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Abstract: The Idaho National Laboratory (INL) has implemented a behavior-based safety program 
called Safety Observations Achieve Results (SOAR).  SOAR encourages employees to perform in-
field observations of each other’s behaviors, and unlike other observation programs, emphasizes 
positive reinforcement for safe behaviors observed.  In addition, SOAR encourages observers to 
correct, if needed, their co-worker’s work practices and habits (i.e., behaviors).  The underlying 
premise of correcting co-worker’s “at-risk” behaviors is that more serious adverse safety events (e.g., 
OSHA-recordable events) are prevented from occurring because these lower level “at risk” behaviors 
are identified and corrected before they can propagate into culturally accepted unsafe behaviors that 
result in injuries or fatalities.  While this premise is widely accepted across various hazardous 
industries, it has not been empirically evaluated thoroughly.  The INL now has a significant amount of 
SOAR data on these lower level “at risk” behaviors.  This paper describes the use of data mining and 
inferential statistical techniques to analyze these data to determine whether they can predict the 
occurrence of a more serious adverse safety event. 
 
Keywords:  Data mining, Behavior-based safety, Safety culture, OSHA.

1.  INTRODUCTION 
 
Safety is an important aspect of virtually every company’s operations.  Negligence on the part of the 
company has financial and legal ramifications and every company has a vested interest in their 
employees as human capital.  An injured employee is an unproductive employee.  As James Reason 
noted, however, companies must balance their attention and the expenditure of their resources between 
safety and production [1].  In choosing between production and prevention (i.e., safety), going to 
either extreme leads to the undesirable consequences of an accident (i.e., adverse safety event) or 
bankruptcy.  Even in the area in between these extremes, an optimal balance between production and 
prevention is difficult to maintain.  As shown in figure 1, drift can occur at any given moment where 
either safety is emphasized over production, or production is emphasized over protection. 
 

Figure 1.  Reason’s Depiction of Balancing Production and Prevention. 

 
                                                 
*Correspondence concerning this article should be addressed to: Jeffrey C. Joe, Human Factors Scientist, Idaho National 
Laboratory.  Email: Jeffrey.Joe@inl.gov 
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In the case of drift in the direction emphasizing production, this typically continues until there is a 
relatively minor safety related event (e.g., a near hit), which causes the company to change direction 
and refocus its efforts on prevention again. 
 
As a way to manage this drift, the Idaho National Laboratory (INL) has a behavior-based safety 
observation program called Safety Observations Achieve Results (SOAR) that encourages employees 
to perform in-field1 observations of each other’s behaviors.  Unlike other observation programs in 
hazardous industries, SOAR has a strong emphasis on providing positive reinforcement for safe 
behaviors observed.  However, SOAR also has an element whereby observers correct, as needed, each 
other's “at-risk” behaviors2.  The rationale that drives this aspect of the SOAR program is based on the 
premise that a positive correlation exists between “at-risk” behaviors and adverse safety events.  A 
similar correlation is also behind the premise for changing direction and refocusing on protection after 
a near hit.  Said another way, “at-risk” behaviors are presumed to be leading indicators of, or 
behavioral precursors to, more serious adverse safety events, and that those indicators are reliable, 
valid, and can be detected with enough advance warning to prevent more serious adverse safety events 
from occurring.  Given this rationale, a logical extension is that effectively detecting and mitigating 
“at-risk” behaviors prevents more serious adverse events from occurring (i.e., an inverse correlation 
between mitigating “at-risk” behaviors and adverse safety events).  Moreover, it is the process of 
performing these SOAR observations that “at-risk” behaviors are detected (i.e., observed) and 
mitigated.  As such, one would expect to see, and in fact there is, an inverse correlation between the 
number of SOAR observations that have been performed and the INL’s Total Recordable Case Rate 
(TRCR) 3 , which is a measure of adverse safety events.  The Occupational Safety and Health 
Administration (OSHA) defines what constitutes an adverse safety event.  This statistically significant 
inverse correlation can be seen in figure 2. 
 

