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Abstract: Background: Biomechanists are often asked to provide expert opinions in legal 12 
proceedings, especially personal injury cases. This often involves using deterministic analysis 13 
methods, although the expert is expected to opine using a civil standard of “more likely than not” 14 
that is inherently probabilistic. Methods: A method is proposed for converting a class of deterministic 15 
biomechanical models into hybrid Bayesian networks that produce a probability well-suited for 16 
addressing the civil standard of proof. The method was developed for spinal injury during lifting. 17 
Its generalizability was assessed by applying it to slip and fall events based on the coefficients of 18 
friction at the shoe-floor interface. Results: The proposed method is shown to be generalizable 19 
beyond lifting by applying it to a slip and fall event. Both the lifting and slip and fall models showed 20 
that incorporating evidence of injury could change the probabilities of critical quantities exceeding 21 
a threshold from “less likely than not” to “more likely than not.” Conclusions: The present work 22 
shows it is possible to develop Bayesian networks for legal use based on laws of engineering 23 
mechanics and probabilistic descriptions of measurement error and human variability. 24 

 25 
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1. Introduction 28 
 29 

Biomechanics has many applications, including litigation. Expert witnesses play an 30 
important role in personal injury legal cases. In industries lacking workers’ compensation insurance 31 
(interstate railroads and maritime in the United States), experts in biomechanics are often retained 32 
to analyze workplace factors and opine on whether they were responsible for the injury central to a 33 
civil case against the employer. Litigation can also extend to manufacturers of equipment in 34 
industries with no-fault workers’ compensation. Low back injuries are well known to be sources of 35 
employee litigation. Outside the workplace, injuries resulting from slips and falls lead to civil 36 
lawsuits against landlords, businesses, and others responsible for maintaining walk surface 37 
conditions.  38 

 39 
 Biomechanists serving as expert witnesses rely on adaptations of the standard methods of 40 
forensic engineering and applied research. Case materials are reviewed and site visits are made to 41 
make workplace and environmental measurements. Literature reviews are performed, and 42 
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engineering analyses conducted. Analysis methods include mathematical and computational 43 
models. There are typically two issues lawyer may ask a biomechanics expert to opine about: (1) 44 
causation, and (2) negligence. When opining about causation, experts often compare the applied 45 
tissue load, which is estimated using measurements and mathematical modeling, to tissue tolerance 46 
data.[1] For cases related to negligence, the retaining lawyer seeks an opinion about whether the 47 
employer failed to meet a generally accepted standard.  48 
 49 
 The expert is expected to state an opinion that is held to a “reasonable scientific certainty” or a 50 
“reasonable degree of engineering certainty.” Since these phrases are not regularly used in science 51 
and engineering they can be challenging to operationalize for the expert. However, the U.S. Court 52 
of Appeals for the Burke v. Town of Walpole that “reasonable degree of scientific certainty” means 53 
“more likely than not.” Unfortunately, traditional computational analysis methods used by 54 
biomechanists are not well-suited for addressing a probabilistic standard because they are 55 
deterministic. 56 
 57 
 The purpose of this project was to develop a methodology for creating hybrid Bayesian 58 
network implementations of biomechanical models that can be used to develop an opinion on 59 
negligence using the “more likely than not” interpretation of “reasonable scientific certainty” in 60 
civil litigation. The manuscript is organized into three sections: (1) description of the general 61 
method, (2) application of the general method to two examples (spinal injury during lifting and 62 
slip-induced fall injury during gait), and (3) a discussion. The relevance to the theme of this special 63 
issue is that Bayesian networks, which were developed in the artificial intelligence field, is applied 64 
to advance an area in forensic biomechanics. 65 

2. Materials and Methods  66 

 67 
2.1 General method 68 
 69 

The scenario considered here is that the biomechanics expert has been asked to opine about 70 
whether the defendant failed to meet a generally accepted standard, which may come from a 71 
government regulator, voluntary standards organization, or other source. Suppose the standard is 72 
stated in terms of acceptable and unacceptable ranges of some quantity that is expressed as a real 73 
number. The standard may be that the quantity is above some threshold, and sometimes it must be 74 
below a threshold.  The proposed method for developing a Bayesian network to assist in developing 75 
the opinion has six steps:  76 
 77 

