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Abstract

Abstract

Investigation of the cause and origin of a fire is a task hindered by several sources of 

uncertainty. Electrical ignition represents a particularly problematic type of fire to 

investigate, due chiefly to the fragility of the physical evidence and the difficulty 

distinguishing between electrical damage that has caused the fire and electrical 

damage caused by the fire. Current deviation is a type of electrical ignition that is 

relatively unknown, yet its ability to cause ignition without alerting protective 

systems makes it more dangerous than a common overcurrent. The lifetime of the 

process is highly variable, able to proceed without warning anywhere from days to 

years before ignition. Furthermore, the transient nature of current deviation means 

that it is especially difficult for investigators to find direct, tangible evidence that it 

has occurred. Steeped in such a high degree of uncertainty, current deviation was 

selected as the type of electrical ignition with which to examine a new approach to 

fire investigation based on Bayesian Belief Networks (BBN).

Bayesian networks are graphical structures that use mathematical probability to 

represent and analyse influential relationships between variables in a system. This 

scientifically rigorous method for dealing with uncertainty makes it an ideal aid for 

investigating current deviation. Further advantages to this approach include the 

immediate propagation of evidence and the ability of the graphical network to 

visualise complicated phenomena in an economical and intuitive manner.

A Bayesian network was constructed to represent current deviation, based on the 

three types of evidence required for ignition. For each type of evidence a fire 

investigator must express an expert opinion in the form of a numerical probability. 

Bayesian inference is then used to calculate the likelihood of the hypothesis that 

conditions existed for current deviation to occur.

Two types of analysis were performed with the Bayesian network for current 

deviation. A single-value approach using Hugin Lite® software provided a fast and 

simple method for computing the probability of the hypothesis as a solitary number. 

The Matlab® software package was then used for an advanced distribution-based

xiv



Abstract

analysis that allowed quantification of uncertainty throughout the investigation. 

Sensitivity analyses were also implemented to enable the expert to calculate the 

contribution of each type of evidence and guide the investigation accordingly.

Bayesian networks proved to be an effective decision aid for dealing with uncertainty 

in the investigation of ignition by current deviation. Recommendations and 

guidelines for use of this technique were formulated.

xv



1. Fire Science and Fire Investigation

1. Fire Science and Fire Investigation

1.1. Fire science

Fire is an exothermic oxidation reaction that releases energy in the form of light and 

heat. The most fundamental piece of knowledge in fire science is the fire 

tetrahedron, which defines the four components necessary for combustion.

Chain reaction
Oxidising agent

Figure 1.1 Fire tetrahedron

The tetrahedron illustrates that every fire requires a heat source that raises a fuel to 

its ignition temperature, coupled with an oxidising agent to sustain combustion - 

most commonly the oxygen that is available in the air. Combustion cannot begin 

without these three factors simultaneously present in the same physical location. The 

fourth factor is an uninhibited chain reaction, in wTiich intermediate reactions 

between free radical species allow the combustion to become self-sustaining. The 

fire tetrahedron is also commonly known as the fire triangle, omitting the chain 

reaction.

This relationship is central to firefighting and fire prevention activities in that 

removal of any one side of the tetrahedron will extinguish the fire. For example, the 

application of water is used to suppress a fire by removing heat from the system, and

1



I. Fire Science and Fire Investigation

bromochlorodifluoromethane (BCF, or Halon) extinguishing agent acts by bonding 

with free radical molecules and disrupting the chain reaction required for self- 

sustaining combustion [1].

The fire tetrahedron is also an important aspect of fire investigation in that it 

provides a simple check for ignition hypotheses. Investigators must be able to 

account for a fuel, an ignition source and an oxygen supply in any proposed ignition 

scenario. In most cases, fuels and oxygen are in abundant supply; the ignition source 

is the greatest source of uncertainty.

1.1.1. Combustion

Fire is typically observed as flaming combustion, which occurs in the gaseous phase 

only. A liquid fuel must be evaporated, and a solid fuel must be pyrolysed, until 

sufficient vapour exists above the fuel surface to support combustion.

The most common form of flaming combustion is the diffusion flame, in which 

vapour molecules diffuse from the fuel surface into the atmosphere, mix with oxygen 

and can be ignited in the region where an appropriate fuehoxygen concentration is 

achieved. Heat from the flame facilitates continued generation of fuel vapour, and 

the buoyancy of the hot combustion gases promotes entrainment of fresh air. Most 

diffusion flames burn with incomplete combustion due to the relatively poor mixing 

of fuel and oxygen, creating soot particles that are heated in the flame to the point 

that their incandescence creates a visible flame, usually yellow/orange in colour [l ].

Premixed flames involve the mixture of fuel and oxygen prior to ignition. This can 

occur with the release of flammable gases or vapours from a container into the 

atmosphere, or the dispersion of a finely divided solid in a cloud of dust. Common 

examples of premixed flames include the bunsen burner, in which the open aperture 

allows atmospheric oxygen to premix with propane at the base of the burner, and the 

welding torch , in which acetylene fuel gas and oxygen are supplied from cylinders 

and are premixed at the base of the welding torch. Fuel and oxygen concentrations 

are usually closer to their chemically ideal, or stoichiometric, ratio in premixed

2



/. Fire Science and Fire Investigation

flames, resulting in more complete combustion and a hotter blue flame. The act of 

premixing fuel and oxygen also means that combustion is no longer limited by the 

fuel vapourisation or mixing processes and can therefore occur at a much faster rate, 

often explosively in the form of a deflagration.

Smouldering combustion can occur in fuels capable of forming a solid 

carbonaceous char, and does so without a visible flame as atmospheric oxygen reacts 

directly with a hot solid fuel surface [1]. It is characterised by very high temperatures 

and a visible glow. Smouldering can occur as the incipient stage of fire growth when 

insufficient pyrolysis products are generated and ventilation is available for full 

flaming combustion, or during the decay stage as oxygen is depleted and burned 

materials form an insulative char over unburned solid fuel.

1.1.2. Heat transfer

The growth and spread of fire occurs through three mechanisms of heat transfer: 

conduction, convection and radiation.

Conduction refers to heat transfer from hot to cold zones in a solid material through 

the action of vibrational energy on a molecular level. It is an important heat transfer 

mechanism in the ignition and flame spread of solids. The rate at which heat is 

transferred by conduction is measured in Joules per second, or watts (W), and the 

conductive heat flux impinging on a fuel is measured in watts per square metre.

Conductive heat flux is calculated by

kAT

where

q - conductive heat flux in W/nT

k = thermal conductivity of the material in W/m-K

AT = temperature differential between hold and cold zones in Kelvin

Av = distance of heat transfer in metres

3



1. Fire Science and Fire Investigation

Conduction is proportional to the temperature gradient and the the intrinsic 

conductivity of the material. Thermal conductivities of common materials are 

available in the literature [1],

Heat transfer due to convection occurs due to thermal currents within liquids and 

gases, and between these media and solid surfaces. The action of heat on liquids and 

gases creates a difference in density, and hence buoyancy, between heated and 

unheated regions. Thermal currents develop as the hot, buoyant regions rise and 

transfer heat throughout the bulk medium and to a cooler solid surface. Convection 

plays a dominant role in the incipient stages of an enclosure fire, as might occur 

when the hot combustion gases created by a small fire rise and contact the ceiling.

Convective heat flux is calculated by

q = hAT

where

q = convective heat flux in W/trf

h = convective heat transfer coefficient in W/m2-K

AT = temperature differential between hold and cold zones in Kelvin.

Similarly to conduction, convective heat flux is dependent on the temperature 

differential and a coefficient that incorporates contributions from the nature of the 

solid surface, the velocity of flow over the surface and other characteristics of the 

system.

The transfer of heat by electromagnetic waves from a hot surface to a cooler surface 

is known as radiation. This mechanism of heat transfer does not require contact 

between the two surfaces and can occur through a vacuum, such as from the sun to 

the Earth. Radiation is the major mode of heat transfer in an established fire, as 

energy is emitted by both burning objects and the soot particles, carbon dioxide and 

water vapour that comprise the hot smoke layer in an enclosure.

4



1. Fire Science and Fire Investigation

The radiative heat flux can be determined by

E = saT4

where

E = radiative heat flux in W/m 

s = emissivity of the hot surface 

(7= Stefan-Boltzmann constant, 5.67 x 10'8 W/m2K4 

T = temperature in Kelvin.

Radiative heat flux increases with the fourth power of the temperature. Emissivity is 

a dimensionless measure of a surface’s radiation efficiency, with a value of 1 for the 

perfect emitter, a “black body”. Hot incandescent soot particles are radiative emitters 

in flaming combustion, and radiation represents the dominant mode of heat transfer 

in fires with a fuel bed diameter greater than 0.3 m [1].

1.1.3. Fuel properties

Flammability limits, or explosive limits, are upper and lower fuel concentrations in 

air between which combustion is supported. Each vapour and gas has a characteristic 

Lower Flammability Limit (LFL, or LEL) and Upper Flammability Limit (UFL, or 

UEL). Combustion is not supported by a fuel at concentrations outside the LFL - 

UFL range; concentrations below the LFL are too lean, and concentrations above the 

UFL are too rich. The flammability limits of a fuel are temperature and pressure 

dependent.

The partial atmospheric pressure exerted by the vapour above a liquid's surface is 

known as its vapour pressure and it is dependent on the molecular weight, the 

chemical structure and the temperature of the liquid. Vapour pressure is of 

importance to fire investigators as a measure of a liquid fuel's volatility, and it 

determines the equilibrium vapour concentration in a closed container. For example, 

the relatively high vapour pressure of petrol ensures that the headspace concentration 

in a closed container (such as a vehicle fuel tank) is above its UFL at an ambient 

temperature of 20°C and hence is too rich to be ignited. In contrast, the vapour
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1. Fire Science and Fire Investigation

pressure of ethanol is such that at ambient temperature the fuel is between its 

flammability limits of 3.3% and 19.0% and therefore presence an ignition risk when 

stored in a drum or tank [1].

Flash point is the temperature at which a liquid fuel produces enough vapour to 

support a flame on the introduction of an ignition source, i.e. at the flash point 

temperature the fuel's vapour pressure equals its lower flammability limit. The flash 

point is defined only as the minimum temperature to produce a flammable vapour, 

the resultant flame may extinguish when the ignition source is removed. The 

temperature at which a liquid fuel produces enough flammable vapour to support 

ignition and a self-sustaining fire is known as the fire point, and is usually a few 

degrees higher than the flash point. Flash point is the more commonly used term, and 

reflects the relative volatility and hazard posed by liquid fuels. For example, the flash 

point of diesel is 52°C and it is therefore difficult to ignite at ambient temperatures. 

In contrast, the flash point of petrol is -43°C and can easily be ignited at ambient 

temperatures [2 j.

Australian Standard 1940, "The Storage and Flandling of Flammable and 

Combustible Liquids", uses flash point to classify the relative hazards of liquid fuels. 

A liquid is classed as "flammable" if its flash point is less than 60.5°C as determined 

by the closed cup test, or less than 65.6°C as determined by the open cup test [3]. 

Liquids with flash points in excess of these values are identified as "combustible". 

The National Fire Protection Association (NFPA) in the USA makes a similar 

distinction at a flash point threshold of 60°C [4].

A fuel's vapour density is given relative to the density of air, and is indicative of the 

fuel's behaviour when it is released from confinement. Fuels such as LPG with a 

density greater than air will tend to settle at low levels, while fuels lighter than air 

such as natural gas are buoyant and will rise into the air. Fuels with a density close to 

air, such as acetylene, tend to diffuse and mix with air more readily [4]. Although 

fuels of any density can accumulate in an enclosure such as a room or a vehicle when 

there is insufficient ventilation to cause dispersion, vapour density can be important 

in determining how a fuel travels from its release point, and hence the ignition
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sources to which it could be exposed. It is a myth in fire investigation that heavy 

fuels (such as LPG) ignited in an enclosure cause explosion damage at ground level, 

and low density fuels (such as natural gas) cause damage at high levels. Deflagration 

pressures typically equalise within 5 ms and blast effects occur at the weakest parts 

of the structure [2].