Figure 2.  An inverse correlation between the number of observations and the TRCR over a 
period of 2.5 years. 

 
 
While there is an inverse correlation, it is still unclear how reliable and valid “at-risk” data are with 
respect to their ability to predict more serious adverse safety events.  Further empirical research could 
demonstrate more clearly a predictive relationship, which would support the rationale driving the 
                                                 
1 “In-field” means the observation could occur at any time and at any place - in experimental facilities, production facilities, office 
buildings, transportation, work-related travel, and even off-work personal time. 
2 “At-risk” behaviors are ones that were observed as being not as safe as they could be, yet did not result in any kind of negative 
outcome or adverse safety event. 
3 TRCR is a safety rate that measures the number of occupational injuries and illnesses among a given number of full-time 
workers over a specific period of time.  In this case, it is the number of recordable cases for all INL employees per 200,000 work 
hours. 
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business decisions to implement safety programs designed to detect and mitigate “at-risk” behaviors. 
 
In reviewing past literature related to this research topic, most of the published articles were in the 
domain of safety culture and studied whether interventions designed to improve a company’s safety 
culture (e.g., SOAR) also improve a company’s safety performance.  For example, one study 
examined whether safety culture interventions (i.e., safety programs) improved safety performance 
[2].  In this study, twenty-three Dutch companies were subsidized with government funding to finance 
safety interventions that specifically focused on changing the safety culture.  The results of the study 
highlighted the difficulty of performing this type of research because researchers did not (and hardly 
ever) have the ability to conduct a true experiment in a fully controlled environment.  The quasi-
experimental nature of this research led to difficulties in obtaining quality data and in accounting for 
extraneous factors that occurred between the baseline measurement and the post-test measurement.  
Despite these limitations, the researchers found that there were at least 2 promising cases where a 
company’s safety culture intervention seemingly led to an improvement in their safety performance. 
 
Another study found a statistically significant correlation (r = -.17) between “at-risk” behaviors and 
adverse safety events, and also showed that mitigating the factors that contribute to “at-risk” behaviors 
is related to fewer adverse safety events [3].  It is worth pointing out, however, that this finding 
accounts for only 3% of the shared variance (R2), which in practical terms means that knowing 
something about the “at-risk” data tells one very little about what the likelihood that an adverse safety 
event will occur in the future.  The implication is that, at a minimum, for “at-risk” behaviors to be a 
leading indicator for adverse safety events, a strong correlation must exist between the “at-risk” 
behavior and the adverse safety event. 
 
In reviewing studies performed in the nuclear domain, all of them showed promising results but 
generally suffered from limitations in data availability.  For example, previous exploratory analyses 
performed for the U.S. Nuclear Regulatory Commission by the INL demonstrated that some safety-
culture-related data, when combined into statistical models, showed promise in predicting nuclear 
power plant safety performance, but were hampered by the availability of data [4], [5].  The remaining 
studies used measures developed by the researchers to assess safety culture or human performance.  
As a result, these studies comprised more data, but their findings were still limited in generalizability 
because they collected data at only a small number of nuclear power plants [6]-[9]. 
 
A number of studies present the results of meta-analyses performed on other research published in this 
area, providing an overview of this literature [10]-[11].  One meta-analysis included 35 other 
published studies, but many of these studies examined changes in safety culture as a result of a safety 
incident (i.e., retrospectively) instead of using safety culture data to predict future safety performance 
(i.e., prospectively).  One of the main conclusions from this meta-analysis was that, “Safety climate 
showed a small positive correlation [inverse, actually] with occupational accidents and injuries, 
indicating that a more positive safety climate was associated with less accident involvement,” (p. 322) 
but that the effect size was not very strong (� = .22).  When considering exclusively the prospective 
studies, the relationship was stronger (� = .35), but this result is based on a considerably smaller 
number of studies.  Another meta-analysis studied workplace safety and its individual and situational 
antecedents [12].  Results indicated the strongest relationships existed between safety performance 
behavior and safety knowledge and safety motivation, with close but less significant relationships 
identified between safety performance behavior and both psychological climate and group safety 
climate.  For the converse of safety performance behaviors, (i.e., accidents and injuries), the greatest 
association was found with group safety climate.  In addition, the researchers developed a path model 
in conjunction with their meta-analysis, and the results of that model provided convergent support for 
the overall conceptual model regarding workplace safety. 
 
