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Aviation Safety Program Outcomes:  When Successful Implementation Isn’t Enough 
 
 

ABSTRACT 

Vehicle mishaps are costly in dollars, public opinion, and human life.  Fleet operators spend considerable time and 
effort attempting to reduce mishaps.  This is particularly true in aviation operations, where the costs in human life, 
equipment, and goodwill are often considerable.  The largest aviation fleet operator in the world (United States 
military) has implemented safety programs based on the principles of Risk Management.  The purpose of this 
research was to determine whether this implementation has had any effect on fleet safety.  Analysis was conducted 
on annual and quarterly mishap rates, quarterly flight mishap rates, and individual mishap data using comparison 
of means testing, discontinuous piecewise linear regression, and goodness of fit testing.  Results showed that the 
successful implementation of the Risk Management program did not effectively reduce mishap rates.  In addition, 
evidence suggests that mishap rates increased immediately after program implementation.  It is suggested that 
decentralized risk management approaches to flight safety may not be appropriate. 
 
Keywords:  transportation safety, safety programs, aviation safety 

BACKGROUND 

 The United States Air Force (USAF) began implementation of a safety program called Operational Risk 

Management (ORM) in 1996.  This followed implementation of a similar “risk based” safety program (Risk 

Management or RM) by the United States Army in the late 1980’s.  These programs represented a substantive shift 

away from the previously “rules based” approaches toward more “judgment based” approaches.  The new 

philosophy places responsibility for assessing risk situationally and taking remediation action on all individuals: 

“Minimizing risk—eliminating unnecessary risk—is the responsibility of everyone in the chain of command” 

(Department of the Army, 1998).  This “bottom up” approach to safety, giving more autonomy to individual workers 

and decision makers, was implemented as a way to reduce operational losses of life and equipment; particularly in 

the critical aviation fleets. 

The implementation of these programs was monitored closely and deemed quite successful by both Army and 

USAF leaders.  However, a fundamental question remains unanswered.  While program implementations were 

successful, did they ultimately achieve the desired results?  This research found evidence that judgment based safety 

programs, while increasing in popularity, might not achieve the desired safety outcomes. 

Transportation Safety Programs 

 Transportation safety analyses have recognized several factors correlated with accident events.  An excellent 

summary of the development of these factors is provided in Mejza et. al. (2003).  From the basic framework of 

Carrier Behavior (carrier actions and culture), Societal Norms (embodied in safety regulations), and Situational 

Factors (uncontrollable factors present in the physical environment), the authors note that “ . . . most studies focus 

on the direct relationship between carrier behavior and transportation safety or on the indirect relationship between 

societal norms and transportation safety” (Mejza, et. al., 2003).  These two classes of antecedents can be thought of 

as representing “cultural” (corporate programs) vs. “regulatory” approaches to safety management.  Compliance 

with, and specificity of, regulation has a prima facie connection to safety outcomes and is long recognized as a 
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technique for improving safety (many summarized in Moses and Savage, eds., 1989).  Traditionally, the U.S. 

militaries have taken this compliance based approach to preventing mishaps. 

The role of Carrier Behavior, as embodied in the various programs, policies, and culture is somewhat more 

complex.  Mejza et. al. (2003) find three interacting sub-themes within this construct in the literature: 

1.  Carrier economic or financial status on safety outcomes (Golbe, 1986; Bruning, 1989; Rose 1990) 

2.  Carrier management policies and practices on safety outcomes (Corsi, Fanara and Roberts, 1984; Corsi 
and Fanara, 1988; Monaco and Williams, 2000; Crum and Morrow, 2002) 

3.  Transportation deregulation on carrier behavior (Corsi, Fanara and Jarrell, 1988; Alexander, 1992; 
several from Moses and Savage eds., 1989) 

Studying the role of Carrier Behavior in safety outcomes, specifically carrier management policies and 

practices, is problematic due not only to the complexity of carrier behavior but also the nature of the data being 

analyzed.  First, outcome data is generally only available in the aggregate, and then only for unsuccessful trials.  

Variables with great explanatory power take on a variety of values for thousands of safe operations, and are 

measured only when the (relatively infrequent) unsafe outcome results.  This makes inference difficult at best; 

particularly when the ratio of unsuccessful trials to successful trials is so small.  Also, while data about safety 

outcomes and even compliance with regulations is available, data on specific carrier practices has been difficult to 

collect (Corsi, Fanara and Roberts, 1984; Corsi and Fanara, 1988, Corsi, Fanara and Jarrell, 1988; Alexander, 1992; 

Monaco and Williams, 2000; Crum and Morrow, 2002; Mejza, et. al, 2003).  This also complicates the development 

and validation of theory with respect to the how carrier management policies and practices are related to compliance 

and societal norms.  The combination of difficult to collect data on discrete practices, and the lopsided availability of 

failure data, makes inference particularly problematic with longitudinal studies. 

This current effort seeks to investigate the effect of a change in managerial focus away from a “regulatory 

compliance” culture toward a set of “Carrier Behavior” programs and policies as represented by the implementation 

of the ORM program.  The importance of human factors (like culture and policies) in transportation safety has 

increased, as equipment has become more reliable and inherently safer (Nagel, 1988; National Transportation Safety 

Board, 1994; O’Hare et. al., 1994, Shappell and Weigman, 1996, 1997; Wiegman and Shappell, 2001; Yacavone, 

1993).  This effect has been pronounced in aviation safety, where technological improvements in aircraft, navigation 

aids, and weather prediction have reduced the effect of many of the traditionally most significant contributors to 

aircraft accidents (Diehl, 1991; Merritt and Helmreich, 1996; Soeters and Boer, 2003; Weick and Roberts, 1993).  

The role of human behavior includes the psychosocial, ergonomic, aeromedical, and cognitive factors which are 

outside the realm of this study.  The increasing role of the organizational and/or psychosocial (organization policies, 

practices, and culture) identified by Wiegmann and Shappell (2001) are of interest.  In response to the nature of the 

difficulties in drawing inference from longitudinal studies (and the dearth of information about organizational 

programs), the authors conducted a time-series analysis of this change. 
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Military Aviation Safety Programs 

 The USAF defines ORM as “a decision-making process to systematically evaluate possible courses of action, 

identify risks and benefits, and determine the best course of action for any given situation”  (Department of the Air 

Force, 2000a)  It calls for all levels to utilize the systems for all situations, both on- and off-duty.  It states that 

proper implementation of the program will increase the overall strength of the USAF’s war fighting ability by 

enhancing mission accomplishment and preserving resources and individuals. 

 The Army defines RM as “the process of identifying, assessing, and controlling risks arising from operational 

factors and making decisions that balance risk costs with mission benefits” (Department of the Army, 1998).  It calls 

for all levels, from soldiers to leaders, to implement risk management and states that the principles apply to all 

manners of operations and environments within the service.  It notes the importance of leaders being able to properly 

apply risk management in order to conserve resources, protect personnel, and develop competent leaders and units. 

 The development of “risk management” procedures depends on how “risk” is defined.  The military services 

define risk in terms of intrinsically military aspects such as the role of ‘adversaries’ and ‘personnel.’  The USAF 

definition is “an expression of consequences in terms of the probability of an event occurring, the severity of the 

event and the exposure of personnel or resources to potential loss or harm” (Department of the Air Force, 2000a).  

