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Identifying Populations at High Risk for
Occupational Back Injury with Neutral Networks

Douglas P. Landsittel,** Lytt I. Gardner,>** and Vincent C. Arena3***
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ABSTRACT

For this study a simulation is conducted to investigate the accuracy of neural
networks and logistic regression in identifying populations at high risk for
occupational back injury. In contrast to most standard regression techniques,
neural networks do not rely on linearity or explicitly specifying the nature of
the association. Because the underlying relationships between work expo-
sures, personal risk factors, and injury are often not well defined, neural
networks may prove useful for injury risk assessment. Accuracy was assessed by
comparing the injury status to the predicted level of risk in each worker. In
simulations of a non-linear association, workers (used in the training data)
were correctly classified 85% of the time with neural networks, 74% of the time
with the main effects logistic model, and 79% of the time with the fully-
specified logistic model. Using the test data, however, workers were correctly
classified 67% of the time with neural networks, and 71% and 69% of the time
with the main effects and fully-specified logistic models, respectively. Simula-
tions of a null association indicated that neural networks may be more likely
to overfit random associations. These findings provide a valuable guide con-
cerning statistical methodology for identifying high-risk worker populations.
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INTRODUCTION

An important aspect of occupational injury research is the assessment of an
individual worker’s risk for injury (Courtney et al., 1997). By classifying each
worker into low- or high-risk categories we can identify which segment of the
population is at high risk for occupational back injury. Identification of a high-
risk population allows researchers to better focus and evaluate interventions or
treatments. Classification results from neural networks are compared to clas-
sification results from logistic regression to assess each methods’ accuracy in
identifying high-risk populations.

The motivation for utilizing neural networks in this setting is to address the
analysis of non-linear associations in the data. The neural network model does
not make any assumptions about the nature of an association between the
outcome and predictors (Stern, 1996). If the exact nature of these relation-
ships are known then the probability of injury can be explicitly modeled with
logistic regression (Hosmer and Lemeshow, 1989) using appropriate catego-
ries or transformations. Otherwise, if we cannot explicitly specify the general
nature of the non-linear association (such as quadratic or cubic), extensive
exploratory analysis becomes necessary. Due to practical limitations in cases
where a very small percentage of the population is injured, adequate data may
not exist for thoroughly investigating the underlying structure of the data.
Neural networks offer another approach to analyzing non-linear associations
when we cannot adequately define the nature of the associations based on
prior knowledge (Ripley, 1993). Other methods, such as generalized additive
models, offer additional approaches which may be more easily interpreted.
Comparisons between neural nets and such methods are not explored in this
study. Methods for interpreting neural network parameters are less developed
with neural networks than with standard methods (Lippmann and Shahian,
1997), thus providing further motivation to avoid using neural nets for statis-
tical inference/estimation if the underlying data structure can be adequately
described. Very few publications have thoroughly researched parameter inter-
pretation with neural nets.

Neural networks should only be thought of as an exploratory technique in
that the nature of the association between predictors and outcome is implicitly
determined. In contrast to standard regression methods, further knowledge
about this relationship, other than which variables to include in the model, is
not required (or even useful) for neural network analysis. The network trans-
forms the data to find the optimal classification of (for instance) cases and
controls. Significance testing and estimation of summary measures is possible,
although more difficult, with neural networks (Lippmann and Shahian, 1997;
Landsittel, 1997). Neural networks are typically implemented for prediction,
especially when the underlying structure of the data is very complex and/or
unknown.

Numerous statistical techniques have been implemented for the purposes
of classification, or identification of high-risk populations. Logistic regression,
which uses maximum likelihood methods to fit the data to a linear function
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(in the logit scale) of the predictors and interactions, often serves as the
standard statistical method for classification (Tu and Guerriere, 1993; Ripley,
1994; Tu, 1996, Duh et al., 1998b). Other methods, such as probit analysis,
discriminant analysis (Anderson, 1984) and classification and regression trees
(Breiman, 1984), utilize different criteria or different assumptions to deter-
mine the optimal classification model. Modern regression techniques, such as
projection pursuit regression (Friedman, 1987; Jones and Sibson, 1987) and
multivariate adaptive regression splines (Friedman, 1991), have also been
implemented for classification. Past research has indicated that such tech-
niques may improve classification results in clinical settings, although results
are not conclusive (Tu and Guerriere, 1993; Ripley, 1993; Ripley, 1994; Yarnold,
1995; Tu, 1996; and Duh et al., 1998b). Analysis of a dichotomous outcome has
been the most common application of neural nets in the statistical literature.
Other applications, such as survival analysis (Faraggi and Simon, 1995), have
been addressed elsewhere but are not considered in this study. Although
appropriate for this study, methods for analysis of rates (with techniques
comparable to Poisson regression) have not been developed for neural net-
works.