1. Identify deterministic model based on principles of engineering mechanics. This step is simply 78 
constructing a deterministic mathematical engineering mechanics model of the system 79 
using established methods from biomechanics [2]. The model should be one that can be 80 
represented with algebraic equations or inequalities.  81 
 82 

2. Represent model as a directed acyclic graph. Nodes represent variables. Directed does encode 83 
the algebraic relationships between variables. The result should a directed acyclic graph. If 84 
it cannot be constructed as a directed acyclic graph the method fails; if it can be, proceed to 85 
step three. 86 

 87 
3. Identify nodes that can be modeled as random variables. There are three obvious sources of 88 

uncertainty suitable for inclusion in the model: (1) variability in anthropometric 89 
parameters, (2) variability in human performance, and (3) measurement error of model 90 
inputs. People come in many shapes and sizes, and statistical methods are commonly used 91 
to model anthropometric variation. How a person moves, which drives the kinematic and 92 
kinetic inputs to biomechanical models, can be highly variable due to a variety of reasons 93 
including noise in the motor control system. Finally, empirical measurements have error 94 
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and statistical methods are well established for representing the error using probability 95 
distributions. Distributions must be selected and parameters specified.  96 

 97 
4. Extend the directed acyclic graph to a full Bayesian network. Identify all leaf nodes in the 98 

directed acyclic graph that have an outdegree (number of edges directed out of a node) of 99 
one. For all of the nodes identified in this step that correspond to variables in step two, 100 
apply the corresponding probability distributions. At this point the Bayesian network is a 101 
stochastic implementation of a traditional biomechanical model. Note that at this point 102 
model inputs are limited to traditional measurement made in biomechanics, and these do 103 
not include medical data available in civil litigation case files. 104 

 105 
5. Identify outcomes (events) that have occurred in the legal case of interest that are known in 106 

hindsight. Civil injury litigation often arises because someone has been injured. Add nodes 107 
and edges that model the relationship between variables already in the model and the 108 
injury event.  109 

 110 
6. Add node for the probability that a generally accepted standard was exceeded. This is the node that 111 

will be used to address the “more likely than not” interpretation of “reasonable scientific 112 
certainty” put forward in Burke v. Town of Walpole. For the node added in step five, add a 113 
node representing a Boolean variable. Add an edge from the existing node to the new node 114 
that does not transform the variable at all; it merely makes the variable available to the new 115 
node. Add a node probability table to the new node such that the Boolean variable takes on 116 
a value of true when the variable associated with the incident edge is greater than - or less 117 
than, depending on the context - the generally accepted standard for this variable (the 118 
direction should be selected so that the variable takes on a value of true if the standard is 119 
not met). 120 

 121 
3. Examples 122 
 123 

The inspiration for this project was the realization that a previously published hybrid Bayesian 124 
network model of spinal injury during lifting [3] could easily be extended to produce a probability 125 
of whether the spinal compression force exceeded a generally accepted threshold. The extended 126 
model produced a numerical result that could be directly used to determine if the “more likely than 127 
not” criteria was met. Therefore, the first example will be how the model of Hughes (2017) was 128 
extended for civil litigation. While this specific example suggests hybrid Bayesian network modeling 129 
may be useful in this context, there remains an open question: “Is the use of Bayesian network 130 
modeling idiosyncratic to spinal modeling or can it be generalized for other applications in 131 
biomechanics?” To address this, another common area of occupational biomechanics in civil injury 132 
litigation was chosen to investigate: a slip resulting in a fall that injures someone. Therefore, a second 133 
example of a slip-induced fall injury was selected for modeling and analysis using a hybrid Bayesian 134 
network.  135 

 136 
3.1 Spinal injury during lifting 137 

 138 
 Attorneys seek biomechanics experts to opine about the forces acting on the internal biological 139 
tissues associated with the injury involved in litigation. The request can be to opine on whether the 140 
forces exceed some generally accepted threshold established by a government agency or consensus 141 
standards organization. This is relevant to the question of negligence of the employer. The National 142 
Institute for Occupational Safety and Health (NIOSH), which is part of the Centers for Disease 143 
Control and Prevention in the United States, issued a guideline of 3,400 N of spinal compression 144 
force at the L5/S1 spinal level.[4,5]  NIOSH stated this was the level at which jobs “are hazardous 145 
to all but the healthiest of workers.”   Therefore, the biomechanist would conduct an analysis of 146 
the lifting task the plaintiff claimed caused the injury to determine if the spine experienced more 147 
than 3,400 N of compression force. NIOSH estimates of compression force used to develop this 148 
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threshold were computed using a deterministic static biomechanical model [6], which has been 149 
nicely presented in a common textbook on occupational biomechanics [2]. 150 
 151 