The Army definition is “the probability and severity of a potential loss that may result from hazards due to the 

presence of an enemy, an adversary, or some other hazardous condition” (Department of the Army, 1998).   

The goals of ORM assume that understanding and minimizing risk will maximize mission effectiveness and 

ensure the highest levels of readiness for the USAF (Department of the Air Force, 2000b).  The USAF identifies the 

four separate goals of Enhance Mission Effectiveness, Integrate ORM into Processes, Comprehensive Acceptance at 

all Levels, and Improve War Fighting Capabilities.  It should be noted that two of the four goals relate specifically to 

program implementation (Integration and Acceptance), and two relate to desired program outcomes. 

Military Aviation Accident/Incident Classification and Measurement 

 Accidents are defined by the DoD as an “unplanned event, or series of events, that results in damage to DoD 

property,” (Department of Defense, 2000) and includes occupational illnesses and injuries to personnel.  Also 

included under this definition are incidents whereby non-DoD property and individuals are damaged or injured due 

to DoD operations.  The DoD standardizes accident classifications using a system based on the severity of the 

mishap.  Major accidents are designated as A, B, or C Class, with class A accidents being the most severe.  Severity 

is determined by both the dollar value of lost assets (including environmental cleanup and restoration costs) and the 

resulting injuries or illnesses.  Class C figures were changed in 2002 from a minimum value of $10,000 up to 

$20,000: 

A: Damage over $1,000,000, or a totally destroyed aircraft, or a fatality/permanent total 
disability 

B: Damage $200,000 < $1,000,000, or permanent partial disability, or more than 3 people 
hospitalized 
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C: Damage $20,000 < $200,000, or non-fatal injury, illness, or disability causing loss of duty 
time 

 The DoD categorizes all accidents (“mishaps”) into one of the following categories:  aircraft, explosive and 

chemical agents, motor vehicles, ground and industrial, off-duty, unmanned aerial, guided missiles, maritime, 

nuclear, or space.  Aircraft accidents are further segregated into three types of accidents:  flight, flight-related, and 

ground accidents.   

 Flight accidents, the focus of this research, are accidents in which reportable damage to an aircraft occurred 

under circumstances where intent for flight existed.  Additionally, incidents involving explosives, missiles, or 

chemical agents causing damage to aircraft are reported in this category to avoid redundant reporting.  Flight-related 

accidents are accidents under intent for flight that occur when there is no damage to the aircraft, but involve injury 

or fatality to aircrew, ground crew, or passengers or damage to other property.  Ground accidents occur when there 

is injury or property damage without intent for flight, but while aircraft engines are in operation.  This category 

includes flight decks of naval vessels.  Flight-related and ground accident occurrences were not incorporated into 

this study.  Accident rates, which are commonly used to report aviation safety trends, are a measure of the recorded 

number of accidents per units of exposure.  For example, Class A accident rates are calculated as the number of 

accidents per 100,000 flying hours.  Specific metrics are discussed in Methodology. 

METHODOLOGY 

 This experiment was a quasi-experimental, time-series design.  The treatment being studied in this experiment 

is the implementation of ORM.  Historical mishap rates and summary data were obtained from the USAF Safety 

Center (AFSC) database.  This included Class A, B, and C mishap rates and counts.  AFSC database analysts 

provided additional mishap data, including causal counts, monthly mishap rates, and flight numbers (Air Force 

Safety Center, 2003b).  Similarly, Army mishap rates and summary data were obtained from the Army Safety 

Center database, and mishap cause counts were provided by Safety Center analysts (Army Safety Center, 2002).  A 

monthly breakdown of flying hours and flights, as well as individual mishap data, were not available. 

Research Questions 

The purpose of this research was to determine whether the implementation of ORM has had any affect on fleet 

safety.  Analysis was conducted on annual and quarterly mishap rates, quarterly flight mishap rates, and individual 

mishap data.  Three research questions were investigated in the course of this effort: 

1.  Did mishap rates change? 

2.  Were any changes contemporaneous with ORM implementation? 

3.  Were human factors affected by ORM implementation? 

 The statistical analyses sought to detect significant differences in the mishap rates before and after the 

implementation of ORM programs.  The USAF began its ORM program in 1996, so mishap rates from FY 1983 to 

1996 were compared to those of FY 1997 to 2002.  A similar investigation conducted by Ashley in 1999 on the 

implementation of ORM in the Army in 1987 determined that there was no significant improvement in safety 

statistics; indeed, an argument could be made that the mishap rates increased shortly after the program was 
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implemented (Ashley, 1999).  This research performed an updated comparison using Army mishap rates from 1973 

to 2002 to validate those results. 

Threats to Validity and Reliability 

 Internal validity can be threatened by time related problems, group errors, and reverse causation (Dooley, 

2001).  Time threats refer to alternative causes other than the treatment variable that can affect the variable being 

measured and includes history, maturation, mortality, instrumentation, and pretest reactivity.  History, maturation, 

mortality and instrumentation were considered to have a potential effect on inference and are discussed in the next 

paragraphs.  Group threats include selection, regression to the mean, and selection-by-time threat interactions.  

Reverse causation is a circumstance where the treatment variable is caused by the response variable—the opposite 

effect of the hypothesized relationship.  Group threats, as control groups and group comparisons were not used, were 

not considered a threat to validity and are not discussed.  Threats to validity and remediation approaches are 

summarized in Table 1. 

History.  History threats occur when events unrelated to the experimental treatment cause observed reactions 

from the response variable (Dooley, 2001).  Risk management was instituted as a means of preventing mishaps, but 

it is not the only effort put forth by the services to do so.  Other programs have been studied and used to make flying 

safer, such as the Cockpit Resource Management program, cross-talk communication of mishap investigations, and 

leadership initiatives.  These activities, which have been used for many years, are time threats to the hypothesized 

variable relationship.  However, as Ashley (1999) noted, such programs are together to be considered responsible for 

trends before the implementation of ORM for the USAF in 1996 and RM for the Army in 1987.  After 

implementation, ORM and RM bear the weight of any cause and effect relationships that may be observed.  An 

historical overview of such historical threats was conducted. 

Table 1.  Threats to Validity 
THREAT LEVEL DESCRIPTION/WORKAROUND 
History Medium Many unknown factors possibly involved/Perform tests around 

suspected factors 
Maturation Medium Deviation towards safety after implementation/None 
Mortality Medium Observations are often fatal/Examined demographics 
Instrumentation Low Insignificant Class C data shift 
Selection Low Entire population 
Regression Low Outliers are not retested 
Testing Low No pretest to react to 
Reverse Causation Low Decrease in rates did not cause  ORM 
Statistical Inference Validity Low Data is non-parametric, small sample size, time series/Use 

numerous tests, smooth times series data 
External Validity Low AF pilots are not the same as GA, commercial pilots/Many 

commercial pilots military experience 
 
 It is possible that US involvement in military conflicts could affect flying safety.  Wartime activities are 

accompanied by surges in operations and flying hours and puts many pilots into stressful combat situations.  It 

would seem likely that under such situations, the likelihood of mishaps would increase, but this is not supported by 

data.  A review of mishap rates during recent American conflicts do not show a corresponding increase in mishap 
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rates.  Table 2 illustrates mishap trends during conflicts since the Korean War in 1950 to 1953.  The data from Table 

2 seems to show that flying safety improves during times of conflict.  Only during the current operations in 

Afghanistan and Iraq did the USAF mishap rates increase.  All other major conflicts saw improved mishap rates.  