Other researchers have begun to use advanced data mining techniques to examine this problem.  One 
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study hypothesized that Artificial Neural Networks (ANNs) might serve as accurate predictors of 
safety incident rates [13].  ANNs are a form of artificial intelligence in which artificial information 
processing prototypes operate in a manner similar to the neural networks of the human brain. 
Information is entered into ANN software systems, which are capable of plotting and remembering 
patterns.  Detection of these patterns triggers the ANNs to search for a similar response or incident rate 
and designates a prediction.  ANNs are capable of detecting patterns in any input-output experimental 
model, but prior to this research they had not been used in a safety incident analysis or prediction 
capacity.  In this study, data representing four factors was entered weekly over a sixty-two week 
period.  Factor A represented safety analysis and motivation data, Factor B represented skill 
development and training activities, Factor C represented new tools as well as equipment design 
methods and activities, and Factor D represented equipment-related activities. The four factors 
comprised a total of twenty safety intervention activities carried out for 400 workers located in 24 cost 
centers.  Accuracy for the model prototypes was defined by whether specific empirical criteria were 
met including, 1) absolute average percent error less than 20%, 2) mean absolute deviation (MAD) of 
less than 1.0 and 3) a coefficient of determination (R2) greater than 0.50.  Results, however, did not 
meet those definitions of accuracy (an average error rate of 55%, a MAD rate of 1.63, and an R2 of 
around 0.10).  Thus, the ANN did not develop sufficient accuracy to predict safety incident rates, but 
the researchers argued that further modifications or development of new ANNs could achieve better 
accuracy and ultimately generate better predictions of safety incident rates. 
 
2.  PROBLEM STATEMENT 
 
Conventional wisdom assumes that there is a predictive relationship between “at-risk” behaviors and 
serious adverse safety events.  If one engages in behaviors that are not as safe as they could be, the 
likelihood of an adverse safety event occurring increases.  However, there does not appear to be an 
effective and meaningful way to analyze the vast quantities of “at-risk” data that companies collect to 
determine if there is more than just a positive correlation between “at-risk” behaviors and more serious 
adverse safety events. 
 
The hypothesis of this paper is that various kinds of data mining techniques will help verify or 
disconfirm the existence of a predictive relationship between “at-risk” behaviors and adverse safety 
events.  If verified, an additional inference that can be reasonably drawn is that interventions designed 
to mitigate “at-risk” behaviors (i.e., improve safety culture) will reduce the likelihood of adverse 
safety events occurring (i.e., improve safety performance). 
  
The mathematical corollary of this problem statement is: 
 

 ASE = f (ARB) (1) 
 
Where: 
ASE = adverse safety events 
ARB = “at-risk” behaviors 
 
That is to say, mitigating “at-risk” behaviors will lead to fewer adverse safety events and allowing “at-
risk” behaviors to increase will lead to more adverse safety events. 
 
3.  METHOD AND RESULTS 

Testing of the main hypothesis was conducted by data mining the vast quantities of “at-risk” behavioral data 
from the INL and using inferential statistical tests to see if there was an empirically verifiable predictive 
relationship between “at-risk” behaviors and adverse safety events.  Following the proof of concept and graded 
approach philosophies, the first step involved preprocessing the data so that a descriptive analysis and 
classification of the data could be performed.  The second step in the approach was to perform a series of log 
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Poisson regression analyses4 on the “at-risk” behavior data to see if they can predict the TRCR data.  For these 
analyses, a time series (i.e., time lagged) was used such that “at-risk” data from a previous month was used to 
predict safety performance for the current month, while also controlling for the safety performance from the 
previous month.  The rationale for these approaches and the results of these efforts are described in more detail 
below.  
 