When a fuel is heated to its autoignition temperature (AIT), it will ignite without 

the introduction of any additional ignition source. Although autoignition 

temperatures quoted in the literature appear quite high (e.g. 400°C for hydrogen [1]), 

it is only necessary that the AIT be reached in a localised area. Ignition will occur if 

the fuel is within its flammability limits at this location, and the heat source is 

present long enough to transfer the fuel's minimum ignition energy (MIE). For 

example, a spark may reach temperatures of over a thousand degrees, but will do so 

only very briefly and in a very localised area. It would therefore not pose a credible 

ignition source to most solid materials that require extended heat application to 

achieve pyrolysis, but it could easily ignite a gaseous fuel available in a flammable 

concentration.

The ease with which a fuel is heated to its ignition temperature is quantified by its 

thermal inertia, which is the product of the fuel’s density (/;), heat capacity (cp) and 

thermal conductivity (k). A high thermal inertia value indicates that the applied heat 

is easily conducted away from the fuel surface, and ignition therefore requires a more 

intense or longer duration application of heat. Materials with low thermal inertia 

have insulating properties that allow the accumulation of heat at the fuel surface and 

hence a quicker temperature rise and ignition. Thermal inertia values are available in 

the literature [5].

1.1.4. Heat release rate

A fire's heat release rate (HRR) is expressed in joules per second, or watts, and is a 

measure of the power of the fire. It is an important determining factor in the rate of 

fire growth and extent of fire spread and is useful in quantifying and comparing the
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relative size of fires. HRR has been termed the most important variable in predicting 

fire hazard [6].

The heat release rate of an item can be calculated by

Q = mAhcA

where

Q = heat release rate in watts (W) 

m = mass burning rate per unit area in g/mf-s 

Ahc = heat of combustion in J/g 

A = burning area in square metres.

The heat release rate of a fuel can be determined experimentally using a cone or 

furniture calorimeter [7-9], and peak HRR values have been published in the 

literature for typical fuel sources encountered by the fire investigator [2, 10]. 

Although these data are dependent on highly variable factors such as a fuel's surface 

area and physical configuration, they can be useful in approximating whether the 

extent of damage at a fire scene is of the order expected from the available fuel load.

HRR is an important concept in fire reconstruction, when used in the calculation of 

such quantities as heat flux, the time to flashover, the effect of enclosure ventilation, 

fame height and plume temperatures. It is also used in fire protection engineering 

calculations such as the time to smoke detector and sprinkler activation [5].

1.1.5. Fire growth

Although each fire is highly unique, it is possible to describe distinct phases in the 

growth of an enclosure fire. The early incipient phase usually involves a small fire 

that burns freely and is fuel-limited. At this stage the fire does not significantly 

influence the local temperature or oxygen availability, and spreads primarily by 

convection of the hot plume and radiation to nearby combustible material. The fire 

may even begin as smouldering combustion before conditions develop that allow
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flaming combustion. The duration of this early phase is dependent on the ignition 

source, the properties of the first fuel ignited and the proximity of other fuels.

The fire enters its free burning phase as more fuel is involved. Hot, buoyant 

combustion products begin to collect in a smoke layer at the top of the enclosure and 

cool fresh air is drawn in at ground level to support continued fire growth. If the 

smoke layer cannot be ventilated it will increase in depth toward the floor. A 

feedback loop develops in which the amount of fresh air in the enclosure continues to 

decline, leading to incomplete combustion and the production of more soot, carbon 

monoxide and unburned pyrolysis products in the smoke layer. The fire becomes 

ventilation-limited, and may even be reduced to a smouldering state if the available 

oxygen is entirely depleted.

If the smoke layer cannot cool itself through ventilation or heat transfer to adjacent 

compartments, it can reach a temperature of approximately 550-650°C and radiate a 

heat flux in the range of 20 kW/trf onto the remaining fuel in the room [11]. These 

conditions can cause flashover, whereby all fuels in the enclosure appear to ignite 

simultaneously. The enclosure becomes fully involved in flame, from floor coverings 

to flammable gases at ceiling level, and fire plumes often extend out windows or 

doors.

Flashover does not always occur in an enclosure fire; it requires a balanced 

combination of fuel, heat release rate and ventilation, and it depends on 

environmental factors such as enclosure size and shape, wall insulating properties 

and fuel location within the enclosure [11]. It was once mistakenly thought that 

flashover could only be caused through the incendiary use of an accelerant, but the 

synthetic materials used in modern furnishings can generate such heat release rates 

that flashover has been seen to occur in as little as 1.5 minutes after first ignition [4].

The duration and intensity of a post-flashover fire remains dependent on the degree 

of ventilation. If ventilation is so limited that the oxygen concentration drops below 

15%, flaming combustion is inhibited and the fire can decay into a smouldering 

phase [2], This severe ventilation restriction leads to the accumulation of hot
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unburned fuels in the atmosphere. A sudden inrush of oxygen, such as from a broken 

window or collapse of the ceiling, can cause an explosive reignition known as a 

backdraft [12]. If ventilation is maintained to the enclosure, however, the post- 

flashover fire will continue to burn until all the fuel is depleted, or suppression 

activities are initiated.

1.2. Fire Investigation

Fire investigation is traditionally divided into two main activities: examination of the 

fire scene and analysis and interpretation of evidence collected by the investigator. 

While many guidelines and standard operating procedures exist for the latter stage, 

particularly regarding instrumental techniques and interpretation of results [13-17], 

investigation of the fire scene is far less standardised.

The primary objective of a fire scene investigation is to determine the origin of the 

fire and the cause of ignition. Part of the reason for the lack of standardisation of this 

process is the fact that each fire is a unique phenomenon with a multitude of 

contributing factors. Combined with the destructiveness of the fire and subsequent 

extinguishing activity, this myriad of factors creates a situation rife with uncertainty 

that is impossible to comprehensively standardise.

Fire investigation requires a multidisciplinary approach. The primary task involves 

investigation of physical evidence at the fire scene, but this can quickly branch to 

areas such as collection and laboratory analysis of fire debris, interviews of witnesses 

and firefighters, examination of appliances and the reconstruction of ignition and fire 

development scenarios.

As a result, investigation of a fire scene is based in a large part on personal 

experience as an investigator. Ideally, this experience must be supported by a strong 

understanding of fire science and familiarity not only with current research but also 

with fire investigation guidelines such as those published by the National Fire 

Protection Agency (NFPA) in the USA [lOj. Unfortunately, this is not always the
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case and the reliance on experience - an inadequate substitute for knowledge - 

creates a strong potential for missed or erroneous identification of fire cause.

1.2.1. The scientific method

In recent decades, experts and publications have placed a strong emphasis on the 

importance of a scientific approach to fire investigation [2, 5, 10, 16]. Investigators' 

reliance on past experience and unproven theories led to the widespread adoption of 

several false concepts. For example, concrete spalling, tlashover and spring collapse 

were all once falsely thought to be evidence of accelerant use [2, 16]. Prominent 

literature in the field now promotes the scientific method approach to fire 

investigation, whereby the investigator develops a working hypothesis on the cause, 

origin and development of the fire, including an ignition scenario that describes how 

contact was made between an ignition source and first fuel. This hypothesis must be 

examined against evidence collected throughout the entire investigation, such as the 

scene visit, laboratory analysis of fire debris, information gleaned from interviews, 

and the investigator's past experience and knowledge. Alternate hypotheses are also 

formulated and tested against the total evidence. A strong conclusion can be made 

when the working hypothesis agrees with all evidence collected by the investigator, 

and all alternate hypotheses have been excluded. The high degree of damage and 

uncertainty at a fire scenes means it is not unusual that insufficient physical evidence 

exists for a firm conclusion of cause, or that there are multiple ignition scenarios 

which cannot be differentiated. In this case investigators are encouraged to conclude 

the fire cause is undetermined. Ignition sources such as arson and electricity have 

often been used as causes of last resort due to a reluctance to call the fire 

undetermined [2, 18].

1.2.2. Fire patterns

Identifying the point or area of origin is essential to subsequently determining the 

ignition source and first fuel ignited. A general principle followed during a fire scene 

investigation is that areas of heaviest burning are evidence of a long duration fire and
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hence are potential candidates for the fire's origin, however factors such as fuel load 

and ventilation can lead to intense burning remote from the origin.

A large part of a fire scene investigation therefore involves analysis of burn patterns 

caused by the interaction between the fire plume and solid surfaces such as furniture, 

walls and ceilings. One of the most basic fire patterns is the "V" pattern, so named 

for the shape created by the intersection of a flame plume and a vertical surface. As 

fresh air is entrained into the fire, the hot plume of flame, soot and combustion gases 

forms a column approximately 30° in width [5]. The impingement of the plume on 

vertical surfaces leaves a black V pattern of condensed smoke particles and heat 

damage, and may even cause flame spread to the wall or article of furniture. By 

tracing the sides of the V pattern to its apparent point origin, known as the virtual 

origin, it is possible to determine the source of the fire that caused the pattern.

Smoke plumes in enclosures create another common fire pattern called horizons [5]. 

If the rate of smoke generation exceeds the rate of its removal from the room, a hot 

layer of smoke and combustion gases forms at ceiling level and leaves a horizontal 

mark of soot deposition and heat damage on the wall that is indicative of layer depth. 

Horizons of different depths in different rooms help to determine the direction in 

which the fire travelled.

Other effects at the fire scene include:

■ The absence of soot deposition patterns on horizontal surfaces is indicative of 

a protected surface [4].

■ Clean surfaces located in heavily blackened areas can be caused by 

combustion of deposited soot particles. This “clean burn'' actually indicates 

regions of intense burning as might be caused by direct flame contact.

■ Ghost marks can be left by flammable liquids on some floor surfaces, 

potentially suggesting an incendiary origin to the fire and identifying a location 

for the collection of fire debris evidence.

■ Char depth on timber structures or furnishings can help to compare incident 

heat flux or duration of heat exposure [19].
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■ Melted fuels can be suggestive of temperatures reached by the fire. For 

example, aluminium surfaces and wiring are often found melted at the scene, 

providing an indication of temperature by virtue of its 660°C melting point. 

Similarly, brass has a melting point range of 875-980°C and copper a melting 

point of 1080°C [2],

■ Ground level burning in a fire that did not reach flashover may appear to 

indicate an area of origin, however it is common for burning material to fall 

from higher levels and cause unexpected burn patterns.

■ Penetrations where fire has burned completely through a section of of ceiling, 

floor, wall or other surface is evidence of high sustained heat flux and can aid 

interpretation of fire development and spread [16].

■ Areas of high ventilation can reveal themselves in sites of heavy burning, such 

as underneath doors or between floorboards. This is particularly true in 

enclosures that have reached flashover and experienced a ventilation-limited 

phase [19].

■ Inverted "V" patterns may be seen on noncombustible vertical surfaces 

adjacent to a burning item [2].

As always, the unique environment and development of every fire means that the 

presence and extent of these patterns depends on factors such as the fire duration, the 

occurrence of flashover, availability of ventilation and the degree of damage inflicted 

by fire suppression and search and rescue activities. They must always be subject to 

interpretation in light of a scientific understanding of fire dynamics.

1.2.3. Ignition sources

The extensive damage encountered at a fire scene can make cause determination and 

identification of the ignition source a difficult task. Although the ignition source is 

located at the area of origin, it is not uncommon for it to be destroyed or obscured by 

the fire, or that several credible heat sources exist in the area and one cannot be 

identified to the exclusion of all others.
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When developing an ignition hypothesis the investigator must determine whether the 

proposed ignition source produced sufficient heat to raise the fuel to its ignition 

temperature, and whether their contact was such that the heat could be effectively 

transferred to the fuel at the necessary rate. The balance between heat generated and 

heat lost must be evaluated with respect to the specific circumstances.

The range of potential ignition sources is wide, and is highly dependent on the 

environment, but may include:

■ Primary ignition sources such as matches, candles, fireplaces and other naked 

fames

■ Cooking fires

■ Hot surfaces

■ Friction between moving materials such as those in vehicles, machinery and 

other motors

■ Manufacturing faults or inappropriate use of electrical appliances. Heating 

appliances such as water heaters, gas heaters and clothes dryers are particularly 

common.

■ Electrical distribution system due to faulty protection systems, illegal 

installation or degraded wiring and insulation

■ Hot work such as welding, grinding and cutting

■ Cigarettes and smoking material

■ Uncontrolled exothermic chemical reactions

■ Spontaneous combustion due to self-heating of substances such as linseed oil, 

coal or microbiological activity in freshly cut hay

■ Lightning

Incendiary devices at the area of origin provide evidence of ignition by arson. These 

devices may consist of improvised arrangements of ignition sources such as matches 

or candles, together with unusual fuel packages or arrangements such as trails of 

newspaper and containers of flammable liquids. Delay devices that allow the arsonist 

to initiate a fire and establish an alibi elsewhere may also be encountered. Examples
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include candles, electric timers and pyrotechnic articles such as sparklers and fuses

[10].