Class B mishaps increased during Kosovo. 

Table 2.  Mishap Trends During Conflicts (Air Force Safety Center, 2002) 
Conflict Years Mishap Rates Trend 

Afghanistan/Iraq 2001 to present 1.16 to 1.52 Increasing 
Kosovo 1999 2.48 to 1.57 Decreasing 
Gulf War 1991 1.82 to 0.82 Decreasing 
Vietnam 1959 to 1975 8.29 to 2.77 Decreasing 
Korea 1950 to 1953 36.48 to 24.42 Decreasing 

 
 Not all aircraft are subjected to the same flight risks, and not all aircraft have the same roles in the AF.  

Clearly, the single-engine, high-speed F-16 with a combat role leads a much more dangerous existence than the 

four-engine, slower moving C-141 with a non-combat role.  For this reason, it was useful to examine the different 

airframes within the USAF fleet to determine whether aircraft mix would have any affect on mishap rates.  The AF’s 

ten aircraft with the highest Class A mishap rates over the last ten years were:  U-2 (8.51), H-53 (8.49), F-117 

(4.62), H-60 (3.48), F-6 (3.35), F-111 (2.84), F-15 (2.04), T-43 (1.57), and the E-4/E-8 which had high rates, but 

small sample size (Air Force Safety Center, 2003a).  Not surprisingly, the mishap leaders were predominantly a mix 

of fighters and helicopters.  Not a single transport made the list, and only one trainer (T-43).  The F-4, which began 

to phase out of the fleet in the late 1990’s had a history of high mishap rates.  Its lifetime Class A mishap rate was 

4.64 (Air Force Safety Center, 2002).  The F-4’s removal should make for a safer mix of aircraft and reduce mishap 

rates overall.   

 Human factors contribute to the majority of Class A mishaps.  We must therefore consider the historical 

makeup of the personnel involved in aviation mishaps.  Specifically involved in an aviation mishap are pilots, 

maintenance personnel, and supervisors.  If the overall experience level and age of the pilot pool were to decrease, it 

would seem likely that mishap rates might increase, since youth and inexperience could be linked to an increased 

likelihood of mishaps.  Analysis of pilot data shows that the pilot pool is in fact getting older and more experienced, 

which would lend itself to a decreased likelihood of mishaps.  Aircraft maintenance worker demographics are also 

of interest.  A RAND Corporation study conducted in 2002 revealed that authorizations for enlisted aircraft 

maintenance personnel fell by 12.5 percent.  While fill rates of basic apprentice level crew chief maintainers (3-

Levels) rose to 134 percent and supervisor crew chiefs (7-Levels) rose to 111 percent, mid-level technicians (5-

Levels) fell to 75 percent (Dahlman et. al., 2002).  This overall reduction, most notably in well-trained, mid-level 

technicians could contribute to an increase in maintenance related mishaps.  However, this would be a very minor 

contribution, since only 4.7% of mishaps are maintenance related over the last ten years (Air Force Safety Center, 

2003b). 

 Maturation.  Dooley defines maturation as a time threat to internal validity in which the internal processes of 

the experiment cause any observed changes (Dooley, 2001).  In this case, it refers to the development of the pilot 

throughout their flying careers.  Maturation is a threat to validity in this experiment due to the prevention programs 
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utilized by the services, training, safer technology, and general experience.  Since ORM was designed to reduce 

mishaps, one may assume that over time, the subjects individually and as a whole would achieve greater 

understanding of risk management principles and eventually reduce their likelihood of being involved in a mishap.  

This would serve to drive down mishap rates over time. 

 Conversely, over time, older, experienced pilots are removed from flight status and are replaced with new, 

inexperienced ones, presumably resulting in a steady demographic population.  The previously discussed maturation 

effects would be consequently nullified.  Analysis of mishap demographics, however, indicates that since 1996, the 

sample population got older and more experienced, which would seem to contribute to a decrease in mishaps. 

Mortality.  Mortality refers to the loss of test subjects due to any number of reasons, including death and 

voluntary removal from the sample (Dooley, 2001).  Unfortunately, since many of the aviation mishaps studied in 

this research involve pilot fatalities, mortality is indeed a threat.  It is possible that such incidents may also relate to 

the maturation concept.  Mortality involves the removal and eventual replacement of a pilot whose attrition was 

most likely the result, at least in part, of human error.  If an aviator were removed from the sample in this manner, it 

would, in effect, raise the overall level of safety for the remaining sample and could minutely lower the likelihood of 

future mishaps and consequently lower subsequent mishap rates.  Over time, this threat could theoretically be 

responsible for the gradual reduction of risk.  Additionally, retention problems driven by lucrative civilian flying 

jobs contribute to test subject attrition. 

 Instrumentation.  Instrumentation threats occur when there are shifts in the methods in which data is collected 

(Dooley, 2001).  Changes in such methods are likely to adversely affect the validity of the measured result.  Minor 

instrumentation threats are evident in this research as the criteria for mishap classification C was modified for 

dollars lost slightly in 2000.  The classification adjustment was minor and would not significantly change the 

affected rates.  An additional confound was noted and studied by Ashley.  Previous to 1983, the Army included 

Flight-related mishaps along with Flight mishaps in its rate calculations.  Ashley studied the confound, concluding 

that the change in instrumentation was not a significant factor affecting mishap rates.  In either case, the adjustment 

would result in suppressing the number of mishap events. 

Time Series Data 

The data used consists of a relatively small number of data points (Anderson, 1997).  Three assumptions must 

be met to perform the comparison tests (Devore, 2000).  The first assumption is that both samples must be selected 

from populations with normal probability distributions.  The second is that the samples are independent and 

randomly selected.  The third is that the samples must be taken from populations with equal variances. 

The first assumption was satisfied through an analysis of the residuals.  Residuals, as defined by Anderson, are 

the difference between the observed value of the mishap rate and the value predicted using the estimated regression 

equation (Anderson, 1997).  To determine residuals, a linear regression was performed using the mishap rate as the 

dependent variable and fiscal year as the independent variable.  An analysis of the data residuals using the 

Kolmogorov-Smirnov (K-S) goodness of fit test verified this requirement.  The K-S test is used to test the 
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hypothesis that a sample comes from a particular distribution (normal in this case).  The value of the K-S Z statistic 

is based on the largest absolute difference between the residual and the theoretical cumulative normal distributions. 

The second assumption is that the samples are independent and randomly selected from their populations.  To 

truly satisfy this assumption, it would be necessary to have access to comprehensive data from all flights—both 

successful flights and failed flights (mishaps).  Unfortunately, comprehensive data of this nature is not available, and 

we are left with only the failed flight data.  However, this assumption was satisfied because the sample is composed 

of all available data points of the failed flights for the population being studied.   