3.1. Results of Preprocessing and Descriptive Analysis 
 
Since 2006, over 80,000 separate SOAR observations have been conducted at the INL.  As such, the 
first step in the analysis was to access and preprocess the data.  Based on preprocessing, data from 
April 2008 to September 2009 were selected for this study.  These most recent data were selected for a 
number of reasons.  First, this was a sufficiently large sample with which a proof of concept test could 
be demonstrated.  These data should also have less inter-rater variability because those making the 
observations (i.e., the raters) would have had the most practice and opportunity to get feedback on 
their prior observations such that a normalization on how to perform the observations consistently is 
more likely to have occurred.  The ability to obtain safety performance data easily for this time period 
also influenced the decision to consider only this subset of the data.  Nevertheless, Table 1 shows that 
in the 28,364 observations performed during this 18 month time period, 57,831 people were observed 
engaging in 455,291 separate behaviors, and that only a small minority of the behaviors were viewed 
as “at-risk” (3%). 
 

Table 1: All SOAR Observations from April 2008 to September 2009 
 # Obs # Emps Observed # Behaviors Observed % Safe % at Risk 
8-Apr 860 1442 16761 98.1% 1.9% 
8-May 1498 2406 22692 96.4% 3.6% 
8-Jun 1454 2810 22698 97.9% 2.1% 
8-Jul 1910 2907 24971 96.8% 3.2% 
8-Aug 1656 2392 24988 97.0% 3.0% 
8-Sep 1950 2421 23861 98.6% 1.4% 
8-Oct 2579 4249 65433 97.5% 2.5% 
8-Nov 1123 1567 26846 98.1% 1.9% 
8-Dec 893 1270 11234 97.4% 2.6% 
9-Jan 1794 10968 41522 97.1% 2.9% 
9-Feb 1691 3757 26334 95.9% 4.2% 
9-Mar 1826 3861 27649 96.7% 3.3% 
9-Apr 1853 4245 26609 97.6% 2.4% 
9-May 2195 4271 30867 97.7% 2.3% 
9-Jun 1310 2297 15380 97.3% 2.7% 
9-Jul 1380 2341 15149 96.8% 3.2% 
9-Aug 1199 2511 17648 97.7% 2.3% 
9-Sep 1193 2116 14649 96.1% 3.9% 
TOTAL 28364 57831 455291 97% 3% 

Given that the vast majority of this data was on observations of “safe” behaviors, and the focus of this 
study is on “at-risk” behaviors, the second step performed was to mine these data to understand what 
“at-risk” behaviors were being observed.  The most frequent “at-risk” behaviors were of primary 
interest and importance, since the premise being tested is that more “at-risk” behaviors will lead to 
more adverse safety events.  The results of the data mining can be seen in Table 2, which has two 
sections. 
 
 

                                                 
4 Because the “at-risk” and TRCR data are frequency data, a log Poisson regression analysis, which is non-parametric statistical
technique, must be used. 
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Table 2: Top 10 “At-Risk” Behaviors from April 2008 to September 2009 

(Time Period: 04/01/2008 to 09/30/2008) 

Behavior Name 
# of 

Obs # of Safe 
# of At-

Risk 

% At-Risk 
for 

Behavior 
Use the handrail  647 2146 155 6.7% 
Travel Path  1905 5582 153 2.7% 
Body (Vest, bright colors, weather conditions)  497 2652 148 5.3% 
Foot (Proper footwear for conditions)  1295 3904 114 2.8% 
Utilizes/has bug spray and sunscreen  32 435 110 20.2% 
Plan your path of travel  113 452 101 18.3% 
Ensures vehicle is in proper working condition  41 557 101 15.3% 
Monitor ergonomically positioned  432 678 96 12.4% 
Ergonomics (Design)  809 1962 90 4.4% 
Hand  1457 2950 85 2.8% 
     