The presence of flammable liquids at a fire scene is an important piece of evidence 

when considering arson as a potential cause. While it is generally not possible to 

attribute specific fire behaviour or temperatures as originating solely from a 

flammable liquid, signs such as low burning and multiple apparent sites of origin 

warrant attentive examination. One of the most effective approaches to identifying 

arson by flammable liquid is the detection of liquid fuel residue absorbed and 

protected by substrates such as carpet, wood and upholstery. Many tools are 

available for the discovery of these residues, beginning with the nose of the 

investigator or a trained canine through to portable accelerant detectors [17, 20, 21]. 

These tools indicate areas of interest from which fire debris should be collected for 

later laboratory analysis.

Modern forensic techniques have found extensive application in the identification of 

ignitable liquid residues. Techniques for the isolation of these residues from fire 

debris include solvent extraction, solid phase microextraction (SPME) and a range of 

headspace techniques using activated charcoal [16, 22, 23]. Extracts are usually 

analysed by gas chromatography/mass spectrometry (GCMS) for identification [17, 

24].

1.3. Electrical ignition

Electrical ignition is widely recognised as among the most difficult types of ignition 

to investigate [25]. The ubiquity of damaged wiring at a fire scene is one of the main 

factors that make investigation of electrical ignition so complicated. It also makes 

electricity a convenient scapegoat for investigators who are unable to definitively 

determine the true ignition mechanism and are unwilling to conclude the fire cause 

was unknown [2]. Although it is in many cases difficult to definitively reject 

electricity as a possible ignition source, the solution is to express conclusions with 

language that indicates electricity could not be ruled out, rather than using electricity 

as a “cause of last resorf' [18].
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The potential for electrical events to be either a cause or consequence of fire is 

another reason for the notoriety of electrical fires as being difficult to investigate. 

There is a strong similarity between evidence left by faults that have caused ignition 

and faults initiated by external fire damage to the electrical system [26]. As 

mentioned previously, the presence of electrical wiring and appliances in almost all 

modem structures means that this dilemma is faced at nearly every fire scene, 

regardless of cause. Evidence of electrical involvement in ignition is also particularly 

susceptible to destruction by the fire. Temperatures in excess of the melting point of 

copper can obliterate signs of electrical arcing or prior damage to insulation and 

introduces an extra level of uncertainty to the investigation.

The aforementioned problems with investigation of electrical fires are exacerbated 

by the dearth of published research and guidelines on the subject. Apart from a fairly 

detailed section in NFPA 921 [10], there have been relatively few systematic studies 

into specific mechanisms of electrical ignition [27]. As will be demonstrated later, 

much of the literature on advanced instrumental investigation of electrical wiring 

evidence suffers from a lack of credibility due to narrow scope and unsubstantiated 

results.

This research aims to address the joint issues of non-standardised investigation 

procedures and the high degree of uncertainty associated with electrical fires. By 

developing a documented, scientific approach to fire investigation, it is hoped that 

misdiagnosis of electrical ignition cause will be reduced and the importance of sound 

science in fire investigation will be highlighted.

1.4. Electrical ignition statistics

Official statistics from reporting agencies worldwide portray similar pictures of the 

incidence of ignition due to electrical causes. In Australia, the most recent data from 

the New South Wales Fire Brigades (NSWFB) [28] can be found in the Annual 

Statistical Report for 2001/02 and are collated from reports filed directly by fire 

departments. In this time period, ignition due to electrical arcing and overload 

accounted for almost 5% of all fires, 14.4% of building fires and 14.6% of residential
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fires. These data are consistent with an earlier NSWFB study covering the period 

1987 - 1995 [29], when electrical ignition was responsible for 15% of residential 

fires, making it the second most common cause. Where data were available, 

electrical ignition in 2001/02 was the third most costly form of ignition in all 

building fires with a total dollar loss of AUD$33,854,710. Short-circuits and 

electrical failures were listed as the major ignition factor for basic industry, utility, 

defence and manufacturing property fires. Of the equipment involved in residential 

fires with known causes, appliances and electrical distributed equipment together 

formed just over 23%, second only to cooking apparatus.

In June 2004 the National Data Center of the United States Fire Administration 

(USFA) released statistics on structural fires in 2000 [30], as reported by fire 

departments nationwide using the National Fire Incident Report System (NFIRS). 

Electrical ignition data in the report show a rough correlation to the NSWFB 

statistics discussed above. Ignition by the electrical distribution system was found to 

be the fourth most prominent cause of structure fires in the year 2000 at 9.9%, with 

electrical arcing the second most common leading heat source at 13.0% - almost half 

that of the leading heat source, radiated heat from equipment. Another USFA report 

specifically on residential fires quotes almost identical figures for electrical fires

[31].

Fire statistics for the United Kingdom in 2002 released by the Office of the Deputy 

Prime Minister (ODPM) reveal a similar picture to the Australian data [32], Of all 

accidental dwelling fires in 2002, 5.5% were found to be caused by the electrical 

distribution system - a 5% drop from the previous year. When these data are 

combined with appliance fires to obtain an overall view of electrical ignition, the 

total rises to 16.7%. In non-residential buildings, these figures are 10.1% and 37% 

respectively. The 2002/03 British Crime Survey [33], which polls the population 

directly and therefore includes incidents not reported to fire departments, found 

electrical equipment and wiring to be responsible for 8% of fires in the home. This 

related to third position overall, just behind fires caused by heating appliances at 9%.
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All these statistical data show that electrical ignition is a considerable problem, with 

incidence among residential fires ranging from 5-16%. Despite this, electrical 

ignition statistics have long been viewed with a strong dose of scepticism that says 

the true incidence may be lower than the figures listed in official agency reports. 

Twibell [34] and Butler and Orr [35] have discussed factors thought to contribute to 

an inflated portrayal of electrical ignition in fire statistics, such as firefighters’ lack 

of expertise in electrical fire investigation and the use of electrical ignition as a 

scapegoat by investigators reluctant to admit that the ignition source cannot be 

determined.

It is a problem associated with fire statistics worldwide that the determination of 

cause and origin of minor fires is most often performed by fire fighting personnel 

who are untrained in the specifics of fire investigation and electrical ignition. Trained 

investigators often only attend major incidents such as fatal fires, and so a large 

proportion of the electrical cases that make up statistical reports have not been 

investigated with the ideal level of expertise.

Another factor that contributes to the purported unreliability of electrical ignition 

statistics is the unfortunate unwillingness - even among trained fire investigators - to 

admit that the cause of a fire is unknown [36]. Instead, electrical ignition often 

becomes a convenient scapegoat in cases where a clear cause cannot be found, due 

simply to the fact that is difficult to disprove.

Twibell [34] also points out the ramifications of false electrical ignition statistics for 

society. Not only might arsonists remain free and continue to commit crimes, but the 

inflated picture of electrical ignition can also infiltrate the judicial system. The 

spectre of electrical ignition can be used by defence lawyers as a tool with which 

they can attack expert witnesses and undermine conclusions of non-electrical causes.

Whether the aforementioned statistics can be considered an accurate reflection of the 

magnitude of the problem in real-world cases or an exaggerated portrayal caused by 

misreporting in the field, they highlight electrical ignition as a key problem area in
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fire investigation that would benefit from better education and a more scientific 

approach.

1.5. Types of electrical ignition

While it is a convenient term, “electrical ignition" is somewhat of a misnomer [37]. 

In each situation the question of ignition is dependent on a range of issues, including 

but not limited to the temperature and duration of the heat generated, the properties 

of the fuel, the geometry of contact between ignition source and fuel, the availability 

of oxygen and the rate of heat dissipation to the environment. Presented here are the 

main ways that electrical events can lead to ignition of a fire. Actual cases will often 

involve a combination of the ignition types presented here, such as an overcurrent 

that leads to arcing and then primary ignition of a nearby fuel.

1.5.1. Arcing

An arc is an electrical discharge across a gap, with average temperatures of 6,GOO- 

12, 000 K, hut capable of reaching up to 50,000 K depending on the arc current [10, 

38]. The insulating properties of air mean that a very high voltage or very small 

distance between electrodes is required to establish an arc through an air gap. 

Although the terms spark and arc are often used interchangeably, they have been 

differentiated based on their duration. While both refer to an electrical discharge 

across a gap between two electrodes, a spark may be defined as a transient 

phenomenon, and an arc as a longer sustained discharge [2].

One mechanism of arc generation is the application of a high voltage across a gap 

between two electrodes. Paschen’s Law describes the breakdown voltage required for 

an electrical discharge across a given electrode distance and gas pressure. According 

to Paschen’s Law, breakdown voltage increases at very small and very large 

electrode gaps, reaching a minimum at a particular product of pressure and gap 

distance. In air at atmospheric pressure, the minimum breakdown voltage is 

approximately 340 V at a gap distance of only 7 pm. Doubts have been expressed 

about the practical applicability of Paschen’s Law due to its assumptions of a

19



1. Fire Science and Fire Investigation

uniform electrical field, ambient temperatures and the absence of ionised gas. The 

law also makes no distinction between AC and DC sources and experimental results 

have been published that contradict predicted values [38, 39],

In addition to gap distance and atmospheric pressure, the breakdown voltage is also 

affected by such factors as humidity, temperature, dust and the nature of the gas 

present between electrodes. Electrode properties such as material, shape and surface 

contamination also play a role.

Arcs may be generated at the making and breaking of connections, termed closing 

arcs or parting arcs respectively [2]. High voltage is not required to create these arcs 

and they occur regularly in electrical equipment such as switches and relays. Parting 

arcs may also occur in live conductors that melt and sever due to excess current from 

a short circuit, or the application of external heating. Babrauskas describes the 

mechanism of parting arcs as being due to a high current density passing through 

very small areas of contact as a connection is made or broken. The metal contact 

point is heated and melted by the current, causing cathode ionisation through which 

an arc is established. As little as 1 V may be applied between the electrodes at the 

moment of melting [38].

The high voltages required for arcing through air can also be avoided by arcing 

through an alternative medium. One example is ionised molecules in the gap between 

electrodes, which can be created by external flames or previously established arcing 

and can travel to facilitate arcing at a remote site [27]. A more common example of a 

medium between conductors in a fire environment is the presence of pyrolysed 

insulation, which forms a semiconductive carbonaceous char capable of sustaining 

arcing at relatively low voltages [26, 27]. Carbonised insulation and subsequent 

arcing may also be created by electrical ignition mechanisms described in upcoming 

sections, such as overload, short circuits and poor connections. Arcing through char 

has been called the most likely cause of arcing in fire scenes [40, 41]

Although arcs can reach temperatures of several thousand degrees, their ignition 

capacity is relatively low due to their brief lives. Arcing causes erosion of the metal
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electrode surface, leading to an increase in the gap distance and a prompt termination 

of the discharge. While arcs in DC circuits can persist for as long as the electrical 

source is maintained, arcs may self-extinguish in AC circuits when the cycle passes 

zero. Self-extinguishment has been shown more likely at voltage levels less than 

150V, whereas voltages from 150-600 V are capable of sustained arcing [42]. As a 

result, arcing in a 120 V circuit has been shown to last only 0.008 to 0.05 s on 

average [2].

The duration of an arc is also dependent on the speed with which circuit protection 

devices are activated. High overcurrents and arcing associated with short circuits, for 

example, are expected to be extremely short lived due to the action of overcurrent 

protection devices. Cases do exist, however, in which protection devices do not 

respond to arcing events. For example, although arcing in circuits of voltage greater 

than 600 V triggers protection devices promptly, arcing at 150-600 V is more likely 

to continue undetected [42]. The same result is seen in arcing through carbonised 

insulation, and other forms of current deviation: intervening semiconductive media 

usually possesses high resistance and supports arcing of only moderate current, 

preventing activation of overcurrent protection devices [26]. Similarly, series arcs 

actually decrease the current flow, and would not be detected [27].

