + ,83(111 Y)Z + ﬁ4T + ﬁz ln SI

Equation 1: The model used in GBD 2004 for mortality projections.

The dependent variable is the natural log of mortality for a given age a, sex s, and cause-
cluster c. Here C is a constant term that also varies by age, sex, and cause, Y represents a
country’s GDP per capita, HC represents human capital, T the year, and SI is Smoking Impact,
used for tobacco and smoking related health outcomes. In addition to only projecting mortality
and disability due to 10 high-level “cause-clusters,” these projections were reported only at the
geographic region level, and were not country specific. Three different “scenarios” were

considered in these projections: a baseline, or “business-as-usual” scenario, along with and



optimistic and a pessimistic scenario. For most causes, these scenarios were created by using
different covariate values for the baseline, optimistic, and pessimistic scenarios. For example,
the baseline scenario used the World Bank’s GDP per capita projections, while the pessimistic
scenario assumed growth rates at 50% of the baseline. The optimistic scenario assumed growth
would be 40% higher than the baseline, except for certain countries with recent rapid growth,
such as China and India. For certain causes, such as HIV/AIDS, additional assumptions were
made in the creation of optimistic and pessimistic scenarios. The baseline HIV/AIDS scenario
assumed 80% ART coverage globally by 2012, while the optimistic scenario also assumed
increased prevention activities in addition to 80% ART coverage, and the pessimistic scenario

assumed only 60% coverage would be achieved.

Forecasting in the GBD 2015

The work described in this paper comes from a forecasting framework that models at a much
more detailed cause level and will report results at the country level. Additionally, models more
complex than linear regressions are considered, allowing individual causes to have models that
more appropriately capture their unique sources of variance. In addition to modeling mortality
and disability at a more detailed level, the GBD 2015 projections will forecast drivers of health
and exogenous variables, such as national income, future population and human capital, future
levels of educational attainment, and the exposure variables from the GBD 2015 comparative
risk assessment. By forecasting all of these variables simultaneously, the GBD 2015 forecasts can
go beyond 3 scenarios to any number of detailed scenarios. Health outcomes and how they
develop over time can then be projected for specific levels of income, education, or risk

exposure.

There is no consensus on the best approach to be used for forecasting mortality and other
demographic variables. [6] The broad categories of models typically used include: using a model

mortality scenario, target setting and interpolating towards a target mortality, extrapolating



mortality as a function of time without the use of covariates, and the approach used in the GBD
2015, forecasting using covariates as exogenous drivers of mortality. [7] While non-covariate
approaches are sometimes preferred for their simplicity and ability to capture underlying trends
and ignore noise, several limitations have been noted. These models often fail to adapt to diverse
settings, performing well for one cause but not capturing the unique situation of another, or
predicting an individual age group well but forecasting an inconsistent age pattern of mortality.
[8] While using covariates in forecasting a challenging undertaking that requires forecasting a
complete time series for every covariate used, its primary advantage is that it enables the
investigation of specific scenarios. It also captures the effects of exogenous shocks, which are

often of critical global health importance but missed by models lacking covariates.

Methods

Data Sources

Data on the exposure to ergonomic factors in the workplace that result in LBP were taken from
the GBD 2015 study. As the origin of these data are not yet described elsewhere, the
methodology behind creating this exposure time series for every country, sex, and age group in

GBD 2015 is described here briefly.

Raw data were obtained from the International Labor Organization’s (ILO) ILOSTAT Database.
[9] The ILO’s database contains information on participation in specific industries for select
countries, years, sexes, and age groups, as well as the fraction of each country, year, sex, and age
group participating in the workforce. However, this dataset is incomplete. To create a complete
time series for both sexes from 1990-2015, including all countries and age groups of the GBD
2015 study, a 3 stage modeling procedure was used. First a robust linear regression was
performed, predicting the amount of participation in each industry with explanatory variables

such as educational attainment, income per capita, population density, and latitude and