The field of occupational injury provides an excellent setting to examine
the utility of neural networks for analyzing complex non-linear associations.
Numerous measurements related to job activities and work exposures are
often considered in assessing an individual’s risk for injury (Hagberg et al.,
1997). Individual, physical workload, and organizational indices, as well as
other occupational variables, have been linked to occupational injury (Burdorf
et al., 1997; Punnett, 1991). However, the nature of their association with
injury is often difficult to define (Burdorf, 1992; Burdorf et al., 1997; Hagberg
et al., 1997).

The goal of this study is to investigate neural networks specifically for
identification of populations at high risk for occupational back injury. Due to
the computational demands of the iterative procedures required for neural
network analysis, the simulations are limited in terms of varying the simulation
parameters, such as sample size, number of variables, and the network struc-
ture. Variations in these parameters could lead to different results and conclu-
sions. Despite this restriction, this study makes a unique contribution to the
neural net literature, as neural nets had not been previously applied to risk
assessment in the field of occupational injury. In addition, most of the past
publications, which utilized neural nets for prediction, were also limited in
terms of varying network parameters (Lette et al., 1994; Ripley, 1994; Loannidis
et al; 1998) and utilized only a single data set to make conclusions (Tu and
Guerriere, 1993; Koutsoukos et al; 1994; Lette, et al., 1994; Lippman and
Shahian, 1997; Duh et al., 1998b; Loannidis et al., 1998).

Distributions and associations were selected based on the appropriate lit-
erature to resemble (as closely as possible) true associations between injury
and selected risk factors. As described in the methods, the specified covariates
were chosen since their affect on the probability of back injury has been
established but the exact nature of the (probably non-linear) associations is
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unclear, thus motivating the implementation of neural networks. For this
study, simulations only address the question of whether neural nets can better
identify populations at high risk for back injury when associations are not
linear in a logit scale. These associations were limited to relationships consid-
ered realistic for ergonomic assessment measures and back injury, and there-
fore may not be the best examples of non-linearity appropriate for neural
network analysis. Negative results should therefore not necessarily discourage
use of neural models, but rather lead to further investigation of more optimal
applications.

NEURAL NETWORK STRUCTURE

The basic unit of a neural network model is the semi-linear unit (Figure 1),
which is similar to the logistic regression model. Define s as the network’s
inputs, which is simply the data for purposes of this study. The output, or
response, of the semi-linear unit is determined by calculating the logistic
function (Equation 1) of x, which is the vector product of the inputs and
corresponding weights, w, so that x = w - s (Levine, 1991).

f(x)= ]/(1 + exp(—x)) (€))

One distinction between the logistic regression model and the semi-linear
unit is that the logistic function, in a semi-linear unit, is used to approximate
the threshold function (i.e., whether the neuron fires a signal). In logistic
regression, the outcome is predicted as a linear function of the data in the logit
scale (Hosmer and Lemeshow, 1989). Although the logit function is most
commonly used, other functions, such as the probit function may be utilized.
Ramifications of using a different function are not clear. The predicted prob-

Output

/\\

Nox}'—Linear Fungtion

‘Keighted Sux}{
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Figure 1. The semi-linear unit. (From Landsittel, D.P., Gardner, L.I., and Arena,
V.C.)
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ability from a neural net is not necessarily a linear function of the predictors
and/or interactions (in any scale).