The usually short duration of arcing means that gases, vapours and dust clouds are 

most at risk of ignition by this mechanism due to their low minimum ignition 

energies and their ability to make intimate contact with the arc source. This is 

reflected in the development of international standards for the design and installation 

of electrical equipment used in hazardous areas where gases and vapours are known 

to be present, such as underground coal mines. The potential for ignition of solids by 

arcing is comparatively low, however, as arcing does not persist long enough to 

achieve heating of bulk materials. Solid fuels shown to be ignitable by arcing at 

domestic voltages are characterised by their low thermal inertia, such as thin paper, 

lint and sawdust [2]. "Plastigas" vapours from pyrolysed insulation are a common 

first fuel for ignition by arcing [43, 44]. A greater ignition capacity is available when 

arcing occurs through a high-resistance intervening medium and heat generation 

endures for a longer period.
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Arcing may also eject incandescent particles of molten metal from the conductors. 

These particles may reach temperatures of 3,000°C but again have a low ignition 

capacity and pose a greater threat to gases, vapours and dust clouds. Wind conditions 

and the nature of the metal also affect the ignition propensity of molten particles 

produced by arcing. Steel, aluminium, copper and brass particles have been shown to 

have gradually reducing incendivity [38]. Electrical installation factors also have an 

influence, as arcing and molten particles are unlikely to cause ignition if the circuit is 

contained within a protective enclosure [2, 26, 38].

1.5.2. Overcurrent due to overload

An overcurrent occurs when more current flows in a conductor than it is rated to 

safely carry. The amount of current that a conductor can safely carry, known as its 

ampacity, depends on the type of conductor metal and its resistivity, the cross

sectional area of the conductor and the type of insulation around the conductor. 

Regulations dictate the amount of current that a given conductor can carry, and 

usually include a margin of safety that would allow an overcurrent of at least twice 

the rating without immediate damage [38].

Overcurrent can be caused by placing excessive loads on a circuit, such as might 

occur when several high current appliances are operated simultaneously on the same 

residential circuit. This is known as an overload, and can also be caused in a 

conductor whose gauge and ampacity is smaller than the rest of the circuit.

The potential for an overload to ignite a fire is governed by the magnitude and 

duration of the excess current flow. These factors have been minimised by the 

widespread installation of overcurrent protection devices such as fuses and circuit 

breakers that open a circuit when dangerous conditions develop. Modern circuit 

breakers consist of electromagnetic and thermal mechanisms that react to both 

moderate overloads of long duration and fast overloads of very large magnitude. 

They are designed to accommodate the momentary overcurrents that regularly occur 

when some appliances are switched on.
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Although circuit breakers have been successful in almost eliminating ignition due to 

overloads, they cannot protect from the aforementioned scenario involving smaller 

conductors with capacities that are less than the circuit breaker’s design threshold. 

For example, the use of a 10 ampere appliance connected to a 5 ampere extension 

cord in a circuit protected by a 20 ampere circuit breaker would create an overcurrent 

in the extension cord without triggering the protection device [2]. Several cases of 

fires ignited by this mechanism have been reported [38, 45, 46].

A sustained overcurrent is only possible in the event that the overcurrent protection 

device fails, or is unable to detect an overcurrent due to inappropriate conductor 

selection. Even in this case, overloads on the order of six to seven times the rated 

ampacity are required before damaging effects are seen [38, 47]. In this case, the 

overcurrent will heat the entire length of the conductor, and can ultimately cause 

melting of the wire, pyrolysis of its insulation and arcing [2, 47]. If the heat 

generated by an extreme overcurrent is not satisfactorily dissipated it has the 

potential to ignite nearby fuels by direct heat transfer at any point along the circuit.

1.5.3. Overcurrent due to short circuit or ground fault

A short circuit occurs when conductors of differing potential come into direct 

contact, causing a large overcurrent to How quickly through the new, low resistance 

connection. A ground fault is identical to a short circuit except that one of the 

conductors makes contact with the ground wire or an external grounded object. Fuses 

and circuit breakers protect against overcurrent due to short circuit and Ground Fault 

Circuit Interrupters (GFCI) protect against ground faults.

It is possible to categorise short circuits into two types [2, 27]:

l. Bolted short circuits involve a strong, physically-restrained connection 

between two conductors, such as might occur when the electrical distribution 

is mis-wired. The overcurrent is experienced over the entire length of the 

circuit and should immediately trip the overcurrent protection device.
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2. Arcing short circuits involve momentary contact between two conductors, 

causing arcing and subsequent separation. Again the overcurrent is expected 

to trip the protection device.

While a bolted short remains in place until terminated by the overcurrent protection 

device, an arcing short often corrects itself as magnetic forces repel the shorted 

conductors. Sparks and molten metal may be projected and the conductors can be 

marked or severed [10. 27]. Efforts to create ignition from short circuit sparking and 

molten metal have held limited success, typically requiring fuels with very low 

thermal inertia such as wood fibres, cheesecloth, tissue paper and absorbent cotton 

[26, 38]. DeHaan states that sparks and molten metal are relatively improbable 

ignition sources and are secondary to the risk posed by the arc itself - but only if the 

short circuit is not immediately terminated by a protection device [2],

Although short circuits can cause tremendous current flows that have the potential to 

generate a large amount of heat, a correctly functioning overcurrent protection device 

will drastically reduce its duration and it is therefore rare for a short circuit to ignite a 

fire.

1.5.4. Poor connections

Joule’s first law shows that the rate of energy dissipation in an electrical circuit is 

dependent on the amount of resistance at any point in the circuit.

where

power is measured in watts 

/ = the current in amperes 

R = the resistance in ohms.

Power — /“ R

The high resistance created at poor connections in electrical circuits causes the 

emission of energy in the form of heat.
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Conductors in electrical distribution systems are rated for their current carrying 

capacity, as influenced by factors such as the conductor metal, its size and its 

insulation. At their rated capacity, these wires can safely dissipate the heat that is 

generated by the flow of electricity but poor connections in a circuit no longer have 

the characteristics necessary to safely dissipate heat and create a risk of ignition. 

Even small resistances of less than 1 ohm can lead to a large power output when high 

current appliances are in use. Because this heat is generated at a very localised point, 

the high “watt density” poses an ignition risk to nearby combustible materials [2].

Poor connections can occur at any point where two conductors are joined to each 

other or to electrical components. Heating is influenced by factors such as the 

current, the area and pressure of contact, and the cleanliness of the contact [47]. 

Typical scenarios involve wires insecurely attached to screw terminals [48 ] or wire 

pairs that have been unprofessionally twisted and/or taped together without soldering 

[45].

In a similar but distinct hypothesis, it has been proposed that mechanically damaged 

or gouged conductors create a point of high resistance that causes heating capable of 

starting a fire. Research into this phenomenon has found that the reduced cross

sectional area created by both mechanically damaged and stretched conductors does 

not lead to an appreciable increase in temperature. The undamaged conductor 

adjacent to the gouge mark is able to conduct away excess heat and limit local 

temperatures. Current flows of several times rated capacity is required through a 

damaged wire before a dangerous situation can develop, and stranded conductors 

pose a greater risk than solid conductors [47, 49, 501.

Resistance heating can also occur at points where unsafe conductors are used in a 

circuit, such as when using a conductor with a smaller width than the rest of the 

circuit, or when using a conductor made of an alternative metal with a higher 

resistivity than the rest of the circuit.
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Both of these situations are reflected mathematically by Pouillet's Law, which 

demonstrates how the resistance of a wire is determined by its length, cross-sectional 

area and resistivity:

R

where

R = resistance in ohms 

p = resistivity in ohm metres 

L = length of a wire in metres 

A = cross-sectional area in square metres

For example, inserting an aluminium conductor into a copper circuit without 

accounting for the metals' different properties can cause dangerous resistance 

heating.

Poor connections are visible by glowing conductors caused by current flow through 

the point of high resistance. Temperatures of up to 1500°C have been measured at 

glowing connections, and up to 300°C on metal surfaces some distance from the poor 

connection [38]. The heat from glowing connections causes the formation of high 

resistance oxides on the surface of the conductors, which further degrades the 

connection. A study of oxide formation in copper-to-copper connections revealed a 

copper oxide (CmO) ‘'breeding process" whereby blue and then red sparks are 

generated before glowing begins. A small fluctuating current path is established 

within a section of glowing copper oxide [38]. A glowing connection that is 

interrupted by the cessation of current can be immediately resumed when current is 

restored [48, 38].

The heat generated at the poor connection represents an ignition source for 

combustible material in the area. Insulation and plugs around the connection are 

early casualties of this heat. Glowing connections of 50 W are reported to have 

ignited wood studs, and connections producing 30 W to have ignited electrical power 

points [38], Fuels with low thermal inertia such as curtains could be at risk if present
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near a poor connection in a power point, for example. If degradation of the poor 

connection continues to the point where the circuit begins to separate, it is also 

possible for a parting arc to form and potentially ignite flammable gases and vapours 

in the environment.

Heating at poor connections can be particularly dangerous in that it easily goes 

undetected - as the circuit is carrying its normal current, protective devices will not 

be triggered. The continuous heat generation causes further degradation of the 

connection, and hence more heat, as more oxide is formed at the point of 

contact [43]. As always, environmental conditions and the inability for a poor 

connection to dissipate its heat safely can increase the propensity for thermal 

runaway. A reported case of a poor connection created by twisted wires was 

exacerbated when the splices were surrounded by cellulose-fibre insulation [45].

1.5.5. Excess thermal insulation

Electrical conductors can also lead to ignition through misuse rather than through 

damage or a fault. As previously mentioned, conductors are assigned a current rating, 

or ampacity, which creates a level of heat that can be safely dissipated. This rating is 

based on an assumption that a certain degree of convective cooling will be available 

to the wire while it is in use [38]. When this cooling capacity is reduced the 

conductor may no longer be able to safely carry its rated current.

The phenomenon is easily illustrated, and commonly encountered, in the use of 

appliance extension cords that are hidden under furniture, carpets or rugs. Heat 

dissipation is limited and normal current levels can lead to melting and charring of 

insulation [51-53]. Protection devices are unlikely to be triggered in this case as there 

is no fault or overcurrent that would signal a dangerous condition. Similar behaviour 

has been reported in wiring embedded in thermal insulation behind walls and in roofs 

[45, 54, 55]. Even without the addition of thermal insulation, overheating and 

ignition can occur by physically arranging conductors in coils that prevent access to 

ventilation [56], or by operating conductors in ambient temperatures that retard heat 

dissipation, such as in hot attics or close to heating equipment such as radiators [53].
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1.6. Current Deviation

Current deviation is a unique phenomenon that can cause electrical arcing, heating 

and ignition under conditions that are particularly difficult to detect, both before and 

after ignition. Whereas a short circuit is a fault that occurs with direct contact 

between two conductors of different potential, current deviation occurs through an 

external substance. When two conductors become exposed to each other, an external 

substance can form a conductive path between the wires and complete the circuit. 

Current can flow through the alternate path, leading to a possible fire hazard.

In much of the published research on current deviation deals, the external substance 

is the conductors’ insulation. As most insulation materials are organic compounds, 

pyrolysis of the insulation creates a carbonised char that acts as a semiconductor. In 

this case, current deviation is known as “arc tracking" or "arcing-through char" [2, 

27, 44, 57]. Insulation can be carbonised by any heat source, including overcurrents, 

poor connections, excessive thermal insulation, impingement of external heat or fire, 

and even previously established arc tracking. Charring can be caused by a single 

event such as a large sustained overcurrent or direct contact with fire, or over a 

longer period of time due to repeated modest overcurrents or proximity to heating 

appliances.

Other conducting substances can also facilitate current deviation between two 

exposed conductors, and these substances vary according to the environment. It will 

commonly be a liquid such as water, industrial solvents or rodent urine, but may also 

be a solid such as salts, conductive dusts and even fungal growth [10, 43, 44, 38]. 

Tap water makes for a damaging substance in that it contains sufficient salts to form 

an effective conductive path, and also promotes corrosion and the formation of poor 

connections [2]. The conducting substance is usually referred to as the “electrolyte", 

although this term is not strictly accurate because, as demonstrated above, current 

deviation can occur through substances other than liquids. A more appropriate term 

would be “conducting substance" but the two are used interchangeably in 

forthcoming discussions.
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When the initial conducting substance is not carbonised insulation, exposure of the 

two conductors may be brought about by such factors as age, exposure to harsh 

environmental conditions, rodents, improper installation, and misuse of appliances 

and their cables [38, 45].