longitude for agricultural industries. The resulting residuals from this procedure were then used
in a spatio-temporal regression to predict neighboring residuals. These predicted residuals were
then used as a mean function in a Gaussian Process Regression (GPR) used to draw on
uncertainty from the input data as well as priors on its smoothness to produce the final
estimates. This procedure closely mirrors the one used for an individual model in the GBD
2015’s Cause of Death (COD) modeling strategy. [10] Beyond mortality, this approach has
proved useful in forecasting covariates such as tobacco consumption and smoking prevalence.
[11] This procedure results in 1000 draws of exposure for every location, sex, age group, and
year. Exposure values have a lower bound of 1.0, where 1.0 is the theoretical minimum level of
exposure. These 1000 draws create an exposure curve representing the distribution of exposure

for members of each location, sex, age group, and year population.

After this procedure is finished, exposure data is available for 188 countries, 13 5-year age
groups, both sexes, and all years 1990-2013. Because this is an occupational risk factor, data do
not exist for the age groups below age 15. The 13 age groups available for this dataset are the 5-

year age groups beginning at 15-19 year olds, and ending with the terminal age group, 80+.

Summary Exposure Variable Creation

In order to forecast future exposure, the exposure distributions calculated with the method
described above were simplified to a single value, a Summary Exposure Value (SEV). SEV’s were
created by integrating over the exposure curve, and multiplying by that risk factor’s relative risk.
The relative risks used were taken from the GBD 2010’s Comparative Risk Assessment (CRA).
[12] These relative risks were taken from the best existing meta-analyses from studies with a
direct clinical and causal pathway exists between exposure and health outcomes. This
integration procedure turns the distribution into a single number for ever location, age, sex, and

year. This value is then scaled, so that a population with the theoretical maximum exposure



would have an SEV of 1.0, and all other SEVs are scaled proportionally. The equation for

calculating SEV is presented below in Equation 2.

fP(Yl,a,s,t) RR(Yias,:) AYia st
RRMax — 1

SEVl,a,s,t =

Equation 2: The formula used for calculating Summary Exposure Values

Here SEV, 4 s represents the SEV for a given location [, age group a, sex s, and year t. It is
calculated by integrating over the proportion of the population exposed p(Yl,a,s,t) multiplied by
the relative risk at that exposure level RR(Y; , 5 ¢) over all levels of exposure, and then scaling by

the maximum observed relative risk for any location, year, age, and sex, minus 1.

This results in 1000 draws of an SEV for ever location, age, sex, and year. Using the SEV allows
for modeling a single value over time, rather than modeling an entire distribution of different

exposure levels.

Female
Occupational Back Pain 0.19 (0.09 — 0.55) 0.17 (0.029 — 0.63)
SEV
Mean (95% CI)

Table 1: Global mean and 95% confidence intervals for all-ages exposure to

occupational back pain in 2013
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Figure 1: Map of all-ages exposure to occupational back pain SEV values for females in 2013
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Figure 2: Map of all-ages exposure to occupational back pain SEV values for males in
2013

Descriptive summary statistics for the SEV values in the last year with historical data, 2013, are
presented by sex in Table 1. All-ages values were calculated by taking the population weighted
average of the individual age groups’ SEV’s. Although individual countries have SEV’s above 0.7,
the mean is only 0.19 for males and 0.17 for females, with 95 percentiles of 0.55 and 0.63
respectively. SEV levels by country are shown for males in Figure 1 and females in Figure 2.
Here the highest SEV values are observed for Sub-Saharan Africa and South East Asia. This is
largely due to these region’s high population participation in agricultural industry, and the high

relative risk associated with agricultural work.

Anchor Model

To forecast this SEV into the future, we developed the Anchor Model, a Bayesian autoregressive

model with a LeRoux Conditdional AutoRegressive prior on age and location (LCAR). [13] The
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dependent variable used in the model was the logit of SEV is shown below in Equation 3. Data

from each sex were modeled separately.

Yiat = logit(sEVl,a,t)

Equation 3: The Anchor Model’'s dependent variable

Yiat ~N(l'll,a,tv 0)

Equation 4: The data likelihood function used in the Anchor Model

This data-likelihood function used for this Bayesian model assumes that this dependent variable

is normally distributed about some mean p with variance o, as shown in Equation 4.