Hughes (2017) implemented Chaffin’s model as a hybrid Bayesian network so that model inputs 152 
could be treated as random variables. Following publication of the hybrid Bayesian network model, 153 
it was observed that the model could easily be extended to directly address the “more likely than 154 
not” criterion. The remainder of this sub-section describes the method by which the model of Hughes 155 
(2017) was developed and extended to address the civil litigation “more likely than not” standard of 156 
proof. It begins with the first five steps of the methodology proposed in section two:  157 

 158 
1. Identify deterministic model based on principles of engineering mechanics. The description of the 159 

deterministic two-dimensional static model of lifting presented in Chaffin et al. (2006) was 160 
used as the foundation of the model. Inputs to the model were the weight in the hands and 161 
body segment angles relative to the horizontal (elbow, shoulder, torso, knee, and ankle). 162 
The ankle and knee angles were used to compute an included knee angle. A regression 163 
model based on the included knee and torso angles was used to computed the L5/S1 164 
intervertebral disc angle. It computed forces and moments acting at the elbow, shoulder, 165 
and L5/S1 disc successively using algebraic equations derived from static free body 166 
analyses of each body segment. It then computed the L5/S1 muscle force necessary to 167 
generate the L5/S1 moment. Trigonometry was used to decompose the L5/S1 joint reaction 168 
force into shear and compression components. This description of Chaffin’s model was 169 
extended by including a simple model of L5/S1 intervertebral disc injury. Specifically, two 170 
additional nodes were added: disc injury and disc compression strength. The 171 
mechanical model behind this was that the disc was injured when the L5/S1 compression 172 
force exceeded the L5/S1 disc compression strength. 173 
 174 

2. Represent model as a directed acyclic graph. Nodes (written in Courier font) were made for 175 
input variables (mass in hands and body angles), joint reaction forces and moments, 176 
included knee angle, L5/S1 intervertebral disc angle, and erector spinae force. Directed 177 
edges were added to indicate relationships between forces and moments at ends of body 178 
segments, static equilibrium at the L5/S1 intervertebral disc, the regression equation 179 
relating included knee and torso angle to disc angle, and the trigonometry required to 180 
decompose the L5/S1 reaction force into shear and compression components. The disc 181 
injury portion of the model was completed by adding directed edges from the L5/S1 182 
compression force and disc compression strength to disc injury nodes. 183 
 184 

3. Identify nodes that can be modeled as random variables. Variables associated with input nodes 185 
(mass in hands and joint angles) were considered to be appropriately modeled as random 186 
variables because of measurement error. Normal probability distributions were selected to 187 
model these quantities as well as disc compression strength. 188 

 189 
4. Extend the directed acyclic graph to a full Bayesian network. The resulting directed acyclic graph 190 

was entered into AgenaRisk software (Agena Ltd, Cambridge, UK). The deterministic 191 
mathematical relationships associated with directed edges were also entered to complete 192 
the hybrid Bayesian network. 193 

 194 
5. Identify outcomes (events) that have occurred in the legal case of interest that are known in 195 

hindsight. While workplace factors (weight lifted and body segment angles) can be known 196 
prior to injury, the status of the disc injury node was something known in hindsight. By the 197 
time the case file gets to the biomechanics expert, the injury had occurred and been 198 
documented in the case file based on medical examination and possibly operative notes 199 
from the spinal surgery. 200 