The process of current deviation follows a positive feedback loop and can be 

described in the following general terms [2, 27]. Once carbonised insulation or 

another electrolyte is formed between the conductors, the circuit is completed and 

current begins to flow. As the path through the electrolyte has a relatively high 

resistance, current flow is modest and the overcurrent protection device may not be 

tripped. The heat generated by the current flow contributes to further carbonisation of 

insulation, and increases to the point that local arcing begins. Arcing can cause 

melting and expulsion of metal, evaporation/disturbance of the electrolyte or 

electromagnetic separation of the conductors, all of which can cause the current flow 

to stop. Current flow is gradually re-established through carbonised insulation or a 

reformed electrolyte and the process repeats itself. A self-sustaining process develops 

as current flow generates heat, which increases insulation degradation and facilitates 

higher current levels. Eventually enough insulation is charred that arcing increases 

and develops a sizable current flow capable of alerting overcurrent protection devices 

or causing ignition of the insulation or nearby combustibles [43].

Current deviation is particularly insidious in that cannot be easily detected in its early 

stages of development. Whereas the high overcurrents typically created by a short 

circuit will almost always trip fuses and circuit breakers, current deviation usually 

occurs through substances whose high resistance permits only moderate current 

levels that are below the threshold of protective devices. The heat generated by the 

initially low current flow drives further degradation of insulation, which provides 

more fuel and hence greater heat build-up, until the process becomes self-sustaining. 

The improbability of detecting incipient current deviation with overcurrent protection 

devices is exacerbated by the fact that the process often occurs in electrical systems 

hidden from view behind walls or above ceilings, removing outwards signs of the 

developing danger.
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The rate at which heat is produced depends on the resistance of the pathway of 

current deviation, and therefore on the potential difference between the conductors 

and properties of the electrolyte such as its resistivity and the volume available at the 

site. It must be available in the exact quantity and location to complete the circuit 

between exposed conductors, and must have a resistance that is low enough that 

current flow can be initiated and maintained, but high enough to cause a build-up of 

heat at current levels below the threshold of overcurrent protection devices.

The degree to which insulation supports arcing depends on its composition and its 

ability to conduct electricity when charred. The ability to pyrolyse and leave a 

semiconductive char has been related to the presence of aromatic rings or alternating 

double bonds in the molecular structure of the insulation polymer or its degradation 

products [58]. Insulation materials capable of arc tracking have also been found to 

have a minimum temperature and current at which thermal decomposition and 

current deviation are possible [59]. Additives such as stabilisers, plasticisers and 

fillers can make up a large percentage of modern insulation polymers and these will 

also influence the propensity to support charring and arc tracking [60].

Common polyvinylchloride (PVC) insulation is reportedly more susceptible to 

current deviation through a liquid electrolyte than a dry contaminant, and also 

supports electricity without external substances by acting as a semiconductor when it 

is charred [27].

The ability of insulation to support current deviation is also influenced by the 

environment and conditions under which it has been used. Insulation that has 

experienced mechanical injury, repeated overloads, rodent activity, or exposure to 

heat or sunlight will be more prone to degradation, ageing and carbonisation than 

insulation installed strictly to regulation and stored in a protective housing [2, 10, 26, 

38]. For example, Japanese research has revealed that new PVC insulation can be 

carbonised and ignited by external heating to 160°C. Furthermore, insulation that had 

been previously preheated to 300°C could later be ignited by arc tracking when 

voltage was applied at modest temperatures up to 40°C [38].
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As with all electrical ignition mechanisms, it is insufficient for a forensic 

investigation to merely identify the existence of current deviation as evidence of 

cause. Consideration must be made of the rate at which heat is generated and whether 

there is a heat transfer mechanism to a suitable first fuel. Factors such as ventilation 

and ambient temperature will affect heat retention and dissipation, and the physical 

properties of the proposed fuel will affect whether the temperature and duration of 

the current deviation makes it a viable ignition source.

Post-fire investigations of current deviation are hindered by multiple sources of 

uncertainty, not least of which is the time period over which the phenomenon can 

occur. Its extended development is exemplified by the difficulty obtaining a suitable 

conducting substance in reliable quantities. Solid electrolytes such as dust or grease 

accumulate gradually, requiring a long time before they are available in quantities 

capable of sustaining dangerous current levels. Alternatively, liquid electrolytes are 

sometimes evaporated by the heat generated by the errant current, bringing the 

process to a halt. If the electrolyte is reconstituted between the conductors, such as 

when a change in weather reintroduces water or humidity, current deviation resumes 

as before. This circular process of intermittent current How can slowly repeat itself 

before enough heat is generated under the right conditions to ignite nearby 

combustibles. Yereance has hypothesised that current deviation can take from hours 

up to forty years before ignition [44]. The transitory nature of electrolytes such as 

humidity, combined with the destructive nature of a fire, means that it is difficult for 

an investigator to find tangible evidence of an external conducting substance after the 

fire.

A very precise set of circumstances is obviously required for a successful ignition by 

current deviation, from insulation damage to the availability of a suitable fuel in the 

immediate environment of the conductors. In many cases the correct balance of 

circumstances will miss one important factor and an otherwise ideal environment for 

current deviation will not reach its potential. For example, a given site might have 

two adjacent conductors that have become exposed by insulation damage, but are too 

far apart to sustain current flow between them. Alternatively, the only electrolyte 

available at the site might be evaporated by the first current How, or, instead, it might
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conduct errant current so well that it immediately trips a circuit breaker before any 

appreciable amount of heat can be generated. Despite the many hindrances to 

reaching the right balance, the drive towards ignition is helped by the fact that 

current deviation usually occurs on a micro scale over a considerable amount of time. 

This ensures that unsuccessful “attempts” at current deviation are unlikely to be 

detected, and sites that are missing one or two important ingredients need only wait 

until conditions change.

1.7. Investigation of electrical ignition

Investigation of fire caused by electrical ignition proceeds in the same manner as all 

other ignition sources: examination of physical evidence at the fire scene in a search 

for the exact origin and cause. While the origin can usually be found with an 

observation of more general evidence such as fire patterns and damage severity, 

determination of the precise cause of electrical ignition is a more complicated task. 

Although the mechanisms of electrical ignition described in Sections l.5 and 1.6 

leave their own identifying clues among the debris there is a high degree of 

variability in the evidence that can make definitive conclusions difficult.

Furthermore, the ubiquity of damaged electrical wiring at fire scenes raises the oft- 

quoted conundrum that lies at the centre of electrical fire investigation: did the 

electrical fault cause the fire, or did the fire cause the electrical fault? Noon [18] and 

DeHaan [2] refer to these scenarios as primary and secondary arcing, respectively.

The traditional forensic principle that guides crime scene investigations “from the 

general to the specific” also applies to this type of fire scene. Investigators should 

begin with an inspection of the entire electrical circuit system and protective devices 

to determine, for example, the extent of fire damage, whether there is electrical 

damage away from the fire and where the circuit was first broken based on the 

location of severed conductors relative to the power supply. Diagrams and 

photographs should be used to record the current state of protective devices such as 

circuit breakers and fuses before ensuring that the devices are in working order. A 

voltmeter should be used to verify firsthand that there is no voltage on the circuit
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prior to proceeding with detailed examination of suspicious conductors. Investigation 

of wiring at locations away from the fire can provide valuable background 

information on the age and state of the electrical system prior to the fire [2]. These 

general types of evidence provide an important overview of the scene and help 

establish a possible sequence of events for identification of the origin.

A conclusive ruling on the possibility of ignition by electrical means requires a close 

examination of electrical insulation and conductors at the origin. It is important to 

remember that even if the investigator believes electricity to be involved with 

ignition of the fire, a plausible ignition hypothesis must include a suitable fuel and 

oxygen supply in accordance with the specifications of the fire tetrahedron. Other 

evidence such as burn patterns, damage intensity and witness statements must also 

corroborate the hypothesis.

1.7.1. Electrical distribution system: Insulation

Conductor insulation is a useful piece of evidence for investigators. When melted by 

the fire, plastic insulation can surround and preserve items at the scene for later 

discovery. When the resolidified insulation is removed, one can see whether the 

protected items were clean or burnt at the time of the fire. Melted insulation can also 

sometimes provide an indication of fire direction and growth, but this is highly 

dependent on whether or not the insulation was subjected to subsequent heating by 

the fire [44].

Overloads occur over the length of the conductor and their effects will therefore also 

be seen over the length of the insulation. Moderate overloads can cause charring of 

the inside surface of the insulation as well as “sleeving”, whereby rubber insulation 

is heated and softened from the inside out [2, 10]. Instead of sleeving, thermoplastic 

insulation materials such as PVC tend to melt and shrink as they reharden, 

potentially allowing the copper conductor to push through [38]. Sustained high 

current levels, such as from an overcurrent or short circuit, can lead to melting of the 

insulation. Pyrolysed insulation provides a medium through which arcing can occur, 

along with gases that can be directly ignited by an arc.
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Resistance heating will have a similar effect on insulation as an overcurrent, however 

the damage will be localised on insulation around the poor connection rather than 

over the length of the conductor. Direct contact with fire will cause insulation to char 

while remaining tightly gripped to the conductor [61]. In the same way as excess 

current flow, persistent heating from the fire can cause complete melting of 

insulation to the point where it can support arcing.

Sections of the conductor that are shielded from the fire, such as in the fuse box, are 

ideal locations to examine insulation evidence without the possibility that it was 

caused by fire damage. These areas are particularly useful in the investigation of 

overcurrent; protected sections of wiring that show no sign of heating represent a 

strong indication that overcurrent conditions did not exist.

If the insulation is intact, it may also provide an indication of the type of electrical 

fault that has occurred. Short circuits, ground faults and current deviation require 

exposed conductors, which therefore will be preceded by damage to the insulation. It 

will be necessary for the investigator to hypothesise on how the insulation became 

sufficiently impaired to permit direct contact between the conductors. Damage to 

insulation can occur as a result of animals, harsh weather conditions, chemical 

contamination, ageing or abuse. Evidence of these types of mechanical damage may 

be destroyed by subsequent heating from the fire.

1.7.2. Electrical distribution system: Conductors

Stranded conductors

Stranded conductors are less consistent in their response to overcurrents and arcing 

than solid conductors. Several strands will commonly be fused by the heat, either 

along their length or as the bead of a severed conductor. If the conductor has been 

exposed to extremely high temperatures, it is possible to find all strands fused into a 

mass of resolidified metal with a highly irregular surface [61],

Short circuits can often create a unique effect in stranded conductors that is useful in 

an investigation. The magnetic fields created during a short circuit can cause
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individual strands to unwind and spread out in different directions, a phenomenon 

that cannot occur due to fire alone [18].

Aluminium conductors

Although not used as widely as copper, aluminium conductors pose a problem for 

fire investigators. The low melting temperature of aluminium (660°C) means it is 

highly likely that it will melt in every sizable fire and therefore offer little useful 

information regarding the temperature of the fire. Another consequence of the 

relatively low melting point of aluminium conductors is the tendency to lose all 

shape when melted and hence provide no indication of fire direction or source.

When molten aluminium comes in contact with heated copper wiring it forms a 

silvery, brittle alloy that melts at temperatures as low as 548°C - well below either of 

its pure components. Such evidence can provide an indication of the direction or 

sequence of events during the fire [26, 57].

Overcurrent

The heating effects of any overcurrent will be found over the entire length of the 

conductor and are proportional to the magnitude and duration of the overcurrent. 

When the overcurrent is due to a short circuit, both the hot and neutral wires will 

show damage. Protective devices such as fuses and circuit breakers have made it 

unlikely for an overcurrent to be sustained long enough to cause ignition. However, 

the tolerance that is built in to these devices makes it possible for small overcurrents 

to occur repeatedly over a long period of time, causing gradual damage to conductors 

and insulation that can later lead to arcing.

If the protective devices are not operational and an overcurrent is sustained, the 

internal heating of the conductor leads to surface oxidation and blistering until it 

reaches a temperature high enough to melt and even sever the wire. The ends of the 

severed conductors usually form rounded beads, but it is possible for pointed ends to 

form depending on the conditions [61]. Because beading due to overcurrent often has
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a similar appearance to that caused by fire melting, evidence of heating across the 

entire length of the conductor is the best indication that an overcurrent existed.

Conductors that are under tension during an overcurrent exhibit different break 

characteristics. Beland [62] describes differences in the behaviour of copper wires 

that suffer mechanical breaks during a fire. Microscopic examination reveals that 

conductors break with a roughly circular severance point, the diameter of which 

decreases as the temperature rises and the metal becomes more flexible. Although 

other factors such as oxide formation and mechanical stress influence break 

behaviour, it is possible to obtain an idea of fire temperature by closely studying the 

appearance of broken conductors.