The third assumption is that the samples must be taken from populations with equal variances.  The mishap 

rates are a chronological sequence of observations on a single variable and can be therefore defined as time series 

data (Bowerman and O’Connell, 1987).  The rates being studied are time series data, so a test of variances is not 

appropriate, and the methodology for comparing the means must be reevaluated.  In addition, time series can be 

either stationary or non-stationary.  A time series is stationary if it fluctuates around a constant mean.  The studied 

mishap rates, however, do not fluctuate around a constant mean and are therefore considered non-stationary.  Non-

stationary time series must be transformed into stationary time series before comparisons of means may be 

performed.  To that end, the data was transformed using a percentage period index method and exponential 

smoothing, both of which are discussed later.  Conversion of the time series data into a percentage period index and 

exponentially smoothed data alleviates the threats.  Once transformed, direct comparison of means is applicable. 

Time Series Data Transformation.  To transform the data into a stationary time series, the percentage period index 

(PPI) procedure used by Ashley (Ashley, 1999) and described by Makridakis was employed (Makridakis, 1983).  

The PPI is a period-to-period percentage change measurement that enables the computation of testable means by 

converting the non-stationary means into stationary PPI means. 

 The PPI transformation begins with setting the value of the first year’s mishap rate to a constant, C, in order to 

create an order of magnitude for the index.  PPIs for subsequent years are then calculated by determining the ratio of 

the current mishap rate to the previous year’s mishap rate and then multiplying the result by the selected constant.  

The PPI formula with a selected constant, C, of 10 are calculated as follows: 

PPI = [(Ratei + 1) / (Ratei)] x C  from i = 1 to n  (1) 

A second transformation, known as exponential smoothing with trend adjustment, was used to adjust the time 

series data.  This algorithm works by smoothing out blips in the data while adjusting for a trend over time.  

Smoothing the data set allows analysis that is less susceptible to the influence of extreme values. 

 This methodology creates a smoothed value (St) of the actual observation (At) by adjusting for trends (Tt).  Two 

smoothing constants, α and β, are applied in the formulation and can fall between 0.1 and 0.5.  The median of 0.3 

for both values was chosen for this study.   

 The formula of the smoothed trend is: 

Tt  = β(St – St-1) + (1 - β)Tt-1  (2) 
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The formula of the smoothed value is: 

St  = α(At) + (1 - α)(St-1 – Tt-1)  (3) 

 The calculated smoothed values replace the original rates and are then analyzed using comparison of means 

tests explained hereafter. 

 

Discontinuous Piecewise Linear Regression 

To determine whether any rate changes were caused by the implementation of ORM, discontinuous piecewise 

linear regression was performed.  Discontinuous piecewise linear regression determines whether a slope or intercept 

change is present at a selected point in time (Neter et. al., 1996).  A two variable model with a breakpoint at C is 

described as: 

E(MR) = β0 + β1*X1 + β2*(X1 – C)*X2 + β3*X2 (4) 

where β0 is the Y-axis intercept, β1 is the slope of the line for the period prior to the treatment at breakpoint C, β1 + 

β2 is the slope of the line after C, and β3 is the jump in the intercept at C.  Figure 1 shows the concept. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1.  Discontinuous Piecewise Linear Regression Response Function (Neter et. al., 1996) 
 

 If no significant change in the slope of the regression were to occur at point C, then the two lines would have 

the same slope.  In this case, one would expect the value of β2 to be zero and for both lines to have a slope of β1.  If 

no significant shift at the intercept at point C were to occur, one would expect the value of β3 to be zero.  An 

effective treatment would yield a change in slope and/or a change in the intercept at C.  A shift at the intercept 

without a change in slope, or, conversely, a change in slope without a shift at the intercept could identify whether the 

treatment forced a process change (Campbell and Stanley, 1963). 

 The model consists of two variables:  fiscal year (FY) and operational risk management (RM).  Years prior to 

1996 had an RM value of 0 and years after 1996 had an RM value of 1.  The breakpoint, C, is 1996.  The full model 

is: 

Y 

X 0 

β0 

-C β2+ β3 

1 
β1 

C 

E(Y) = β0+ β1X1 

E(Y) = (β0-Cβ2 + β3) + (β1+ β2)*X1 

β3 

1 β1+ β2 
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E(MR) = β0 + β1*FY + β2*(FY – 96)*RM + β3*RM  (5) 

where β0 is the Y-axis intercept, β1  is the slope of the regression line for the period prior to 1996, and β3 is the shift 

in the intercept at C, between 1996 and 1997. 

 Hypotheses for the analysis were as follows: 

  Ho:  β1 = β2 = β3 = 0 

  Ha:  At least one of the β values are ≠ 0. 

The value of the β1 and β3 terms are determined directly from their p-values resulting from the overall F-tests of the 

full model.  A partial F-test must be conducted on the reduced model to determine the value of β2.  The partial F-test 

had the following hypotheses: 

  Ho:  β2 = β3 = 0 

  Ha:  β2 = 0 or β3 = 0, but not both 

To determine if the slopes of the pre- and post-ORM regression lines are significantly different from each other, 

results of the partial F-test are analyzed.  If the value of β2 is zero, then the slope of the second line will not be 

significantly different from the slope of the first.  The resulting hypothesis was: 

  Ho:  β2 = 0 

  Ha:  β2 ≠ 0 

 These tests and hypotheses were applied to USAF Class A and B rates as well as Army Class A and B/C rates.  

The breakpoint, C, for Army data was 1987, the year RM was implemented in the Army.  All tests were conducted 

using an alpha level of significance less than or equal to 0.05. 

 

ANALYSIS AND RESULTS 

 The data set being used to conduct the USAF comparison of means tests are Class A and Class B mishap rates 

from 1983 to 2002 collected from the USAF Safety Center database.  PPI rates and moving average rates calculated 

from the true rates are also analyzed in the tests.  The Army tests use Class A and Class B-C mishap, PPI, and 

exponential smoothing rates from 1973 to 2002, initially collected from the Army Safety Center online database.  

The Class B-C mishap rate is a combination of Class B and Class C mishaps, as provided by the Safety Center 

(Army Safety Center, 2002). 

 Figure 2 illustrates the three sets of data using Army Annual Class A mishap data:  mishap rates, PPI rates, and 

exponential smoothing rates.  The untreated (baseline) rate shows a relatively steady decline, with spikes around 

1982, 1985, and 1991 until appearing to “bottom out” around 1996 then trending upward after that point in time.  

The Exponentially Smoothed (ES) line reflects similar overall trends, but with the spikes removed.  The Percent 
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Period Index (PPI) line shows the effectiveness of removing the trend line in converting the time series into 

stationary data. 
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Figure 2.  Army Class A Rates vs. Smoothed 
Did Mishap Rates Change? 

To determine whether there was a statistically significant difference in means before and after implementation, 

a number of tests were conducted using the SPSS® 8.0 statistics package.  To illustrate the differences between the 

raw mishap rates, trend adjusted PPI rates, and exponentially smoothed rates, tests were conducted on all three sets 

of data.  To determine whether the implementation of ORM had any effect on mishap rates, a series of comparison 

of means tests were conducted on a variety of data types.  The tests analyzed whether the means of the mishap rates 

before ORM implementation differed from mishap rates after ORM implementation.  Three data rates were 

analyzed; mishap rates, PPI values, and exponentially smoothed rates.  Two classes were analyzed; Class A and B 

for the USAF and Class A and B-C for the Army.  The results are presented in the following sections. 