(Time Period: 10/01/2008 to 09/30/2009) 

Behavior Name 
# of 

Obs # of Safe 
# of At-

Risk 

% At-Risk 
for 

Behavior 
Body (Vest, bright colors, weather conditions)  1997 12290 636 4.9% 
WorkPace software is installed and utilized  535 985 382 27.9% 
Use the handrail  1825 9304 371 3.8% 
Foot (Proper footwear for conditions)  3351 14453 342 2.3% 
Utilizes/has bug spray and sunscreen  216 2500 339 11.9% 
Eyes on Path  2593 5320 269 4.8% 
Driving within posted speed limit and/or road conditions 1665 1892 240 11.3% 
Travel Path  3905 16061 215 1.3% 
Travel Speed  3159 5407 204 3.6% 
Maintains safe following distance  1517 1735 184 9.6% 

 
Overall, there did not appear to be a consistent pattern of behaviors that are most frequently identified 
as “at-risk”.  Moreover, and somewhat disappointingly, the “at-risk” behaviors are not unequivocally 
consistent with the most pervasive adverse safety events.  The most pervasive adverse safety events at 
the INL for the time period analyzed are cuts (i.e., lacerations and abrasions), and people falling down 
due to environmental and/or working conditions (i.e., slips and trips).  Table 3 lists the number of 
occurrences for each of these adverse safety events by month. 
 
Furthermore, the behaviors with the highest “at-risk” percentages (e.g., using sun screen/bug spray and 
using ergonomic software) are not behavioral precursors to these adverse safety events.  This lack of 
correspondence between the “at-risk” behaviors (Table 2) and the most pervasive adverse safety 
events (Table 3) is most likely due to efforts by the safety program office to encourage people to focus 
on performing SOAR observations of certain kinds of situations and behaviors that they deemed to be 
important (e.g., focus on sunscreen and bug spray use at the beginning of summer).  However, there 
are a number of other frequently occurring “at-risk” behaviors that are potential behavioral precursors 
to the most pervasive adverse safety events.  For cuts, proper use of cut resistant gloves (i.e., Hand) is 
a top 10 “at-risk” behavior.  For falls, there are a number of top 10 “at-risk” behaviors such as use of 
footwear with proper traction (i.e., Foot), travel path, travel speed, eyes on path, and use of the 
handrail that are potential behavioral precursors.  As such, for the log Poisson regression analyses 
examining whether the adverse safety event, cuts, can be predicted by “at-risk” behaviors, only one 
behavioral precursor – using cut resistant gloves, is sufficiently frequent for inclusion.  For the log 
Poisson regression analyses examining whether the adverse safety event, slips, can be predicted by 
“at-risk” behavior data, only the most frequent “at-risk” behaviors (i.e., use of footwear with proper 
traction and using a safe travel path) were included.  Data for other behavioral precursors, such as use 



INL/CON-10-18114 

Page 7 of 10 

of the handrail, were not readily obtainable from the data, or too sparse for inclusion.  Table 4 lists the 
number of occurrences of these “at-risk” behavioral precursors by month. 
 

Table 3: Number of Occurrences for the Two Most Pervasive Adverse Safety Events 
 Cuts/abrasions Slip/trip/fall 
8-Apr 4 1 
8-May 4 1 
8-Jun 3 2 
8-Jul 5 0 
8-Aug 2 3 
8-Sep 4 6 
8-Oct 1 3 
8-Nov 1 3 
8-Dec 3 3 
9-Jan 1 6 
9-Feb 4 9 
9-Mar 10 6 
9-Apr 1 1 
9-May 1 3 
9-Jun 4 1 
9-Jul 2 1 
9-Aug 4 1 
9-Sep 10 1 