Once the circuit has been opened and is no longer energised, other parts of the 

conductor that have begun to melt will resolidify as “offsets” - a series of distinctly 

demarcated segments [10, 25, 61].

Arcing

In addition to causing an overcurrent, short circuits and ground faults also lead to 

arcing at the point of the fault, due to the high influx of current through a small 

contact area. The extent of the damage is decided by the magnitude of the fault 

current: particularly forceful short circuits can create an audible bang, accompanied 

by explosive arcing and the spattering of molten metal that can be found on items in 

the immediate environment. However, even in the case of powerful arcing, only 

minor amounts of conductor are actually melted [40]. It is more common to see 

“notches” and spot-melting on the conductors where a short circuit has occurred.

One of the best indicators that arcing was due to a fault rather than fire melti ng is in 

the appearance of the beads that form on severed conductors. They can be identified 

by the distinct line of demarcation between the bead itself and the rest of the 

conductor. The speed of the localised event leaves little time for conduction of heat 

along the wire, so areas adjacent to the fault will usually be unaffected, apart from 

any spattered metal. Striations in the metal that are created in the manufacturing
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process are intact right up to this line of demarcation and can be viewed 

microscopically.

If arcing does not trip the circuit breaker or fuse, it is possible for the fault to “move” 

along the section of the conductor that is still energised [18]. Arcing and melting 

damage will be found across a considerable length of the conductor between the fault 

and the power supply.

Resistance heating

Evidence left by resistance heating is usually found at points of poor contact in the 

circuit and consists of noticeably more advanced oxidation than other sections of 

conductor. Surface deformation such as pitted surfaces may also be found at the 

location of the resistance heating [57].

Damage by Fire

Determining whether damage to conductors was due to an electrical fault or due to 

the fire is one of the primary tasks in the investigation of potential electrical ignition. 

Fortunately, close examination of damaged conductors can reveal evidence that 

indicates whether the errant electrical activity was a cause or consequence of the fire. 

Contrary to the highly localised heating and telltale line of demarcation that is found 

on conductors subjected to primary arcing, the damage inflicted by fire is much less 

discriminating.

Most significantly, wiring damaged by fire shows no identifying line of demarcation 

between arc beads and adjacent areas of the conductor. In fact, the “beads” caused by 

a fire are classified by NFPA 921 more specifically as “globules”, notable for the 

irregular shape and size of the resolidified copper [10]. When arcing occurs due to an 

electrical fault, heating occurs only at the point of the fault while the rest of the wire 

remains at its normal temperature, thus creating the line of demarcation. External 

heating due to a fire occurs across a broader section of the wire and the arc site is at 

only a slightly higher temperature than adjacent sections. This leads to larger areas of 

molten copper, which, under the sustained heat provided by a fire, show evidence of
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flowing and dripping under gravity. Striations in the conductor are also eliminated by 

this process [63],

The changes displayed by copper due to external fire heating are similar to those 

created by the internal heating involved with an overcurrent - a change in colour due 

to surface oxidation, followed by blistering and melting. The two mechanisms differ 

in that whereas heating due to overcurrent occurs over the entire length and cross

section of the wire, external fire heating tends to melt only the surface of the 

conductor, leaving behind a solid central core of copper. This is also the reason for 

the pointed ends sometimes evident on conductors that have been severed by fire. 

Although there is a lot of variation based on the prevalent conditions at each scene, 

conductors melted by fire will, more often than not, display rough surfaces with 

sections of varying thickness as the copper resolidifies in a non-uniform manner [10, 

61].

1.7.3. Appliances

Appliances, transformers and electric motors make up a significant portion of fires 

started by electrical ignition. It is possible to eliminate most appliances based on 

their location relative to the seat of the fire and whether or not they were energised at 

the time of ignition, but some require a thorough laboratory examination. Common 

culprits include appliances with high power usage, such as clothes dryers, heaters, 

electric blankets, cooking appliances and televisions. Common sources of appliance 

failure include poor contacts, insulation damage and circuit breakers [44], One of the 

simplest indicators of the role of a particular appliance in a fire is the difference in 

appearance between the interior and exterior of the device. For example, if the inside 

of the appliance or transformer is relatively undamaged and the outside is burnt, it is 

most likely that the appliance was not the cause of the fire. Smoke stains on switches 

and plugs can be useful in determining whether appliances were plugged in and/or 

switched on before the fire.

It is also important to remember that appliances can be ignition sources without 

mechanical or electrical failure if they are not used responsibly by the owner. This is

38



1. Fire Science and Fire Investigation

especially true of heating appliances. For this reason the investigator must take 

careful note of the location of the appliance and its surroundings prior to removal for 

later examination.

1.7.4. Instrumental analysis

Instrumental analysis of electrical arc beads has been proposed as a way to determine 

whether an electrical event was a cause or consequence of the fire. The scanning 

electron microscope (SEM) has been used by several authors to examine features 

such as gouges, dents, voids and surface particles found on arc beads in an attempt to 

ascertain their status as pre- or post-fire events [64, 65]. A particularly controversial 

method has been proposed by Anderson [66], which suggests Auger electron 

spectroscopy (AES) as a technique capable of determining whether arcing occurred 

before or during a fire. The method is based on the idea that combustion products 

such as carbon will be trapped in arc beads that occur as a result of fire. Among 

others, Howitt [67, 68] has been a vocal opponent of the Auger technique, which is 

now widely considered to be discredited [69]. Similarly, X-ray microscopy and 

Raman spectroscopy has been used to search for the presence of carbon in arc beads 

as an indication of whether electrical arcing was a cause or consequence of the 

fire [70].

Babrauskas [38, 71] provides a comprehensive overview of these and other 

instrumental techniques, concluding that none are ready for deployment in forensic 

casework. Problems with the techniques include poor theoretical background and 

experimental design, insufficient empirical evidence and a lack of independent 

validation. Doubts are also expressed that instrumental differentiation between 

“cause” and “victim” arc beads is possible at all. This is because there is no 

consistent difference in conditions under which the two types of arcs occur, and the 

fact that, regardless of their status as a cause or consequence of a fire, arc beads often 

undergo subsequent heating in the fire that destroys information required by the 

aforementioned instrumental techniques.
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1.8. Aims and Objectives

In a very general sense, this research aims to introduce more rigorous scientific 

methods to fire investigation. Such changes will bring fire investigation closer to the 

reliability, transparency and objectivity of fire debris analysis, and reduce 

dependence on the unique experience of an individual investigator.

The previously described problems with the investigation of electrical ignition 

indicate a process steeped in uncertainty from several different sources. Current 

deviation in particular represents a highly variable phenomenon that is widely 

misunderstood and extremely difficult to identify in a post-fire investigation. It is the 

ideal test case with which to examine a novel method for improving fire 

investigations conducted in the face of high uncertainty. In an attempt to simplify the 

determination of a fire cause, the project deals specifically with the question of 

ignition, as opposed to explaining additional aspects such as fire development and 

behaviour.

To achieve these aims, this research proposes a computer program based on the 

probabilistic tool of Bayesian Belief Networks (BBN). A framework to describe 

current deviation will be developed, and a BBN used to analyse the uncertainty in an 

investigator's opinions and integrate it into this framework. The method promotes a 

more successful investigation by ensuring that the investigator’s efforts are focused 

purely on his area of expertise - the examination and assessment of physical 

evidence left by the fire. The task of evaluating the probability of current deviation as 

a cause of ignition is handled by the Bayesian network in a proven mathematical and 

scientific manner.

A further aim of the computer program is that it be designed for use during, rather 

than after, an investigation. An on-scene analytical tool helps the investigator to 

determine the feasibility of electrical ignition hypotheses by answering, in real-time, 

questions that would otherwise require time-consuming laboratory work or expensive 

reconstructions. This will also ensure a more efficient management of time and 

resources during an investigation. A Bayesian network fulfils this objective by
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facilitating immediate and convenient on-scene scientific analysis of possible 

ignition scenarios based on the information input by the investigator.

Although the goal is to develop a fully operational tool ready to be deployed in 

regular casework, the project is also partly considered to be a “proof of concept” for 

the general investigative aims outlined above. With this in mind, it is important that 

the project has extensibility and portability to new types of ignition, both electrical 

and other. This objective is achieved with a compartmentalised approach that 

constructs unique Bayesian networks for each ignition mechanism, beginning with 

current deviation. Making current deviation the subject of this research also has the 

beneficial side effect of promoting a wider understanding and awareness of this type 

of ignition.
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2. Probability Background

2.1. Basic concepts

2.1.1. Terminology

An experiment is any process with a number of possible outcomes that cannot be 

predicted in advance. Each execution or repetition of an experiment is called a trial. 

The sample space, or outcome space, of an experiment refers to the set of all 

possible outcomes and is denoted by the capital S or the symbol Q. A subset of the 

sample space consisting of any set of outcomes of the experiment is called an event.

For example, consider the experiment of rolling a fair die, with a sample space of 6 

possible outcomes. If the die is cast 10 times, we say that 10 trials have been 

performed. Possible events of interest include “rolling an even number'’, or “rolling a 

number less than 3”. The mathematical expression P(A) is used to describe the 

probability of event A. The Venn diagram in Figure 2.1 illustrates these concepts 

graphically.

s

Figure 2.1 Venn diagram depicting an event A contained in sample space S

2.1.2. Types of events

If a given event is denoted by A, the event that A does not occur is termed the 

complement of A and can be denoted by the interchangeable terms A, A’ or Ac. In the 

context of the die example, the complement of “rolling an even number" would be
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“rolling an odd number.” Figure 2.2 demonstrates the relationship between an event 

A and its complement.

Event A and its complement, AcFigure 2.2

The opposite of the sample space is the null set, which is denoted by 0 and 

represents an impossible event.

Multiple events can be examined in different ways. The union of events A and B, 

written as A u /?, is the event that either A or /?, or both, occurs. An intersection of A 

and B represents the event that both A and B occur and is expressed as A n B or 

simply AB. Figure 2.3 and Figure 2.4 are Venn diagrams depicting a union and an 

intersection respectively. Unions and intersections may also be known by the names 

conjunction and disjunction, respectively.

Union of events A and BFigure 2.3
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Figure 2.4 Intersection of events A and B

When two events have no outcome in common, they are said to be mutually 

exclusive, or disjoint. In a given trial, the occurrence of one event precludes the 

other event. Mathematically, the intersection of A and B is therefore impossible: 

P(A n B) = 0. In an experiment that involves rolling a fair die, the events “rolling an 

odd number” and “rolling a six” are mutually exclusive. The events “rolling an odd 

number” and “rolling a number less than four” are not mutually exclusive. A 

graphical depiction of two mutually exclusive events A and B can be seen in Figure 

2.5.

Figure 2.5 Mutually exclusive events

A set of events A/, A2, A3... An are said to be exhaustive if there are no other possible 

outcomes than those listed in the set. T his is commonly used in the context of an 

exhaustive set of disjoint events, which is referred to as a partition, or as being 

mutually exclusive and exhaustive: they include all possible outcomes and the 

occurrence of one of the outcomes precludes all other events.
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2.1.3. Axioms of probability

In 1933 Russian mathematician Andrey Kolmogorov [72] developed three axioms of 

probability to address his belief that “the theory of probability, as a mathematical 

discipline, can and should be developed from axioms in the same way as geometry 

and algebra” and that “all further exposition must be based exclusively on these 

axioms.”

Discussion of the axioms is based on an example that includes a sample set S and 

events A and B.

I. P(A)> 0

Each event A is assigned a non-negative real number called the probability of A, 

represented by the term P(A).

II. P(S) = 1

The probability that some event in the sample space will occur is unity, i.e. a 

certainty. The sample space therefore includes all possibilities and is exhaustive.

III. P(Au B) = P(A)+ P(B)

The probability of two mutually exclusive events A and B is equal to the sum of 

their individual probabilities. This relationship is known as “countable 

additivity”, or a-additivity.

The third axiom holds true for any number of finite or countably infinite disjoint 

events, in which case the total probability would be the sum of all event probabilities. 

Mathematically, this is expressed as

The probability of an event A within a sample space S can now be formally defined 

as a number P(A) that satisfies the three axioms of probability.
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2.1.4. Further properties of probability

From Kolmogorov’s axioms it is possible to develop several important properties 

that establish a more comprehensive view of probability.

I. P(0) = 0

The probability of the null set is equal to zero, i.e. an impossibility.