The first two tests, ANOVA and T-Tests, are parametric tests.  They rely on the assumption that the samples 

come from populations that follow a normal distribution and are from a continuous interval or ratio scale (Devore, 

2000).  While it is not appropriate to test the normality of the actual mishap rates, analysis of the data residuals 

showed that they were from approximately normal distributions.  Additionally, mishap rates are continuous interval 

scalar values.  Therefore, parametric tests may be appropriate (Devore, 2000).  Additionally, the non-parametric 

Mann Whitney Test and Wilcoxon Sign-Rank Tests were used, which negates the requirement for sample normality 

and continuous interval values (Devore, 2000).  Due to the difficulties of defining time series mishap rate data, these 

non-parametric tests were used as an additional, independent check on the validity of inferences drawn from the 
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parametric tests.  Both tests are used to determine statistically significant differences in the means of two groups 

when the standard assumptions about population distributions are not applicable (Devore, 2000). 

Comparison of Means.  The results of the four tests for the USAF and Army mishap rates are shown in Table 

3.  Both parametric and non-parametric tests clearly indicate differences between pre-ORM and post-ORM mishap 

rates.  This is clear for both the USAF and Army, and for both Class A and Class B/BC mishaps.  However, given 

the nature of time series data as previously mentioned, additional analysis is required.  When the data are smoothed 

using the ES method, similar results are found.  However, the USAF Class B mishaps under ES do not show 

statistically significant differences.  When adjusted using the PPI, the smoothed and detrended data show a quite 

different result.  Neither organization nor different class of mishap showed statistically significant differences 

between means pre-ORM vs. post-ORM.  These tests are somewhat inconclusive.  They indicate that an underlying 

process change may have occurred contemporaneously with the implementation of ORM; however, when the effects 

of the time series nature of the data are accounted for, this effect disappears. 

Table 3:  Difference of Means Tests 
Air Force 

 Class A (decrease) Class B (increase) 
 Rate PPI ES Rate PPI ES 

ANOVA 0.012 0.742 0.016 0.005 0.486 0.893 
T-Test 0.015 0.764 0.000 0.057 0.561 0.848 

Mann-Whitney 0.036 0.663 0.008 0.043 0.905 0.325 
Wilcoxon 0.037 0.699 0.006 0.046 0.938 0.347 

Army 
 Class A (decrease) Class BC (decrease) 
 Rate PPI ES Rate PPI ES 

ANOVA 0.000 0.486 0.000 0.001 0.180 0.000 
T-Test 0.000 0.490 0.000 0.001 0.185 0.000 

Mann-Whitney 0.000 0.678 0.000 0.017 0.431 0.000 
Wilcoxon 0.000 0.683 0.000 0.016 0.436 0.000 

p values less than 0.05 shown in bold 
 

Summary.  This investigative question sought to determine whether implementation of ORM had any 

significant effect on aviation mishap rates.  Due to the problematic nature of time-series data, both parametric and 

non-parametric tests were used to compare the means of pre-ORM implementation mishap rates and post-

implementation mishap rates.  The results were not conclusive.  While several tests conducted on mishap rates and 

exponentially smoothed rates showed a difference between pre- and post-ORM implementation, analysis of the PPI 

values clearly indicated that no differences could be found.  Based on these results, we cannot clearly state whether 

mishap rates changed or remained the same after ORM was implemented.  However, since the PPI values ameliorate 

the problems associated with time series data means comparisons, the PPI results are the most reliable. 

Were Changes Contemporaneous With ORM Implementation? 

 To determine whether any rate changes were caused by the implementation of ORM, discontinuous piecewise 

linear regression was performed.  Discontinuous piecewise linear regression determines whether a slope or intercept 
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change is present at a selected point in time (Neter et. al., 1996).  A two variable model with a breakpoint at C is 

described as: 

E(MR) = β0 + β1*X1 + β2*(X1 – C)*X2 + β3*X2  (6) 

where β0 is the Y-axis intercept, β1 is the slope of the line for the period prior to the treatment at breakpoint C, β1 + 
β2 is the slope of the line after C, and β3 is the jump in the intercept at C.   

 
 If no significant change in the slope of the regression were to occur at point C, then the two lines would have 

the same slope.  In this case, one would expect the value of β2 to be zero and for both lines to have a slope of β1.  If 

no significant shift at the intercept at point C were to occur, one would expect the value of β3 to be zero.  An 

effective treatment would yield a change in slope and/or a change in the intercept at C.  A shift at the intercept 

without a change in slope, or, conversely, a change in slope without a shift at the intercept could identify whether the 

treatment forced a process change (Campbell and Stanley, 1963). 

 The model consists of two variables:  fiscal year (FY) and operational risk management (RM).  Years prior to 

1996 had an RM value of 0 and years after 1996 had an RM value of 1.  The breakpoint, C, is 1996.  The full model 

is: 

E(MR) = β0 + β1*FY + β2*(FY – 96)*RM + β3*RM  (7) 

where β0 is the Y-axis intercept, β1  is the slope of the regression line for the period prior to 1996, and β3 is the shift 

in the intercept at C, between 1996 and 1997. 

 These tests were applied to USAF Class A and B rates as well as Army Class A and B/C rates.  The 

breakpoint, C, for Army data was 1987, the year RM was implemented in the Army.  All tests were conducted using 

an alpha level of significance less than or equal to 0.05. 

The AFSC provided monthly flying hours and flights flown, enabling the development of quarterly mishap and 

flight rates for additional analysis.  The quarterly mishap and flight rates were calculated as the number of mishaps 

per 100,000 flying hours or 100,000 flights flown.  Army quarterly data was unavailable. 

Mishap Rates.  All annual mishap rate results are shown in Table 4.  The calculated beta weights and p values 

are indicated for the discontinuous piecewise linear regression tests, and include the p values for the partial F test as 

described above. 

The USAF data reflects the time periods of 1970 to 1996 for the pre-ORM years and 1997 to 2002 for the post-

ORM years.  The overall F-tests indicate that the slope of the pre-ORM line, β1, is significantly different from zero, 

and that there was no significant shift at the breakpoint at 1996.  The partial F-Test does not reject the null 

hypothesis that both β2 and β3  equal zero.  This indicates that β2 is not significantly different from zero and therefore 

the line after the breakpoint is not significantly different from the line prior to the breakpoint.  Since there was no 

shift in the regression line in 1996 and the slopes of the two lines are not significantly different, there is no evidence 

that the implementation of ORM affected the USAF Class A Annual mishap rates.  Similar results were noted for 
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the Army data.  While Ashley (1999) found an increase in Army rates immediately after the implementation of RM, 

the additional data used in this analysis reduced the effect to statistical insignificance. 