The mean was modeled as being normally distributed about a piecewise linear autoregressive
model centered on an “anchor” year. This anchor year was typically selected to be the last year in
which historical data are present, which was 2013 for this study. By centering the model on this
value, it ensures that the forecasted results do not have a discontinuity with the historical data

when predictions are made.

{Aul,a,tNN(K:ul,a,t+1 — (BAF'X + 6,0),7) if t < anchor
Aul,a,tNN(K.ul,a,t—l + (BALTTX + Qza),T) if t > anchor

Equation 5: The formulation of the Anchor Model.

The model is written above in Equation 5. Here the mean u is normally distributed about a
linear function that has an auto-regressive term on the previous year’s mean with coefficient «,
the contribution of covariates X with coefficient §, and random intercept 6. All variables are
indexed with subscripts [ for location, a for age, and t for year. Using a Bayesian framework to
estimate this model allowed for the use of priors to inform the sign and magnitude of different
parameters in the model.

log 0 ~U(—00, )

B~U (00, )
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7~G(1,0.01)
01a~LCAR(pL, pa, 6)
logit(p,)~ U(~c0,00)
logit(ps)~ U(~o0,)
6~G(1,1)

Equation 6: Priors used in the estimation of the Anchor Model

The priors used in the estimation of the Anchor Model are listed in Equation 6. We assumed a
uniform distribution on the log of the variance to enforce the variance to be positive. Similarly, a
uniform distribution was used as the prior for the covariate coefficients 3, placing no preference
for any sign or magnitude. The variance of the mean is modeled with a gamma distribution prior
with shape 1.0 and scale 0.01. The LCAR prior on the location and age random effect allows the
model to simultaneously smooth over both age and location, with the delta prior controlling
which dimension, age or location, is smoothed more heavily. The variables p; and p, correspond
to relative strength of correlation in each dimension. If there exists strong correlation across age
groups, p, Will be close to 1, and close to O in the absence of smooth age group trends. Similarly,
p. represents the strength of spatial correlation. Accordingly, the logit of these variables are
modeled with a uniform prior over the real numbers, enforcing only that they be between 0 and
1. Finally, a Gaussian distribution with shape 1.0 and scale 1.0 is used as a prior for &, reflecting
the prior belief that smoothing across age should not be inherently stronger than smoothing
across space, nor is there a belief that smoothing across space must necessarily be stronger than

smoothing across age.
Covariate Selection

One of the major strengths of the forecasting work being done as part of the GBD 2015 is the

increased number of exogenous variables and other drivers of health used for forecasting health
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outcomes. This is reflected in this model by expanding on the covariates used in [5] to include
both the natural log of income per capita and educational attainment. Additionally when
forecasting risk factors, any mediating risk in the causal pathway was also included as a
covariate, and forecasted simultaneously with each risk factor. However, occupational exposure
to ergonomic factors that cause LBP is the only risk factor in the GBD 2015’s comparative risk

assessment that impacts LBP, so no other risk factors were used as covariates in this model.

Income was forecasted with an autoregressive model that used workforce participation as its
only exogenous covariate. Workforce participation was defined as proportion of the population
aged 20-64. Age specific population forecasts were taken from the UN’s World Population
Prospects. [14] Similarly, educational attainment was forecast as an age-specific autoregressive
model using both forecasted population and the income. The models for income and education

are both described elsewhere in as of yet unpublished sources.

Model Validation

The accepted method of model validation is using out-of-sample predictive validity; when
forecasting, the out-of-sample dataset is created by picking a date in the past and holding out all
data after that point. [15] To validate this model, the model was fit using only data from 1990-
2005, and its out-of-sample predictive validity was measured using data from 2006-2013. Two
out of sample metrics were used: Root Mean Squared Error (RMSE), and coverage. Out-of-
sample coverage is defined as the proportion of out-of-sample data that lie within with predicted
95% uncertainty intervals. A coverage greater than 95% implies uncertainty intervals are too

large, and a model with less than 95% coverage is inaccurate.
Computation
All models were estimated using Template Model Builder (TMB) [16] using a newly developed

Python interface for TMB, PyMB. [17]
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Results

Exposure to ergonomic factors that cause LBP was forecast for 188 countries, 13 age groups,

and both sexes. Summary statistics for 2040 are presented below in Table 2.