II. For any event A, 0 < P(A) < 1

The probability of an event must take a value between zero and unity, which are 

representative of impossibility and certainty, respectively.

III. For any event A, P(AC) = 1 - P(A)

The sample space consists of A and its complement, AL. Given the second 

probability axiom, the sum of the probabilities of A and AL must therefore equal 

1.

IV. The third axiom can be restated for any two events A and B that are not 

mutually exclusive. P(Au B) = P(A) + P(B)~ P(An B). This addition 

rule is demonstrated by the Venn diagram in Figure 2.6. The overlapping 

area labeled A n B must be subtracted from the sum of A and B.

s

Figure 2.6 The addition rule requires subtraction of the intersection area
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2.1.5. Interpretations of probability

Classical

The classical interpretation of probability is based on experiments whose process and 

outcomes are known. This is reflected in the idea of equally likely outcomes, which 

says that all outcomes have the same likelihood of occurring in a fair and unbiased 

experiment. If there are n equally likely possible outcomes in an experiment, then the

probability of each outcome is — .
n

Relative Frequency

Also known as the empirical approach, the relative frequency interpretation of 

probability was first expounded by British mathematician John Venn, but the 

approach was formalised by Richard von Mises [73] with his articulation of the 

repeated experiment methodology. He named this process “the collective”, and 

described it as “a sequence of uniform events or processes which differ by certain 

observable attributes, say colors, numbers, or anything else.”

In simpler terms, the frequentist approach is based on the measurement of repeated 

trials in experiments that do not have equally likely outcomes. If an experiment is 

repeated n times and an event A is observed x times, the relative frequency of A is

P(A) = -
n

The accuracy of the relative frequency approach is dependent on the number of trials 

conducted by the observer. A concept known as statistical regularity, or the 

empirical law of averages, defines the trend in relative frequency data: with more 

repeated trials conducted under constant conditions, probability values begin to 

stabilise as they approach the limiting relative frequency. As the number of repeated 

trials approaches infinity, the true value of P(A) is found. This true value is only 

theoretical, as it is impossible to conduct an infinite number of trials under identical 

conditions.
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The limiting relative frequency can be expressed algebraically,

P(A) = lim —,
H —>co yj

or graphically, as shown in the coin toss example of

Figure 2.7 Statistical regularity exhibited by a coin tossing experiment

1 x

Relative 
Frequency 

of coin
landing heads

x

X
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X X XXX

0
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n = number of experiments performed

Figure 2.7 Statistical regularity exhibited by a coin tossing experiment

Despite the intuitive and practical nature of the frequentist approach, there exist a 

number of inherent disadvantages that make it unsuitable for application in some 

situations. Firstly, the idea that after sufficient repeated trials the probability will 

approximate its true value is couched in vagueness. It is impossible to quantify a 

“sufficient” number of trials, and it is therefore difficult to have confidence that a 

suitably accurate value has been achieved. Secondly, and perhaps more significantly, 

the concept of repeated trials and observations does not lend itself well to situations 

that cannot be easily reproduced under controlled conditions. Estimations of future 

weather conditions or the likelihood of a defendant's guilt in a criminal trial both 

exemplify cases where the collection of relative frequency data is impossible.

Subjective
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The subjective interpretation of probability is based on work conducted 

independently of each other by Reverend Thomas Bayes and Pierre-Simon LaPlace 

over two hundred years ago. Because advocates of the subjective interpretation often 

use Bayes' Theorem to revise prior opinions in light of new evidence, the approach is 

known as the Bayesian interpretation and its adherents as “Bayesians” [74]. The idea 

of using individual measures of belief in probability received strong opposition from 

frequentists in the 19th century and it remained largely unnoticed until a revival of 

interest in the 20th century from statisticians such as Ramsey, de Finetti, Savage and 

Lindley.

The subjective approach requires neither equally likely outcomes nor repeated 

experiments, instead relying on human judgement to determine the probability of a 

given event. Opinion and prior knowledge rather than experimental statistical data 

are examples of the type of information used to assign probabilities under this 

interpretation. Due to the subjective nature of the decision, the probability value may 

change over time and different people are likely to attribute different probabilities to 

the same event [75]. For this reason, the frequentist term “true probability" is not 

used by Bayesians, whose subjective probability is instead known as a degree of 
belief [74].

By avoiding a rigid reliance on observable measurements, subjective estimations of 

probability solve several deficiencies inherent in the relative frequency approach. In 

situations where relative frequency data is unavailable, Bayesians prove to be more 

practical and flexible by permitting subjective information such as expert opinion. 

Added advantages can be found in the ability to reflect changing opinion as new 

evidence is received (such as a jury's opinion of guilt throughout a trial) and the 

ability to easily compare and contrast subjective data from different sources, such as 

opposing expert opinions.

An important distinction between the relative frequency and subjective 

interpretations can be found in what could be called their “rigidity’'. Frequentists take 

a firm philosophical position against all uses of subjective probability, considering it 

unreliable and ultimately unscientific. In contrast, Bayesians do not dismiss relative
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frequency probabilities as uniformly as frequentists reject subjective probabilities. 

Under Bayesian inference, observed data may be updated by a subjective prior 

probability, or, conversely, a personal opinion may be updated in light of new 

experimental data. The subjective approach also demonstrates greater freedom in its 

acceptance of relative frequency data; whereas a frequentist requires a sufficient 

number of repeated trials to have been undertaken before the limiting relative 

frequency is reached, a Bayesian can formulate an individual probability based on 

any and all types of data available at the time - including immature frequency data.

Although the Bayesian interpretation offers a solution to the deficiencies of a strictly 

objective approach, the acceptance of subjective data into probability calculations 

incurs its own drawbacks. Ironically, the major disadvantage of subjective estimates 

stems from the same source as its flexibility: human judgement. Subjective 

probabilities are subject to the wide range of human heuristics and biases extensively 

explored by Kahnemann et al [76] and others [77]. Human decision making is 

notoriously fallible, particularly when assessing high and low values or when there 

are personal consequences for the decision maker [78, 79].

This is not to say, however, that there can be no formalisation of subjective 

probabilities. Berger [80] describes some simple and intuitive techniques for 

rationally arriving at subjective probabilities, such as starting with relative 

likelihoods (if event A is twice as likely to occur as not, then P(A) = 2/3) or using 

transitivity1 (if P(A) > P(B) and P(B) > P(C), then P(A) > P(C)).

Lindley [81, 82] proposes a “standard for uncertainty”, also known as “reference 

lottery” [83], that brings rigour to the process of arriving at a personal degree of 

belief. The standard is an urn containing 100 balls that are identical in every way, 

except for their colour. Of the balls, b are black and 100-6 are white. Two 

propositions are made, from which you must select one: if it rains tomorrow, you 

will be awarded a prize. If you select a black ball from the urn, you will be awarded 

the same prize. If all the balls in the urn are white (i.e. b = 0), you would select the

1 The relation between two entities is transitive if whenever A is related to B and B is related to C, 

then A is related to C.
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first proposition, whereas, conversely, if all the balls in the urn are black 

(i.e. b = 100), the latter option would be the safest bet. In between these two 

extremes there exists a particular value of b for which the probability of selecting a 

black ball from the urn is equal to the probability that it will rain tomorrow and you 

are indifferent to one proposition over the other. Your subjective probability that it

will rain tomorrow is therefore equal to %qq • This value of b may change over time

as new evidence is received (if grey clouds appear, for example), and it will likely 

take a different value when assessed by different people, such is the nature of 

subjective probability. Nevertheless, the human fallibility described above can be 

somewhat mitigated by assessing personal measures of belief with reference to a 

standard such as the urn model.

2.1.6. Conditional probability

The concept of conditional probability, or dependence, forms the foundation of 

Bayes" Theorem and Bayesian networks. Aitken [84] and Lindley [82] employ a 

useful method for introducing the idea of dependence by pointing out that the 

subjective judgement of a given probability is based on the relevant background 

information available to us. For example, the probability that a rolled die will land on 

an even number is dependent on our knowledge of whether the die is fair or loaded. 

Representing this event by A and the background information by /, we express our 

belief as a probability with the term P(H|/), pronounced “the probability of A, 

given F\ Although every probability could be considered dependent on the 

background information available at the time, it is not necessary to explicitly state 

this fact and the idea is used here for illustrative purposes only.

Henceforth it is only a small step to extend the concept from the dependence of A on 

background information I to dependence on another event, B. Replacing / with B, if 

event A is dependent on event #, its probability is written as ?{A\B)\ the probability 

of A, given that B has occurred. Two events are considered dependent if the 

occurrence of one event in any way influences the probability of the second event.
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In this case, the sample space is no longer S, but the set of outcomes in event B. The 

probability of A given B is therefore equal to the number of outcomes in which both 

A and B occur (i.e. their intersection, A n B), as a proportion of the new sample 

space. Assuming that P(Z?) > 0, the conditional probability of A given B is defined by

P(A\B) =
P(AnB)

P(B)

Rearranging this relationship yields the multiplication rule for conditional 

probabilities,

P(AnB) = P(A\B)P(B)
= P(B | A)P(A)

An event A may be expressed in terms of a pair of mutually exclusive and exhaustive 

events, B/ and ZT>. With the knowledge that B/ and B2 are exhaustive, one can 

conclude that the sum of A n B/ and A n ZT> is simply the probability of A,

P(A) = P{AnB\)+ P(AnBi)

With the aforementioned multiplication rule for conditional probabilities, this 

equation can be extended to provide the law of total probability,

P(A) = P(A | B\)P(B\) + P(A | Bi)P(B2)

Where there are n mutually exclusive and exhaustive events Bj, B2,...Bn, the law may 

be written as

P(A) = P(A\Bi)P(Bi)+P(A\Bi)P(B2) + ... + P(A\ Bn)P(Bn)

Verbally, the probability P(/l) may be expressed as the weighted average of the 

conditional probabilities ?{A\B,) with weights P(Z?,-) [78]. Lindley [85, 82] refers to 

this law as the extension of the conversation, because it extends discussion about A to 

encompass a full set of mutually exclusive and exhaustive events. The relationship is 

useful in situations where ?{A\B,) is easier to evaluate than P(A) directly.
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2.1.7. Independence

If events A and B do not exert any influence on each other, they are said to be 

statistically independent. This can be expressed mathematically as

P(A\B) = P(A)

In other words, the probability of A given B is simply the probability of A. If A and B 

are independent, A and Bc are also independent.

The multiplication rule can therefore be restated for independent events,

P(AnB)= P(A)P(B)

This equation provides a formal mathematical definition of independence. Two 

events are independent if and only if the product of their individual probabilities is 

equal to the probability of their intersection.

2.1.8. Bayes’ Theorem

Figure 2.8 Reverend Thomas Bayes, 1702-1761
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English mathematician and philosopher Reverend Thomas Bayes' landmark theorem 

was published posthumously in 1763 [86]. The power of Bayes’ Theorem lies in the 

link it creates between P(H) and ?(A\B), allowing the update of a prior probability 

P(A) to a posterior probability V(A\B) in light of new evidence P(£).

Although the subjective interpretation of probability discussed in Section 2.1.5 often 

carries the Bayesian moniker, the theorem itself holds no partisanship in the 

frequentist versus subjective debate. The prior probabilities used in Bayes' Theorem 

are usually subjective probabilities in the form of expert opinions, which are then 

updated as new evidence is received. However, it is perfectly valid for prior 

probabilities to be drawn from relative frequency data such as background statistics. 

As will be documented in Section 2.2, this acceptance of both subjective and 

frequentist approaches to probability is also a feature of Bayesian networks.

Bayes' Theorem can be derived very easily from the multiplication rule for 

conditional probabilities. As defined above, the rule can take two equivalent forms,

P(An B) = P(A | B)P(B)
= P(B\ A)P(A)

Equating the right hand sides of the equations and rearranging, we obtain Bayes' 

Theorem,

P(A\B) = P(B\ A)P(A)
pm

Commonly used terminology for the component probabilities of this equation can be 

explained by restating the theorem verbally as

_ . _ . . ... Likelihood x Prior ProbabilityPosterior Probability =--------------------------------------
Normalising Constant
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Bayesian “prior-posterior” terminology highlights an important application of the 

theorem. It is possible to create an iterative process whereby the posterior probability 

of one analysis is used as the prior probability for the next analysis. This establishes 

a circular process of revision that can continue as long as new evidence is received. 