 201 
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 202 
Figure 1. Hybrid Bayesian network developed for computing the probability that L5/S1 compression 203 
force exceeds 3,400 N.  The upper box (dotted) contains the model developed and described in 204 
Hughes (2017). This model was developed using steps two through five of the proposed method. The 205 
bottom box (dotted) contains the extension made to make this model directly address the “more likely 206 
than not” standard used in civil litigation (step six of the method). The Boolean random variable 207 
L5/S1 compression force > 3,400 N was added to extend the model, and it takes on the value 208 
of true when the variable defined by the node L5/S1 compression force exceeds 3,400 N and it is false 209 
otherwise. 210 
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The model described in Hughes (2017) was developed using these five steps. The model is 211 
contained in the upper box (dotted) in Figure 1. The final step, which is the sixth in the process 212 
proposed in section two, is contained in the lower box of Figure 1:  213 

 214 
6. Add node for the probability that a generally accepted standard was exceeded. One node, L5/S1 215 

compression force > 3,400 N, representing a Boolean variable was added. It took on 216 
a value of true when L5/S1 compression force exceeded 3,400 N.  217 

 218 
 219 

3.2 Injury resulting from a slip-induced fall 220 
 221 

The second hypothetical example, which was selected to investigate whether the modeling 222 
approach described in section two could be extended beyond lifting, involved an injury resulting 223 
from a slip-induced fall. Assume that a person was injured in a fall that occurred as a result of a slip 224 
while walking on a flat surface, and these facts are undisputed. The plaintiff argues that someone or 225 
some entity responsible for maintaining the walking surface failed to meet a generally accepted 226 
standard of providing sufficient coefficient of friction to prevent a slip and fall. The actual coefficient 227 
of friction (ACOF) is the tribological quantity that the expert will opine about. ACOF is the ratio of 228 
the shear force acting along the surface required to generate a slip to the normal force acting on the 229 
surface. It is measured using a slip tribometer. The other quantity required in the analysis is the 230 
required coefficient of friction (RCOF), which is the ratio of the shear force to normal force acting on 231 
the walking surface by the shoe during gait. In engineering theory, a slip occurs when RCOF exceeds 232 
ACOF. The expert is to opine about whether the ACOF failed to meet a generally accepted standard, 233 
suggesting whoever was responsible for maintaining the walking surface was negligent in some 234 
fashion.  In the United States a common threshold for ACOF is 0.5, based on a proposal by the 235 
Occupational Health and Safety Administration.[7] That value will be used here. Since it is impossible 236 
for the expert to go back in time and measure the ACOF using a slip tribometer under the actual floor 237 
conditions present at the time of the injury, analysis is required. There are models that relate ACOF 238 
and RCOF to the probability of slipping [7-10], but they do not include the case file evidence that a 239 
slip occurred. They produce prior probability estimates that do not account for the fact that a slip has 240 
occurred. Therefore, the process described in section two was applied to generate a hybrid Bayesian 241 
network that could address the question of whether the ACOF exceeded 0.5 given that a slip occurred:  242 
 243 

1. Identify deterministic model based on principles of engineering mechanics. A simple mechanical 244 
model of a slip was used, i.e. a slip occurs when RCOF exceeds ACOF. 245 
 246 

2. Represent model as a directed acyclic graph. Three nodes were created: RCOF, ACOF, and slip. 247 
Directed edges were added from ACOF and RCOF to slip. 248 

 249 
3. Identify nodes that can be modeled as random variables. ACOF can be affected by contaminants 250 

on the walking surface [11], and uncertainty about the amount and distributions of these 251 
contaminants can introduce uncertainly in estimates of ACOF. Variation between strides 252 
(and between people) also create uncertainty in RCOF [12]. Authors have modeled both 253 
ACOF and RCOF as random variables using a variety of distributions [7,10,13,14]. 254 
Therefore, nodes ACOF and RCOF can be modeled as random variables. Lognormal 255 
distributions were selected and parameters obtained from Gragg and Yang (2016).  256 
 257 

4. Extend the directed acyclic graph to a full Bayesian network. The hybrid Bayesian network was 258 
implemented in AgenaRisk software. It was completed by entering the nodes, directed 259 
edges, probability distributions, and slip model. The slip model was implemented by 260 
setting the slip Boolean node slip to take on a value of true if and only if RCOF>ACOF. 261 
 262 
 263 
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5. Identify outcomes (events) that have occurred in the legal case of interest that are known in 264 
hindsight. In this hypothetical example, the slip variable would be of direct interest to the 265 
expert seeking to opine on RCOF at the time of the slip. 266 
 267 