Other differences between the neural network model and logistic regres-
sion relate to the organization of semi-linear units into layers of the network.
The neural network model is formed by connecting layers of semi-linear units,
so that the outputs of units in one layer are used as inputs to the next layer
(Levine, 1991). The initial layer of the network is the raw data and the layers
between the first and last layers of the network are called hidden layers (since
their outputs are hidden to the user). The final layer determines the response
of the network, which in our case is the predicted probability of injury. In this
study we utilize a network with one hidden layer and ten hidden units (Fig-
ure 2).

The purpose of utilizing hidden units is to transform the data into linearly
separable groups (Levine, 1991). The output of the network can then be
determined by classifying the data based on the weighted sum of the outputs
of the hidden units. Interactions between variables and associations with the
outcome are therefore implicitly determined by the network. It is unclear
which types of associations in clinical or occupational settings are best classi-
fied by neural networks. The major trade-off between the two methods is that
neural networks offer the flexibility of fitting non-linear associations without
specifying the exact nature of the relationship, while logistic regression mod-
els offer the ability to specify exactly how the predictor variables interact with
each other and the outcome.

Depending on the number of hidden units, the neural network model may
include a much larger number of parameters than the logistic model. The
total number of parameters in the network can be calculated as H - (K + 1) +
H + 1, where H denotes the number of hidden units (with 1 hidden layer and
1 output) and K denotes the number of variables in the model. For each
hidden unit, a different weight (coefficient) is fitted for each variable and the
intercept. For each output unit, a weight is also calculated for each unit in the
hidden layer and the intercept in the hidden layer. For instance, a neural net

Output

e Hidden Units

g\Weights

Bias Ve Inputs

Figure 2. Anetwork for anayzing binary outcomes. (From Landsittel, D.P., Gardner,
L.l., and Arena, V.C.)
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with 4 inputs and 10 hidden units will have 61 parameters to fit. The fully
specified logistic model with 4 variables will have only 15 parameters to fit.
These factors may lead to a greater possibility of overfitting random associa-
tions with neural networks. Theoretical considerations concerning the bal-
ance between maximizing accuracy and minimizing bias are published else-
where (Geman, Bienstock, and Doursat, 1992).

As with standard regression methods, model complexity becomes especially
problematic when the number of covariates is relatively large compared to the
number of observations in the data set. Although no specific guidelines exist
for calculating the required sample size of the training data set (in relation to
model complexity), an adequate sample size for a standard regression method
would not necessarily provide sufficient numbers for neural network analysis
due to the greater number of parameters in the network model. Research in
selecting of an adequate training set is not well developed. Other past publi-
cations discuss general considerations such as balancing precision and bias,
and satisfying asymptotic properties (Geman et al., 1992; White, 1989).

Optimal network weights can be determined through iterative numerical
methods, such as back-propagation (Rumelhart et al., 1995). Using random
initial weights, the deviance (or error) of the model is calculated and the
weights are updated based on a gradient descent learning rule. The process is
continued until the deviance of the model is minimized. This procedure is
often referred to as training the network. Since such routines may converge to
a local minimum, we implemented two techniques, weight decay and commit-
tees of networks, to modify training (Ripley, 1995). Weight decay (Ripley,
1993) adds a penalty term to the deviance to improve convergence. With
committees of networks (Rumelhart et al., 1995), the predicted output is
determined using five networks with different initial weights. The final output
is calculated as the mean output of the five individual networks.

METHODS

For this analysis, we simulated data sets based on known associations be-
tween the outcome (back injury present or absent) and the predictor vari-
ables. The simulated data was generated to represent injury over a given
period of time. Equal follow-up was therefore assumed. Simulated data sets
were utilized to control for random associations which might occur in any
single data sets. Repeated simulations allow us to better describe the true
variability of classification results over many iterations. Simulating data also
guarantees that the test data is truly independent of the training data. Any
improvement in classification accuracy can then be attributed to specific
known associations/data structures specified by the simulation conditions.
Since neural nets are not restricted to a linear model in any scale, and
implicitly fit interactions through the use of hidden units, overfitting is more
likely than with logistic regression. In a simulation study we can assess classi-
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fication accuracy under different known associations. In this simulation we
specified both non-linear and completely random associations.