Table 4:  Discontinuous Piecewise Regression, USAF and Army Annual  
  Class A Class B/BC 

Term Beta Coeff P Coeff P 
Annual Overall Air Force 

Y Intercept β0  8.801 0.000 14.565 0.040 
FY β1  -0.080 0.000 -0.153 0.066 

(FY-96) RM β2  0.090 0.216 0.883 0.186 
RM β3  0.175 0.562 -0.201 0.942 

Partial F Overall β2  = β3 = 0 na 0.056 na 0.152 
Annual Overall Army 

Y Intercept β0  11.016 0.001 112.543 0.000 
FY β1  -0.102 0.008 -1.202 0.000 

(FY-96) RM β2  0.045 0.373 1.488 0.000 
RM β3  -0.116 0.794 -2.768 0.160 

Partial F Overall β2  = β3 = 0 na 0.524 na 0.000 
p values less than 0.05 shown in bold 

 
The USAF Class B annual mishap rate discontinuous piecewise linear regression test results are also shown in 

Table 4.  The overall F-tests indicate that the slope of the pre-ORM line, β1, is not significantly different from zero, 

and that there was no significant shift at the breakpoint at 1996.  The partial F-Test does not reject the null 

hypothesis that both β2 and β3  equal zero.  This indicates that β2 is not significantly different from zero and therefore 

the line after the breakpoint is not significantly different than the line prior to the breakpoint.  Since there was no 

shift in the regression line in 1996 and the slopes of the two lines are not significantly different, there is no evidence 

that the implementation of ORM affected the USAF Class B Annual mishap rates. 

The Army Class B-C data shows a different result.  The overall F-tests indicate that the slope of the pre-RM 

line, β1, is significantly different from zero, and that there was no significant shift at the breakpoint at 1987, when 

the Army officially implemented the program.  The partial F-Test rejects the null hypothesis that both β2 and β3  

equal zero.  Since β3  was previously shown to be equal to zero, β2 is therefore not equal to zero.  This indicates that 

the line after the breakpoint is significantly different from the line prior to the breakpoint.  While there was no 

breakpoint shift in the regression line in 1987, the slopes of the two lines are significantly different.  We may 

therefore conclude that the implementation of RM affected Army Class B annual mishap rates by creating a process 

change.  However, because the slope of the first line is decreasing (negative) and the slope of the second line is 

increasing (positive), we cannot conclude that RM had the desired affect of reducing rates. 

The USAF Class A and Class B quarterly mishap rates and quarterly flight mishaps rates are illustrated in 

Figure 3.  Table 5 shows the results of the discontinuous piecewise linear regression tests for the USAF quarterly 

mishap data.  The overall F-tests indicate that the slope of the pre-ORM line, β1, is significantly different from zero, 

and that there was no significant shift at the breakpoint at 1996.  The partial F-Test rejects the null hypothesis that 

both β2 and β3  equal zero.  Since β3  was previously shown to equal zero, this indicates that β2 is significantly 

different from zero and therefore the line after the breakpoint is significantly different from the line prior to the 
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breakpoint.  While there was no breakpoint shift in the regression line in 1996, the slopes of the two lines are 

significantly different, and there is evidence that the implementation of ORM affected the USAF Class A Quarterly 

mishap rates by creating a process change.  However, since the slope of the first line is decreasing and the slope of 

the second line is increasing, it appears ORM did not have its desired effect of reducing rates. 

Operational Causes.  This final Class A analysis examines only operational causes, or mishaps caused by pilot 

related factors only.  As the subset of “pilot related causes” acts as a mediating effect between ORM/RM programs 

and overall mishap rates, these additional tests were performed to detect changes too subtle for the previous tests.   
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Figure 3.  AF Class A Quarterly Mishap Rates 
 
 

The overall F-tests (Table 6) indicate that the slope of the pre-ORM line, β1, is not significantly different from 

zero, and that there was no significant shift at the breakpoint at 1996.  The partial F-Test does not reject the null 

hypothesis that both β2 and β3  equal zero.  This indicates that the line after the breakpoint is not significantly 

different from the line prior to the breakpoint.  There was no shift in the regression line in 1996, and although the 

pre-ORM line decreased and the post-ORM line increased, the slopes of the two lines are not significantly different.  

We may therefore conclude that the implementation of ORM did not affect the number of operational mishap 

causes.  Moreover, because the slope of the first line is decreasing (negative) and the slope of the second line is 

increasing (positive), we cannot conclude that ORM had the desired affect of reducing rates. 
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Table 5:  Discontinuous Piecewise Regression, USAF Quarterly 
  Class A Class B 

Term Beta Coeff P Coeff P 
Quarterly Overall 

Y Intercept β0  3.376 0.000 3.133 0.000 
FY β1  -0.020 0.000 -0.028 0.003 

(FY-96) RM β2  0.041 0.019 0.290 0.000 
RM β3  0.176 0.497 0.018 0.988 

Partial F Overall β2  = β3 = 0 na 0.004 na 0.000 
Quarterly Sortie 

Y Intercept β0  6.403 0.000 5.798 0.000 
FY β1  -0.040 0.000 -0.052 0.002 

(FY-96) RM β2  0.092 0.011 0.572 0.281 
RM β3  0.460 0.389 -0.073 0.973 

Partial F Overall β2  = β3 = 0 na 0.001 na 0.000 
p values less than 0.05 shown in bold 

 
Table 6.  Discontinuous Piecewise Regression, USAF Class A Operational Causes 

Term Beta 
Beta 

Coefficient P-Value 
Y Intercept β0  3607.467 0.182 

FY β1  -1.800 0.184 
(FY-96)RM β2  2.571 0.180 

RM β3  -2.533 0.689 
Partial F Overall β2  = β3 = 0 na 0.303 

P values less than 0.05 shown in bold 
 

Accounting for Implementation Period.  The USAF initiated the implementation of the ORM program in 

September 1996.  That date was therefore chosen to be the breakpoint for the USAF regression analyses.  It was 

noted earlier, however, that complete implementation of the program throughout the USAF via computer training, 

was not accomplished until October 1998.  It is possible that any reduction in rates due to ORM would not be 

realized until training was complete. 

For this reason, another set of tests was performed on the USAF data, this time with two breakpoints; one at 

September 1996 and another at October 1998.  This effectively broke the data set up into three sections; pre-ORM, 

training, and post-ORM.  The same discontinuous piecewise linear regression techniques were used on USAF Class 

A and B quarterly mishap rates. 

Table 7.  AF Implementation Period Quarterly Results 

  β3 P-Value Reject Equal 0? F-Stat F-Crit Reject 
Class A 

Period 1-2 -0.0207 0.948 No Yes 2.741 4.25 No 
Period 2-3 -0.032 0.503 No Yes 0.262 3.8 No 

Class B 
Period 1-2 0.0946 0.775 No Yes 1.657 3.72 No 
Period 2-3 0.103 0.001 Yes No 7.167 4.32 Yes 
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USAF Class A quarterly mishap rate data were segmented into the three periods.  Results from the tests, shown 

in Table 7, reveal that there were no significant shifts at either breakpoint and that the three lines did not have 

significantly different slopes.  It is clear upon examining the chart that the pre-ORM period had a downward sloping 

rate and that the implementation period had an upward sloping rate.  Partial F-Tests on the data set revealed that 

while the implementation line did begin to increase, the difference was not statistically significant.  The lack of 

significance of the slope shifts are attributed to the relatively weaker strength of the smaller number of data points in 

the latter periods.  The rate line decreased from the implementation to post-ORM periods, possibly indicating that 

the benefits of the program were starting to take effect.  However, overall, both rates were still increasing. 
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Figure 4.  USAF Class A Implementation Period Quarterly Rates 

 
USAF Class B quarterly mishap rate data, segmented into the three periods are shown in Figure 4.  Test results, 

shown in Table 6, indicated that while there was no significant jump at the first breakpoint, there was one at the 

second, which is evident by the dramatic shift on the chart at quarter 113.  The slopes of the three periods, however, 

were not significantly different from each other.  The implementation period slope increases slightly from the pre-

ORM period, and the post-implementation period slope decreases from the implementation period.  There is 

statistically significant evidence to suggest that Class B mishap rates increased contemporaneously with ORM 

implementation. 