 
Table 4: Number of Occurrences of Failure to Use Cut Resistant Gloves, Wear Footwear with 

Proper Traction, and Use a Safe Travel Path Behaviors 
 # At-Risk 

Glove Use  
# At-Risk 
Footwear Use 

# At-Risk 
Travel Path  

8-Apr 5 54 61 
8-May 34 8 137 
8-Jun 18 37 47 
8-Jul 39 19 215 
8-Aug 10 21 48 
8-Sep 24 7 41 
8-Oct 10 34 143 
8-Nov 6 3 22 
8-Dec 3 2 16 
9-Jan 2 21 204 
9-Feb 19 170 107 
9-Mar 13 34 57 
9-Apr 17 39 50 
9-May 23 31 62 
9-Jun 9 32 55 
9-Jul 14 16 43 
9-Aug 14 19 26 
9-Sep 21 13 64 

 
3.2. Results of Log Poisson Regression Analyses 
 
Because these are frequency data, a series of log Poisson (i.e., non-parametric) regression analyses 
were performed.  In all cases, the adverse safety event data were time-lagged to the “at-risk” data such 
that “at-risk” data from a given month were used to predict the number of adverse safety events in the 
following month, while controlling for the previous month’s number of adverse safety events.  That is, 
the number of adverse safety events from the previous month was included in the regression model in 
order to control for the potential effect of that variable.  This was done because one fairly obvious 
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rival hypothesis that needs to be tested while performing these log Poisson regression analyses is 
whether the number of adverse safety events in the previous month can reliably predict the next 
month’s number of adverse safety events.  This hypothesis is based on the premise that past 
performance is often the best predictor of future performance.  In addition, it should be noted that 
because there is no requirement for a fixed number of SOAR observations per month, and the number 
of “at-risk” behaviors that can be observed in a single observation can vary greatly (from 0 to the total 
number of all behaviors observed), the “at-risk” frequency data need to be converted into a rate by 
dividing the total number of “at-risk” behaviors observed in a month by the total number of 
observations performed in that month.  This rate calculation normalizes the “at-risk” behavior data. 
 
The first log Poisson model regressed the rate normalized “at-risk” behavior of failing to use cut 
resistant gloves on cuts, while controlling for the number of cuts that occurred the previous month.  
The results of this test indicated that the overall model was significant (Chi-square = 31.63, df = 13, p 
= .003).  Moreover, the analysis showed that the “at-risk” hand rate variable for a given month was a 
significant predictor of the number of cuts the following month (Chi-square = 5.81, df = 1, p = .016).  
It appears there was a systematic and predictive relationship between the “at-risk” behavior of failing 
to wear cut resistant gloves and the likelihood of receiving a cut or abrasion in this time period of data. 
 
The second analysis involved a series of log Poisson regressions whereby the rate normalized “at-risk” 
behaviors of failing to wear footwear with proper traction and failing to take a safe travel path were 
regressed on falls, while controlling for the number of falls that occurred the previous month.  The 
results of the best overall model were only marginally significant (Chi-square = 19.91, df = 13, p = 
.098).  Moreover, the analysis showed that the best predictor of falls for a given month was the 
number of falls the previous month (Chi-square = 3.91, df = 1, p = .048), and the “at-risk” behavior of 
wearing proper footwear was at best only a marginally significant predictor of future falls (Chi-square 
= 3.08, df = 1, p = .079).  The “at-risk” behavior of proper travel path was not statistically significant 
as a predictor of future falls.  Based on this analysis, the “at-risk” behaviors of failing to wear footwear 
with proper traction and failing to take a safe travel path are not accurate or reliable predictors of the 
likelihood that someone will fall.  However, the number of falls that occur in the previous month are a 
good predictor of how many falls are likely to occur in the next month. 
 