Based on the literature related to back injury risk factors, four different
predictor variables (experience in years, body mass index in kg/m?, percent-
age time spent lifting, and percentage of time in non-neutral trunk postures)
were selected to be used in these simulations. The number of variables (four)
in this study is limited by computational demands. These particular covariates
were chosen since their effect on the probability of back injury has been
established (see methods) but the exact nature of the (probably non-linear)
associations is unclear, thus motivating the implementation of neural net-
works.

All variables were randomly generated from a multivariate normal distribu-
tion. Body mass index was generated independently (1 = 27, o= 4) from the
other predictors. Experience (1= 3, 0= 1) was negatively correlated (p=-0.7)
with both the percentage of time spent lifting and the percentage of time
spent bending/twisting, implying that more experienced workers spend less
time in material handling tasks. The percentage of time spent lifting (1 = 30,
0= 8), and the percentage of time spent bending/twisting (1= 30, o= 8) were
generated with a positive correlation (p=0.7). The distributions and param-
eters used to simulate these data were specified based on empirical frequency
distributions from data sets currently being collected and analyzed. Simulated
data was truncated at zero in the very rare instances were negative values were
generated.

In the first set of simulations the association between the predictor variables
and injury was completely random. Injury was randomly generated as a Ber-
noulli variable with probability of injury equal to 0.2, regardless of any covariate
values. In these simulations we expected the classification accuracy to be no
better than chance. Workers with predicted probabilities greater than 0.2 were
classified as high risk for injury. One thousand (training) data sets, each with
a sample size of 100, were randomly generated and used to fit the logistic and
neural network models. The percentage of individuals correctly classified, and
the percentage of false positives and false negatives were reported using both
methods. Confidence intervals were determined by the 5th and 95th percen-
tiles of the results from the 1000 simulations. To assess generalization of these
models, an additional 1000 (test) data sets were generated using the same
distributions and association. Classification results for the test data were re-
ported using the models fit with the training data.

In the second set of simulations, a non-linear association was specified
between injury and each of the risk factors. The relationships used to generate
these associations were motivated by findings in the relevant epidemiologic
and ergonomic literature. The underlying probability of injury for each worker
was calculated using the following assumptions. Injury status was randomly
generated from a Bernoulli distribution with the specified probability of
injury.
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1. Less experienced workers experience higher back injury rates (Kelsey
and Golden, 1988; Kraus et al., 1996).

2. Workers with less than, or greater than optimal body mass index expe-
rience higher back injury rates (Kelsey and Golden, 1988).

3. Workers who lift frequently experience higher back injury rates (Burdorf,
1992; Kraus, et al., 1996).

4. Workers who bend or twist frequently experience higher back injury
rates (Burdorf, 1992; Kelsey and Golden, 1988; Punnett et al., 1991).

5. Workers who lift and bend or twist frequently experience an interactive
effect.

We specified a baseline risk of 0.05 to generate the probability of back injury
for each individual worker. To incorporate the previously mentioned assump-
tions, each worker’s risk for back injury was increased by some increment for
the level of each risk factor present. For instance, the risk of back injury was
additively increased by 0.10 for workers with less than 1 year of previous
experience, and by 0.05 for workers with less than 2 years of experience (based
on assumption 1 above). Increased risks for different levels of each variable are
listed in Table 1. For individuals with a BMI greater than 30, or less than 20,
the additional risk of back injury increases linearly with an increase in BMI.
Similar associations are specified with percent of time spent lifting and percent
of time spent bending or twisting. An interactive effect was simulated for
individuals who lift, and bend or twist frequently (greater than 30% of the
time). The magnitude of this effect, which is described in Table 2, differs
depending on the level of the worker’s body mass index and experience. The
increased risk is highest for workers with higher than optimal body mass index
and less than one year of experience.

Based on each individual’s covariates, their probability for back injury was
calculated using the associations listed in Table 1 and Table 2. Each worker’s
injury status was then randomly generated from a Bernoulli distribution with
the appropriate probability of injury. Workers with a predicted probability of
injury greater than 0.2 were again classified as high risk. One thousand
(training) data sets, each with a sample size of 100, were randomly generated
and used to fit the logistic and neural network models. Classification tables
were calculated with both neural networks and logistic regression for each
simulation. To assess generalization of these models, an additional 1000 (test)
data sets were generated using the same distributions and association. Classi-
fication results for the test data were reported using the models fit with the
training data.