Summary.  To determine whether any rate changes were caused by the implementation of ORM, discontinuous 

piecewise linear regression was performed.  Discontinuous piecewise linear regression determines whether a slope 

or intercept change is present at a selected point in time (Neter et. al., 1996).  Analyses were performed on a number 
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of data sets, including annual rates, quarterly rates, quarterly flight rates, and human factors mishaps.  Class A and B 

data were analyzed for both the USAF and the Army.  None of the tests indicated a downward shift in mishaps nor a 

reduction in slope after implementation.  Indeed, evidence suggests that mishap rates increased contemporaneous 

with ORM implementation.  This was statistically significant for USAF Class B quarterly data when implementation 

period was explicitly taken into consideration. 

Were Human Factors Affected By ORM Implementation? 

 As ORM was intended to instill an atmosphere of safety in all USAF personnel, one would expect to see a 

reduction in the proportion of human factors, and particularly those directly affected by ORM.  In this way, the  
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Figure 5.  USAF Class B Implementation Period Quarterly Rates 

 
experimental design would protect our results from the effects of non-ORM factor changes.  In the previous section, 

some light was shown upon this question with the analysis of the changes in the “operational causes” mishap rates, 

which did not indicate a change in pilot related mishaps.  The overall proportions of USAF human factor causes 

since 1991 are shown in Figure 6.  Human factors play a role in about 70% of Class A mishaps and 40% of Class B 

mishaps.  The trend line for Class A mishaps increased slightly, while the trend line for Class B mishaps remained 

nearly level. 

The overall proportions of Army human factors causes are shown in Figure 7.  Approximately 80% of Army 

aviation mishaps are human factors related.  USAF and Army Class A and B annual mishap causal data were 

analyzed in these tests.  The data format was a yearly number count of mishap categories provided by analysts from 

both the USAF and Army Safety Centers (Air Force Safety Center, 2003b;  Army Safety Center, 2002).  Mishaps 

may have more than one associated cause category.  To study this premise further, mishap causal count data was 
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analyzed using the chi-square goodness of fit test for Class A and B data for both the USAF and Army human 

factors mishaps. 

Chi-Square Goodness of Fit Test.  The chi-square goodness of fit test is an upper-tailed, non-parametric test used to 

identify differences in observed and expected population behavior (Devore, 2000).  Each category (k) being 

observed is assigned an expected proportion.  In this case, only human factors cause categories, such as accepted 

risk, discipline, and emotional states were included.  The test compares the proportion of actual observed instances 

of such causes after implementation to a proportion based on historical averages prior to implementation.  If the test 

statistic is shown to be less than the critical value given the desired level of significance (<0.05), we accept the null 
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Figure 6.  AF Human Factors Mishap Proportions 
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Human Factors Proportions
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Figure 7.  Army Human Factors Mishap Proportions 

 
hypothesis that the expected proportions are followed.  The results of this test may provide insight into the efficacy 

of ORM implementation by revealing any changes in the proportion of human factors related mishaps.  If ORM 

were effective, one would expect a reduction in the proportion of the mediating human factor causes. 

The Chi-Square test identified differences in the sample behavior of pre- and post-ORM mishap cause 

categories.  The causes examined, their hypothesized proportion, observed frequencies, and expected frequencies for 

Class A are shown in Table 8.  Given a 0.05 level of significance and 15 degrees of freedom, the critical χ2 value 

was 32.8.  The test statistic, χ2, equaled 2787.57, well beyond the critical value and well inside the rejection region.  

The null hypothesis that the proportions are the same is rejected, indicating that a statistically significant change had 

occurred since implementation.  Interestingly, the Accepted Risk and Inadequate Risk Assessment categories both 

showed significant increases, which is counter-intuitive to expectations. 

Results from the Chi-Square test on USAF Class B data are also shown in Table 8.  Given a 0.05 level of 

significance and 15 degrees of freedom, the critical χ2 value was 32.8.  The test statistic, χ2, equaled 379.41, well 

beyond the critical value and well inside the rejection region.  The null hypothesis that the proportions are the same 

is rejected, indicating that a statistically significant change had occurred since implementation.  Five of the 

categories increased their proportions, eight decreased, and three remained relatively unchanged.  ORM specific 

categories were inconclusive, as the Accepted Risk category showed a decrease while Inadequate Risk Assessment 

categories increased. 
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Table 8.  AF Human Factors Chi-Square Values 
 Class A Class B 
  Freq Exp Freq Inc/Dec Freq Exp Freq Inc/Dec 

Accepted Risk 38 19.90 Inc 21 30.28 Dec 
Attention Mgt 49 1.00 Inc 17 1.00 Inc 

Cognitive Funct 21 1.00 Inc 5 1.00 Inc 
Discipline 18 27.48 Dec 9 20.19 Dec 

Emotional State 40 54.97 Dec 14 17.66 Dec 
Inadequate Risk Assess 21 4.74 Inc 17 2.52 Inc 

Judgment 135 160.16 Dec 58 35.33 Dec 
Manning 1 1.00 -- 1 1.00 -- 

Perceptions 47 44.54 -- 17 27.76 Dec 
Physiological 9 18.01 Dec 0 2.52 Dec 
Preparations 14 9.48 Inc 6 10.09 Dec 
Proficiency 25 17.06 Inc 11 0.00 Inc 

Self Induced Stressors 2 1.00 -- 0 1.00 -- 
Training 17 23.69 Dec 12 7.57 Inc 

Unauth Mod 1 1.00 -- 0 1.00 -- 
Unknown 43 75.81 Dec 53 65.60 Dec 

χ2 Crit χ2 p χ2 Crit χ2 p Overall χ2 Test
2787.57 32.80 0.000 379.41 32.80 0.000 

 

The same testing methodology was applied to Army human factors causes.  A shift in accounting methods and 

terminology in 1995 yielded any such data beyond that point unreliable.  Therefore, the Army tests include only data 

from 1981 to 1994, seven years after implementation.  Class A and Class B-C mishap categories, hypothesized 

proportions, observed frequencies, and expected frequencies are shown in Table 9.  Given a level of significance of 

0.05 and 12 degrees of freedom, the χ2 critical value is 28.29 for both tests.  The Class A data yielded a χ2 of 111.46.  

The Class B χ2 was 372.29.  Both tests reject the null hypothesis.  Therefore, we may conclude that the population 

proportions are not equal.  For Class A data, the results are inconclusive, as the individual category responses are 

mixed.  For Class B, all proportions increased. 