 268 
Figure 2. Hybrid Bayesian network developed for a slip event based on ACOF and RCOF. 269 

 270 
6. Add node for the probability that a generally accepted standard was exceeded. A Boolean node 271 

ACOF<0.05 was added to complete the hybrid Bayesian network (Figure 2). It took on a 272 
value of true if and only if ACOF<0.5. 273 

3. Results 274 

3.1. Lifting model 275 

 276 

 277 
Figure 3. Lifting posture illustrated as a stick figure. 278 
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A hypothetical example was analyzed to illustrate the application of the model to developing an 279 
opinion based on the NIOSH threshold of 3,400 N for spinal compression force. A stoop lift was 280 
selected for analysis. Figure 3 shows the posture at the start of the lift, which is the most 281 
biomechanically stressful part of the motion, in stick figure form. The central element of this 282 
simulation that illustrates its usefulness is demonstrated by setting the disc injury Boolean input 283 
node to true. Prior to specifying that value, AgenaRisk computed the prior probability of L5/S1 284 
compression force exceeding 3,400 N (no injury specified condition); setting the value to true 285 
produced the posterior probability that incorporated knowledge of disc status. For completeness, disc 286 
injury status was also set to false. The mass in hands input mean was varied from 0 to 50 kgs in 5 kg 287 
increments to demonstrate the relationship between hand load and probability of L5/S1 compression 288 
force exceeding 3,400 N.  289 

 290 
 291 
 292 

 293 

Figure 4. Probability of L5/S1 compression force exceeding 3,400 N for different evidence (true, 294 
false, and unspecified) entered at the disc injury node.  295 

 296 
Including injury status in the hybrid Bayesian network analysis strongly affected the probability 297 

of L5/S1 spinal compression force exceeding 3,400 N (Figure 4). Although the largest difference in 298 
probability predictions was between the disc injury node states of true and false, the most relevant 299 
comparison is between the disc injury unspecified and true states because this represented the 300 
comparison between what a traditional analysis would produce and an analysis that incorporated 301 
information about the injury status of the plaintiff.  At a hand load of 25 kgs, for example, the 302 
probability of exceeding 3,400 N would be 0.40 and 0.61 for the unspecified and true disc injury 303 
conditions, respectively. The former value of 0.40 meant that it was less likely than not that the force 304 
threshold was exceeded; the probability of 0.61 indicated it was more likely than not. Thus, there was 305 
a region of hand loads that lead to two different opinions depending on the disc injury status. 306 
However, there were also levels of hand load that produced consistent results for all three disc injury 307 
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conditions. Below a hand load of 20 kgs the probability of exceeding the threshold was less than 0.5 308 
for both disc injury states (true and false) as well was unspecified disc injury; similarly, above 35 kgs 309 
both disc injury states produced probability estimates greater than 0.5 for all conditions.  310 

3.2. Slip and fall model 311 

 312 
Figure 5. Probability of ACOF being less than 0.5 when three difference levels of evidence (no 313 

evidence, true, and false) were entered at the slip node.  314 

Numerical results of the model indicated the powerful effect of including the evidence that the 315 
slip event occurred (Figure 5). Similar to other stochastic models of slips [10], the prior probability of 316 
a slip occurring given RCOF and ACOF distributions was very small (2.7E-7). The prior probability 317 
of ACOF being less than 0.5 was 0.01. After the slip node was set to true the probability of ACOF 318 
being less than 0.5 increased to 0.68. The model demonstrated how evidence of a slip occurring could 319 
change an expert’s opinion about whether the ACOF met the generally accepted threshold. Unlike 320 
the lifting example where a value above the threshold suggested negligence, in this example it was 321 
an ACOF value below 0.5 that suggested negligence. Thus, the expert would be opining on whether 322 
ACOF was less than 0.5 based on the “more likely than not” criterion. The model showed how the 323 
opinion would change from a conclusion based on the prior probability (“no”) to one based on the 324 
posterior probability (“yes”).  325 