Two different logistic regression models were used in each simulation to
identify high-risk populations. We specified both the main effects model and
the full model with all possible interactions. Since the inclusion/deletion of
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Table 1. Simulated increases in the probability of back injury by

risk factor.
Variable Category Increased risk
Previous experience (in years) <1 0.10
=1, <2 0.05
Body mass index (BMI) <20 (20-BMI)/100
=20, <30 0
=30 (BM1-30)/100
% Lifting (%L) >30 (%L-30)/100
% Bending/twisting (%B) >30 (%B-30)/100

Table 2. Simulated Interaction between risk factors.

Body mass index (BMI) Experience (in years)  Increased risk

<20 <1 0.08
>1, <2 0.06

=2 0.04

=20, <30 <1 0.06
>1, <2 0.04

=2 0.02

=230 <1 0.10
>1, <2 0.08

>2 0.06

interaction terms cannot be controlled in neural networks, the full logistic
model provides the closest possible comparison. The main effects model is also
fit for illustrative purposes. Results of other logistic models are not relevant to
this comparison. Both the logistic and neural net models were fit using
continuous variables.

Since the simulated data structure is completely known, a logistic model
could be fit to model the exact associations which are used to generate the
data. Such an analysis would undoubtedly produce more accurate results with
logistic regression. The specific objective of these simulations, however, was to
assess the ability of neural networks to identify high risk populations in the
case where the underlying data structure is unknown. Therefore, for the
purposes of this study, the covariate values were left as continuous, and more
complex parameters were left out of the logistic model.
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The data sets generated here can only be considered linear and multiplica-
tive if the cut points for determining probability of injury are known a priori
(i.e., if the underlying structure of the data is known). For the purposes of this
study, the analysis conducted does not assume any such knowledge and there-
fore treats the associations as unknown and essentially non-linear. The vari-
ables were therefore specified as strictly continuous in each model. Truly non-
linear associations were not attempted. The authors limited the simulations to
associations which could be easily justified as realistic in this setting.

RESULTS

In the first set of simulations, we analyzed data generated from a completely
random association. The percentage correctly classified (%CC), percentage of
false positives (%FP), and percentage of false negatives (%FN) were reported
(Table 3). Neural networks correctly classified 80% of the injured workers in
the training set as high risk. The main effects and fully specified logistic
models correctly classified 60 and 70%, respectively, of the observations.
Neural networks correctly classified injury status in 55% of the workers in the
test data, as compared to 80% of the workers in the training data. The main
effects and fully specified logistic models correctly classified 52 and 56%,
respectively, of the observations in the test data. Results concerning the test set
of random associations indicate that, for 1000 simulations of sample size 100,
considerable variability in classification results exists. Given no true association
in an independently generated data set, one would expect 50% of the injured
to be classified as high risk.

In the next set of simulations, we analyzed data generated from the previ-
ously described non-linear associations. The percentage correctly classified
(%CC), percentage of false positives (%FP), and percentage of false negatives
(%FN) were reported (Table 4). Neural networks correctly classified an aver-
age of 85% of the workers in the training data. The main effects and fully
specified logistic models correctly classified 74 and 79%, respectively, of the
observations. The percentage of workers correctly classified with neural net-
works was again substantially lower using the test data (67%), as compared to
results using the training data (85%). The main effects and fully specified
logistic models correctly classified 71 and 69%, respectively, of the observa-
tions in the test data.

DISCUSSION

Neural networks have been implemented in past studies to identify high-
risk populations in the health care setting (Duh et al., 1998b; Koutsoukos et al.,
1994; Tu and Guerriere, 1993). This study represents the first application of
neural networks to occupational injury epidemiology. Results from our simu-
lations show that neural networks do not provide any benefit over standard
statistical methods in identifying populations at high risk for back injury for
these particular simulation conditions, i.e., non-linear associations with a lim-
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ited sample size and a limited number of variables. These findings are consis-
tent with recent epidemiologic studies (Duh et al., 1998b; Ripley, 1994), which
indicated that neural networks may provide only equivalent prediction results
to logistic models and other regression techniques for common biostatistical
settings.