Female
Occupational Back Pain 0.17 (0.03—-0.51) 0.15(0.02—-0.63)
SEV
Mean (95% CI)

Table 2: Global mean and 95% confidence intervals for all-ages exposure to
occupational back pain in 2040.

The mean male SEV of 0.17 and the mean female SEV of 0.15 in 2040 are both lower than their
respective mean values in 2013. In fact, every country modeled experiences a decline in
occupational back pain SEV. This is due to the anchor model’s autoregressive term being driven
by historical declines in occupational back pain SEV between 1990 and 2013 and carrying the
trend forward. As agricultural workers have the highest relative risk for contracting LBP from
work, these declines make sense given the shrinking percentage of the population involved in

agriculture. [18]
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Figure 3: Map of all-ages exposure to occupational back pain SEV values for males in
2040
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2040 Occupational Back Pain SEV, Females

Figure 4: Map of all-ages exposure to occupational back pain SEV values for females in

2040

Figure 3 and Figure 4 show the all-ages SEV levels in each country in 2040 for males and
females, respectively. From these maps we can see that the SEV level noticeably decreases for
females in Southeast Asia by 2040. For example, female all-ages SEV in China decreases from
0.28in 2013 to 0.15 in 2040. Eastern Sub-Saharan Africa shows a much slower rate of decline.
Female all-ages SEV in Tanzania only decreases from 0.69 in 2013 to 0.64 in 2040. In 2040
Eastern Sub-Saharan Africa remains the region with the highest exposure to occupational

ergonomic factors that result in LBP.

Model Validity Results

The Anchor Model was evaluated by fitting the model to the 1990 — 2005 data, and calculating

RMSE and coverage on the data from 2006 to 2013.
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Male Female

RMSE 0.016 0.019
Coverage 76% 76%
Table 3: RMSE and coverage on data from 2006 — 2013 used as out-of-sample
predictive validity.

Table 3 shows the predictive validity metrics obtained for this model. RMSE was calculated as
deviation from the actual SEV, rather than the logit SEV. This eases interpretability, as SEV is
bounded by 0 and 1, and logit SEV can be any real number. The RMSE over all countries and
ages are remarkably low, at only 0.016 for males and 0.019 for females. This seems
contradictory with the low coverage of just 76% for both male and female models. However, this
is explained by the model performing in an all-or-nothing fashion, either the model is accurate
and correctly models all data points for a country-age with low RMSE and 100% coverage, or it
incorrectly predicts the trend, and forecasts with low RMSE but completely misses the data for

almost 0% coverage.

Conclusions and Future Work

In this paper we present a method for forecasting exposure to a risk factor into the future using
a robust Bayesian autoregressive model and forecasts of various drivers of health. Although
forecasted results from only one risk factor are shown, this model has the potential to produce
forecasts of every risk factor in the GBD 2015 comparative risk assessment. Forecasts of
exposure to these risk factors are a vital input to forecasting risk attributable mortality and

calculating risk attributable burden in the future.

Beyond forecasting burden, this new approach to forecasting the individual risk factors used in
the comparative risk assessment allows for policy makers and academics to explore interesting
counterfactuals using burden of disease data. An effort could be made to study the effect of
different labor laws on a country’s exposure to these occupational risk factors. Then, a
hypothetical future could be forecasted where some or all countries adopt these policies, and

their exposure to risk factors change over time. This would allow careful study of potential
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burden averted by acting on a new policy or burden attributable to failure to act. Additionally,
the interconnected nature of these forecasts would allow for the study of much more distal
effects of any potentially burden-reducing policy. If a policy were to avert some disability or
mortality for young people, it will naturally affect the population and burden of disease for older
populations in the future. This modeling framework will allow for the exploration of these
counterfactuals, and enable policy makers to use the best available data and methods to make

better informed decisions.
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