 326 

4. Discussion 327 
This work describes the experience of developing a hybrid Bayesian network of lifting (Hughes 328 

2017) and extending it to directly address the “more likely than not” interpretation of “reasonable 329 
scientific certainty” in civil litigation proposed in Burke v. Town of Walpole. Furthermore, the method 330 
was successfully tested by applying it to another common cause of injury, slip-induced fall injury. 331 
Therefore, it appears the proposed method can be useful for aligning deterministic biomechanical 332 
models with the needs of an expert witness.  333 

The novelty of this work can be appreciated by comparing and contrasting it to the literature on 334 
artificial intelligence in biomechanics, probabilistic biomechanical models, and Bayesian network 335 
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modeling in law. In a survey of machine learning papers in human movement biomechanics, Halilaj 336 
et al. [15] showed the number of publications appears to be increasing exponentially. The most 337 
commonly used methods were support vector machines, artificial neural networks, generalized 338 
linear models, and k-mean clustering. Bayesian networks have also been used for supervised machine 339 
learning in biomechanics.[16-19] However, the work described here takes a very different approach 340 
than machine learning. It uses a tool (a Bayesian network) developed in artificial intelligence in the 341 
1980s by Judea Pearl [20] and others [21-23] to implement stochastic versions of engineering 342 
mechanics models found in occupational biomechanics. Rather than relying on feature and outcome 343 
data for training in a machine learning framework, it implements a mechanistic stochastically. 344 
 345 

Parallel to the evolution of machine learning in biomechanics, stochastic biomechanical 346 
modeling advanced from simple Monte Carlo simulations [24-27] to applications of the advanced 347 
mean value theorem [28] and Markov chains.[29] However, these modeling approaches do not 348 
leverage the power of Bayes Theorem. The Bayesian modeling approach described here allows for 349 
incorporating injury status information, which is often a key part of the legal case file being examined 350 
by a forensic expert, into the model. Knowing that an injury happened to the plaintiff is a key piece 351 
of additional information that is not included in previous stochastic modeling work in biomechanics. 352 
Therefore, the work described here extends the literature on stochastic biomechanical modeling. 353 
 354 

The novelty of this modeling approach can also be appreciated by noting the literature on 355 
Bayesian network modeling in law has focused more on criminal than civil law. Many papers haven 356 
been published on the use of Bayesian networks in modeling criminal cases, with special emphasis 357 
on evidence [30-48]. By comparison, there are fewer papers related to civil litigation and even fewer 358 
related to personal injury. There is a significant difference between papers applying Bayesian 359 
networks to criminal cases and the kind of hybrid Bayesian network models proposed here. Much of 360 
the modeling in criminal cases is focused on computing likelihood ratios for competing theories of a 361 
legal case [49]. While civil litigation can also have competing causal theories, the models developed 362 
here are directed at addressing negligence. One line of argument for negligence is that some generally 363 
accepted standard was not met by the defendant, which was the motivation for adding step six in the 364 
proposed modeling method.  365 

 366 
The primary limitation of this work is that the deterministic models of engineering mechanics 367 

analyzed could be represented using algebraic equations and inequalities. While this represents a 368 
large class of models used in occupational biomechanics [2], there are biomechanical models that are 369 
based on ordinary and partial differential equations. While differential equations can be simulated 370 
using discrete time steps and nodes could be created for each state variable at each time step, it may 371 
be challenging to compute probabilities using junction tree and dynamic discretization methods 372 
(Fenton and Neil 2013). Finite element models require solving large systems of dense linear 373 
equations, which are not amenable to hybrid Bayesian network modeling due to the lack of 374 
conditional independence between variables.  Response surface methods would need to be used to 375 
represent finite element model results before implementing as hybrid Bayesian networks. Future 376 
work could investigate the application of the method proposed here to these more computationally 377 
challenging biomechanical models.  378 
 379 

5. Conclusions 380 
This paper demonstrates that hybrid Bayesian network modeling approach previously 381 

developed for the spine can be applied to another very different kind of occupational biomechanics 382 
model, i.e. of a slip and fall event. Moreover, reformulating deterministic models of occupational 383 
biomechanics into stochastic versions that include knowledge of whether an injury occurred could 384 
help a forensic biomechanist develop an opinion that is logically consistent with the “more likely 385 
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than not” interpretation of “reasonable degree of scientific certainty” set forth in Burke v. Town of 386 
Walpole. 387 
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