In simulations of a completely random association, neural networks, despite
the lack of any true relationship between predictors and injury status, correctly
identified injured workers as high-risk 80% of the time. Utilizing even the fully
specified logistic model led to results much closer to those expected under a
completely random association. For the non-linear association, when using the
actual training data to obtain classification results, the percentage correctly
classified with neural networks appears slightly higher (although the Cls
overlap) than the percentage obtained with logistic regression (Table 4 —
85% vs. 79% and 74%). When using the test data, however, the percentage
correctly classified is slightly greater with logistic regression (71 and 69% vs.
67%). The network model likely overfits the true association since neural
networks do not allow the user to specify the nature of the association or
exclude interaction terms from the model.

Results underscore the importance of using cross-validation methods to
modify network training based on test set data and/or obtaining classification
results on the independent test set. (Cross-validation methods were not imple-
mented here due to the extremely computational nature of the simulations.)
Even though the differences between results using the training set and results
using the test set were much greater with neural nets, classification of the
training data is still biased with logistic regression. Using the full model, the
percent correctly classified was 10 to 15% greater with the training data. Even
using the main effects model the percent correctly classified was greater with
the training data (although not substantially different). Thus, although such
issues are most relevant to neural nets, results serve to motivate the use of an
independent test set for prediction with even standard statistical methods. The
percentage of false positives and false negatives using the test data was very
similar with each of the three models.

Future studies should address the ability of neural networks to identify high-
risk populations under different assumptions. In this study, we generated data
sets from a particular multivariate normal distribution and a single set of
assumptions regarding the association between the predictor variables and
injury status. The sample size and number of variables were held constant.
Additional simulations should examine variations in these parameters. Very
few studies have quantitatively addressed the effect of variations in network
parameters or attempted to evaluated the utility of neural nets for different
types of data sets (Duh et al., 1998a). Analysis done by Ripley (1995), for
instance, indicates little difference between neural nets fit using 3, 5, or 8
hidden units, although weight decay had a significant effect on model fit.
Results were only demonstrated for a single data set with 100 observations.
Although other studies have done some analysis to determine the relative
importance of such factors (Duh et al., 1998a; Duh et al., 1998b; Lippmann and
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Shahian, 1997; Ripley, 1994; Geman et al., 1992), these studies do not provide
clear guidelines regarding the inter-relationship between model structure,
sample size, and other factors in risk assessment. Using the results of this study,
researchers should run further analyses/simulations to investigate such issues.

Some generalizations can be made about possible/probable ramifications.
A greater number of hidden units increases the network’s ability to transform
the data and achieve linear separability (Hertz et al., 1991; Levine, 1991).
Specifying networks with more hidden units or hidden layers (i.e., more
parameters to fit) would therefore likely lead to more accurate results in terms
of identifying injured workers as high risk, although overfitting will likely
worsen (Landsittel, 1997).

For the purposes of this analysis we generated injury status assuming equal
follow-up. In most cases, where differential follow-up exists, the injury rates
(rather than injury status) are analyzed. Currently, methods to accomplish this
with neural networks are not available, although several publications have
recently addressed implementing neural nets for survival analysis (Faraggi and
Simon, 1995; Liestol, Anderson, and Anderson, 1994). Estimating levels of risk
associated with particular categories of a given variable is also very difficult with
neural networks. Because the weights associated with hidden units are not
directly interpretable as coefficients for a particular variable, assessing the
magnitude and direction of a particular variable’s effect on the outcome is
problematic.

Results of this study do not completely answer the research question of
when to use neural networks for occupational injury risk assessment. The
results do, however, indicate that departures from linearity in a logit scale do
not provide sufficient motivation for implementing neural network analysis.
Researchers should first decide whether the underlying structure of the data
can be reasonably described through conventional methods. If so, standard
regression methods will likely provide adequate results. In situations where
this cannot be accomplished, neural networks may still prove useful since the
user only specifies which variables are included in the model. Further investi-
gations of specific conditions where neural nets are most useful are needed.
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