Summary.  Using the Chi-Square Goodness of Fit Test, this investigative question sought to determine whether 

the proportions of human factor related mishaps had decreased since the implementation of ORM.  Since ORM is 

designed to assist individuals in their decision-making and risk assessment skills, one would expect to see reductions 

in risk specific cause categories and in human factor cause categories in general.  The USAF data revealed evidence 

to the contrary.  While both Class A and B showed significant changes in human factor proportions, neither showed 

significant decreases.  Class A proportions were mixed; however, the Class A risk specific categories actually 

increased proportions.  The Army likewise showed significant changes in both Class A and Class B-C data.  Class A 

proportions did not conclusively increase or decrease, but Class B human factors causes increased consistently. 

CONCLUSIONS AND RECOMMENDATIONS 

 The analysis of the research questions ultimately allowed us to identify differences in the mishap rates 

contemporaneous with RM and ORM implementation.  Certainly none of the data sets analyzed showed a decrease  
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Table 9.  Army Human Factors Chi-Square Values 
 Class A Class B-C 
  Freq Exp Freq Inc/Dec Freq Exp Freq Inc/Dec 

Anticipate 16 16.41 -- 17 7.89 Inc 
Comply w/ General Rules 19 20.32 -- 8 3.94 Inc 
Follow Procedures/Orders 73 56.26 Inc 52 22.88 Inc 

Recognize 18 20.32 -- 25 11.83 Inc 
Attention 21 31.26 Dec 21 2.37 Inc 

Complex Physical Action 25 35.16 Dec 28 14.99 Inc 
Decision 30 40.64 Dec 32 13.41 Inc 

Communication 30 10.94 Inc 33 11.05 Inc 
Inspection/Search 42 15.63 Inc 20 7.10 Inc 

Planning 5 22.66 Dec 23 9.47 Inc 
Insufficient Info Reported 3 1.56 -- 4 1.58 Inc 

Misinterpreted 8 4.69 Inc 11 3.16 Inc 
Clearance/Speed/Weight 22 16.41 Inc 24 11.83 Inc 

χ2 Crit χ2 p χ2 Crit χ2 p Overall χ2 Test
111.46 28.29 0.000 372.29 28.29 0.000 

 
in mishap rates occurring contemporaneously with ORM implementation, and several showed significant increases.  

The proportion of the mediating human factors mishap causes of all four data sets showed mixed results, but with 

increases in three of the four.  The results of the questions provide strong circumstantial evidence that ORM and RM 

did not cause reductions in mishap rates and that it may not be associated with any desired improvements in 

operating safety.  Indeed, the evidence suggests that the mishap rates may have actually increased, and this could be 

associated with increases in the human factors which the programs were specifically designed to reduce. 

ORM was developed and implemented as the AF’s primary means of developing a safer AF.  It was intended 

to make flying safer, thereby reducing mishaps.  The overall objective of this research was to determine whether or 

not the program was successful in those endeavors.  To that end, a successful Operational Risk Management 

program should see a number of beneficial changes.  First, it should have seen an overall decrease of mishaps after it 

was implemented.  Second, it should have enjoyed an immediate downward shift in mishaps and a decreasing trend 

in mishap rates.  Third, it should have forced a decrease in the relative proportion of mishaps due to human error. 

Based on the results of the analysis of the investigative questions, there is enough evidence to say that ORM 

has not had its desired effect of reducing mishap rates for either the USAF or Army in their aviation equipment fleet 

operations.  Comparison of means testing failed to conclusively show a reduction in mishap rates after 

implementation of the program.  Discontinuous piecewise linear regression failed to show a decreasing shift nor 

decreasing slopes in any of the mishap data sets analyzed; except in those cases where increasing shifts were 

evident.  Chi square analysis of the human factor mishap proportions showed that a process change had occurred and 

proportions had changed, but were generally on the rise.  Furthermore, risk-specific categories were growing in 

proportion. 
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 The results of the experiment do not identify a causal relationship between the mishap rate increases and the 

ORM program.  Instead, they suggest that the changes seem to occur at a point in time concurrent with the 

implementation of ORM mentioned in the beginning of this paper, such as sample demographics, aircraft mix, 

operational changes due to contingency involvement, social turbulence, and others.  Further discussion of these 

possible confounds is warranted. 

Significant slope changes were found at the USAF ORM breakpoint in 1996 and in the Army RM breakpoint 

in 1987 for Class B-C mishaps.  It is possible that some significant event, other than ORM/RM implementation 

happened at those breakpoints to cause the slope changes.  If the USAF rates showed a similar change in slope at the 

Army breakpoint, and if the Army rates showed changes at the USAF breakpoint, it would decrease the likelihood of 

ORM/RM being responsible for the slope changes. 

 The Army implemented its program in 1987 and did not experience any slope reductions at that breakpoint.  

Using 1996 as a breakpoint, there appears to be a slope increase in Class B-C mishap rates.  This may indicate a 

history threat of some sort in 1996, where the USAF also detected significant slope increases.  If so, it would 

decrease the likelihood that ORM caused the increases. 

 The Army experienced a significant slope increase in Class B mishap rates in 1987, when it implemented its 

RM program.  The USAF also shows an obvious slope change, which could also indicate that some historical 

significant event occurred, causing the increases.  Since ORM was not implemented until 1996, this would rule it out 

as a cause.  Conversely, the Class B rate appears to hold steady until 1993, and in fact, had a noticeable decrease at 

1987. 

Recommendations 

It is suggested that the greatest weakness of the current research is in its generalizability to wider practice.  It is 

suggested that the first step in future research is to conduct additional studies across a wider variety of industries and 

applications.  As the appeal of judgment based approaches increases, more applications will be available for study. 

Also, the research should be extended to include additional factors related to safety programs and outcomes.  Here, 

only the treatment and its effects were considered; no consideration for the benefits of judgment-based approaches 

was attempted.  No rigorous attempt was made to determine why the mishap rates (through the mediating construct 

of human behaviors) increased.  In unstructured interviews with experienced crew members, several themes 

emerged.  One of the most surprising statements was the belief that by placing responsibility for assessing and 

responding to risks down to the individual level, “permission was granted for taking risks that we would not 

normally [pre-ORM] have taken” 1.  It would be interesting to assess the importance of this mechanism to 

contributing to the failure of judgment based safety programs like RM/ORM before wider implementation is 

realized. 

The recommendations for practice are somewhat more direct:  until the underlying mechanisms of the effect of 

safety programs on safety outcomes are better understood, leaders and managers in transportation industries should 

exercise caution before implementing such approaches.  The principles of “risk management” may hold great 
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promise in improving decisions in wide applications, from finance to economics, but perhaps the principles are not 

as well understood when applied to other human behaviors.  The anticipated benefits of improved operational 

performance in the form of fewer cancelled operations may not be worth the risk of failure, particularly when the 

stakes are so high.  For the military, the risk of a flight or mission not being conducted may result in the loss of 

human life or degradation of national security.  For the private sector, with a much less compelling argument for 

accepting risk, the emphasis should continue to remain on strict adherence to formal “rule based” approaches. 

 

END NOTES 
1 In 2003 the author conducted face to face focus group interviews, and one-one discussions with 12 mid to senior 

level USAF crewmembers (pilots and first officers) of equipment most similar to commercial power equipment.  

The results of the discussion were illuminating.  Common themes were:  ORM created a permissive environment for 

risk taking; the administration of the ORM program took time away from more important tasks; it was a “paper 

chase” and not credible; and ORM gave the impression that safety was to be subordinated to operational outcomes. 
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