4.  CONCLUSION 
 
Unfortunately, the results failed to provide unequivocal empirical support for the conventional wisdom 
or premise that “at-risk” behaviors are a good predictor of future adverse safety events.  In the case of 
cuts, the most frequent adverse safety event at the INL, the “at-risk” behavior of failing to wear cut 
resistant gloves appears to be a reliable and valid leading indicator.  However, not all cuts occur on 
employee’s hands so the extent to which this finding makes sense for all occurrences of cuts is in  
question.  In the case of falls, there does not appear to be any SOAR “at-risk” data that are good 
predictors, but the prior number of falls appears to be a good predictor for future falls. 
 
Two particular challenges for these analyses are the sparseness of adverse safety event data, and the 
abundance and variability in the SOAR data.  There are very few adverse safety events at the INL (i.e., 
there are very few cuts, falls, or other injuries and illnesses), which is a sign of a safe work 
environment.  However, the sparseness of these data makes this analysis somewhat challenging 
because events that are irregular and occur with relatively low frequency are difficult to predict.  
Combine this with the fact that the data used to make the prediction has a significant amount of 
variability, and the likelihood that a simple relationship will be present and easily modeled is low. 
 
The log Poisson regression analyses were a relatively simple way to test the main hypothesis, but it is 
worth noting that they are only one of a number of other statistical analyses that could be performed.  
The results of theses analyses provide some indication that using more complex statistical analyses 
would yield promising results.  It appears that the nature of the relationship between these two data 
sets is more complex.  It is possible that the “true” relationship between these two data sets is 
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moderated by a third variable.  For example, safety leadership modeled by company management may 
be a moderator.  That is, it could be that “at-risk” behaviors are a good predictor of safety performance 
when workers perceive that management is demonstrating safety leadership but a poorer predictor 
when management is not demonstrating safety leadership.  Given this additional complexity, an 
adjustment to the statistical tests would help account for the moderating influence of safety leadership.  
It is also possible that a different measure of safety performance has a stronger relationship with “at-
risk” behavior data. 
 
There are also additional data mining techniques that could be preformed but are beyond the scope of 
techniques that can be and are covered in detail in this paper.  These data mining techniques would 
explore the relationship between “at-risk” behavior data and TRCR (and/or other measures of safety 
performance).  For example, decision trees, which are a way of modeling the data in a manner that 
helps delineate and describe its characteristics, could be used as another way to classify these data sets.  
Using decision trees to examine qualitatively the strength of the relationships between the outcome of 
interest and the other data can provide an effective way to descriptively analyze the data.  The decision 
trees would indicate how strongly certain characteristics of the people (e.g., age, occupation, gender, 
work location, etc.) who are providing the “at-risk” behavior data are linked to higher or lower rates of 
“at-risk” behavior.  Decision trees could also potentially indicate if there are certain kinds of people 
who are more likely to engage in “at-risk” behaviors and/or if they have a higher TRCR.  Other 
advanced data mining techniques, ANNs for example, may be very helpful in elucidating the nature of 
the relationship between “at-risk” behaviors and safety performance.  Additional possibilities include 
the use of Bayesian Belief Networks and support vector machines, but the feasibility and benefit of 
using these techniques will need to be evaluated. 
 
Clearly, further exploration is needed to explain the underlying relationship between “at-risk” 
behaviors and adverse safety events.  A predictive relationship may yet be empirically validated with 
additional data and using more sophisticated dating mining techniques.  On the other hand, perhaps the 
key is questioning some of the underlying premises.  If there truly is no empirically meaningful 
relationship between “at-risk” behaviors and adverse safety events, perhaps one should question the 
pervasive tendency of safety programs in hazardous industries to ‘focus on the negative, which tends 
to overemphasize the mitigation of “at-risk” behaviors, by any means necessary, in order to prevent 
adverse safety events.  Perhaps a ‘focus on the positive’ (which is a component of SOAR) whereby a 
positive safety culture is encouraged through positive reinforcement of safe behaviors will yield 
meaningful and measurable results.  Additional research on the nature of this relationship is needed. 
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