Neapolitan [74] expresses this point with the succinct observation that “a probability 

value is relative to one’s information about an event, it is not a property of the event 

itself.”

The difference between ?(A\B) and Y*{B\A) is an important distinction to note, one 

with strong implications for forensic science. In the context of a suspect thought 

responsible for a particular piece of evidence found at a crime scene, P(A\B) might 

represent the probability of the evidence (A) given that the suspect is guilty (B). 

Accordingly, P{B\A) would denote the probability that the suspect is guilty given the 

evidence at the crime scene. Confusing the these conditional probabilities is a 

common and crucial mistake, and is known as the fallacy of the transposed 

conditional [84]. Thompson and Schumann[87] refer to this as the prosecutor’s 

fallacy, and use a courtroom example concerning the interpretation of forensic 

evidence to demonstrate the error: “There is a 10% chance that the defendant would 

have the crime blood type if he were innocent. Thus there is a 90% chance that he is 

guilty.”

2.1.9. Odds form of Bayes’ Theorem

Odds, or odds ratios, offer an alternative measure of uncertainty, by relating the 

probability that an event A will occur to the probability that it will not occur, i.e. its 

complementary event AL. The odds in favour of A are expressed as the proportion

P(A)
P(Af

or as a ratio in terms of A only,

P(A) 
l -P(A)
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The odds against A can be expressed as the inverse proportion

P(AC) _ l-P(A) 
~P{A)~ P(A)

Odds are used by bookmakers to express the probabilities associated with betting on 

certain events, most commonly sporting contests. They are also useful in a forensic 

and legal context when examining the odds of a defendant’s guilt or innocence. More 

importantly, they offer a modification of Bayes’ Theorem that allows a convenient 

and intuitive analysis of the relationship between prior and posterior probabilities.

As defined earlier, Bayes’ Theorem is expressed as

P(A | B) = P{B \ A)P(A) 
P(B)

This equation can be restated for the complement of A,

P(AC | B) = P(B\AC)P(AL)
P(B)

Dividing the first equation by the second yields the odds form of Bayes' rule, 

providing the posterior odds in favour of A, given B,

P(A\B) _ P(A) P(B\ A) 
P(AC | B) ~ P(AL ) X P(B\ AL)

The right hand side of the equation has been separated into two terms: the first term 

is the prior odds in favour of A and the second term is known as the likelihood ratio, 

which defines the change from prior to posterior odds. If the likelihood ratio is 

greater than 1, the posterior odds in favour of A given B will increase, and if the 

likelihood ratio is less than one, the posterior odds will decrease. If B is twice more
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likely if A has occurred than if A had not occurred, the likelihood ratio is equal to 

two.

By examining the numerator and denominator of the likelihood ratio, we can see that 

it is necessary to know two conditional probabilities to conduct a Bayesian update: 

the probability of B given that A has occurred, and the probability of B given that A 

has not occurred, Ac. Therefore, any new piece of evidence B must be assessed in 

light of two competing hypotheses, A and Ac.

Bayesian revision of probabilities in light of new evidence is more clearly illustrated 

by expressing the odds form verbally as

Post-Evidence Odds = Pre-Evidence Odds x Likelihood Ratio

It is also possible to take the logarithm of the odds form of Bayes' rule, which 

provides an additive relationship between the prior odds and the likelihood ratio.

log ( P(A\B) | 
| P(A‘| B) J + log

f P{B\A)\ 
\p{B\Ac)\

This additive relationship adds a further level of intuitiveness to the Bayesian update 

process by inferring that the new probability is simply the sum of the old probability 

and the new evidence. The logarithm of the odds form of Bayes’ rule is particularly 

useful for the evaluation of the odds of a defendant’s guilt as evidence is presented in 

a criminal trial. Good [88, 89] conveys this notion by attributing the name "weight of 

evidence" to the logarithm of the likelihood ratio.

2.2. Bayesian Belief Networks

2.2.1. What are Bayesian Belief Networks?

Bayesian Belief Networks (BBNs) are graphical structures that represent systems by 

modelling and analysing the probabilistic relationships between variables. Bayesian
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networks can be thought of as advanced flowcharts that employ probability to 

quantify conditional relationships and conduct inference between variables. The 

principal asset of Bayesian networks is their mathematically rigorous approach to 

situations of uncertainty. Synonyms include Bayes nets, causal networks and 

influence diagrams. Bayesian networks are so named for their use of Bayes’ 

Theorem as the basis for probabilistic inference; they do not require the wholly 

subjective approach that is commonly associated with so-called Bayesians [90].

It useful to think of Bayesian networks in terms associated with more generic expert 

systems, namely as the sum of a knowledge base and an inference engine [91]. The 

knowledge base of a Bayesian network is formed from expert knowledge codified 

numerically in conditional probabilities assigned to node states, and graphically in 

the network structure, which defines important variables and their relationships to 

each other. The inference engine of a Bayesian network consists of the algorithms 

that employ Bayes’ Theorem to conduct probabilistic calculations and draw 

conclusions from the information contained in the knowledge base [92].

The core of a Bayesian network is a Directed Acyclic Graph (DAG), in which system 

variables known as nodes or vertices are connected by arrows termed edges or arcs. 

Arcs between nodes do not necessarily represent a causal relationship, merely 

influence. While arcs between nodes signify dependence, it is also possible to 

consider missing arcs as representative of conditional independence. In its 

representation of dependence and independence between variables, the DAG 

constitutes the qualitative half of a Bayesian network.

A Bayesian network's structure must be acyclic and without feedback cycles, which 

form when loops between nodes are created by a directed path A| —► ••• —> An such 

that Ai = An. A cyclic network with feedback cycles complicates quantitative 

analysis [93]. Figure 2.9 demonstrates the difference between acyclic and cyclic 

graphs.
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Figure 2.9 Left: A directed acyclic graph. Right: A cyclic graph with a feedback cycle from

The DAG for a network can be constructed either by a domain expert - which can be 

difficult in cases of large and complicated networks - or through a computerised 

learning process using experimental data, which involves analysing a range of 

possible network structures to find one that matches the conditional probabilistic 

relationships found in the raw data [74, 92]. These two approaches permit subjective 

and objective probabilities in the development of the graph.

Figure 2.9 can be used to further define the terminology associated with Bayesian 

networks. Nodes that are connected by a directed arc share a parent-child 

relationship. In Figure 2.9, node A is parent to child B, and node B is parent to 

children C and D. With no parents of its own, node A is a root node. Despite the 

connotations of the parent-child terminology, it is important to remember that the 

relationship is one of influence, not necessarily cause [93]. Node E is termed the 

hypothesis node, and represents the destination of the flow of information [94, 95].

Nodes are most often classified as discrete, whereby they are comprised of a number 

of mutually exclusive and exhaustive states that represent uncertainty regarding the 

node's true state. For example, a node representing whether a door is locked would 

have two node states corresponding to ‘"the door is locked” and “the door is 

unlocked.” Similarly, a node that symbolises whether a train is on schedule might
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have three node states denoting “the train is on schedule”, “the train is early” and 

“the train is late.”

It is also possible for nodes to be continuous, rather than discrete. In this event, the 

nodes would not be defined by mutually exclusive node states, but by a range of 

acceptable values. Continuous nodes incur a number of restrictions that inhibit their 

usage, such as not being allowed to be parent to a discrete child [93]. It is possible 

(and sometimes preferable) to avoid using continuous nodes by instead defining a 

discrete node whose states represent a series of finite intervals over a continuous 

range. For example, a continuous age range of 20 years to 80 years may be defined 

by 3 ranges of 20 years each, or, to obtain a finer degree of control, 60 ranges of one 

year each.

Conditional probability tables (CPT), also known as node probability 

tables (NPT), constitute the quantitative half of a Bayesian network by numerically 

describing the influence of each combination of parental node states on every child 

node state. With C representing the child node and P the parent node(s), this concept 

may be expressed with the general mathematical term P(Ci|Pi, ... Pn) [93].

Probability tables for a root node, such as node A in Figure 2.9, consist only of prior 

probabilities, as the node is not dependent on any other nodes in the network. A 

sample probability table for a root node with three node states can be seen in Table 

2.1. Note that the probabilities for all node states sum to one, which is consistent 

with the requirement that discrete node states be mutually exclusive and exhaustive.

Table 2.1 Example conditional probability table for a root node named A

Al 0.23
A2 0.47
A3 0.30

Table 2.2 presents a sample conditional probability table for node E in Figure 2.9. 

For the purposes of this example, child node E and parent nodes C and D all have 

two node states each. The table demonstrates the way each child node state must
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have a conditional probability that quantifies the influence from every possible 

combination of parent node states. For example, to fully define node state El it is 

necessary to specify four separate probabilities: P(E1|C1,D1), P(E1|C1,D2), 

P(E1|C2,D1) and P(E1|C2,D2). Similar to Table 2.1, each column sums to 1 to 

reflect the fact that the two node states are mutually exclusive and exhaustive.

Table 2.2 Conditional probability table for a child node E with two parent nodes, C and D

Cl C2

D1 D2 D1 D2

El 0.35 0.57 0.21 0.97

E2 0.65 0.43 0.79 0.03

The conditional probabilities attributed to each node state can be attained in different 

ways:

• Results of analysis using physical or numerical modelling [96]

• Results of experimental work or case histories [97]

• Opinion of an expert in the relevant field

Similar to the methods available for constructing the DAG, both subjective and 

frequentist approaches can be used to obtain source data for conditional probabilities.

Instantiation and Propagation

Uncertainty regarding a variable’s true state is represented by its conditional 

probabilities. When the true state is discovered through hard evidence (such as direct 

observation), the node is said to be instantiated [74, 90]. What happens next 

identifies an important practical advantage to Bayesian networks, one that is a direct 

consequence of Bayes’ Theorem and its central premise that existing beliefs can be 

updated in light of new evidence. Instantiation of a node state causes an immediate 

update of the belief in non-observed nodes throughout the network. This process is 

called propagation, and can be achieved with a number of different algorithms, such 

as those by Jensen [95] and Lauritzen and Spiegelhalter [98]. Although these 

algorithms require an extensive knowledge of probability calculus, they are now built 

in to the many available Bayesian software packages. Users can obtain near-instant
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propagation of evidence in even the most complicated networks with a simple 

mouse-click and no manual calculation. It is this advance that has contributed to a 

significant spread of Bayesian networks into a wide range of disciplines over the past 

decade.

D-separation

There are three types of connections in a Bayesian network that form the basis of 

propagation algorithms and reflect how influence flows through the structure. This 

concept is known as d-separation and was first introduced by Pearl [99].

Serial connections

Figure 2.10 Serial connection

Figure 2.10 displays a serial connection, where root node A is parent to child node B, 

and B is parent to child node C. If B is unknown, information can flow through B 

either from A to C or from C to A. This is best demonstrated with the example in 

Figure 2.11.

Figure 2.11 Example of a serial connection

If we know for certain that an electrical blackout has occurred (A), our belief that the 

alarm clock will fail (B) will increase. In turn, our belief that Tom will be late (C) is 

also increased. Conversely, if we know for certain that Tom is late, our belief that his 

alarm clock has failed is increased, and therefore so is the likelihood that an electrical 

blackout has occurred.

Consider the situation where we are certain that the alarm clock has failed. In this 

case, no new information about the likelihood of an electrical blackout will change 

our belief that Tom will be late. Having firm knowledge about B has blocked the
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transmission of information from A to C or vice versa. Put simply, now that we know 

B, A can tell us nothing about C; the two nodes are d-separated, given B.

Diverging Connections

The diverging connection displayed in Figure 2.12 demonstrates similar d-separation 

properties to a serial connection, namely that information can flow between two 

nodes when the connecting node is unknown. Here, information is transmitted 

between child nodes B and C unless parent node A is known, in which case 

information can only travel from parent to child.

Figure 2.13 exemplifies this concept with a real-world situation. If evidence is 

received at a child node, such as knowledge that the lights have failed, our belief in 

an electrical blackout is increased, and consequently so is our belief in the other child 

node.

Figure 2.13 Example of a diverging connection

However, if we are certain that an electrical blackout has occurred, no information 

concerning light failure will influence our belief in appliance failure, and vice versa. 

The two child nodes have been d-separated by the instantiated parent node. In this 

case, influence can only flow from the parent to child nodes: knowledge of an
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electrical blackout increases our belief in both a light failure and an appliance failure. 

Nodes B and C are therefore independent when A is known; they are d-separated, 

given A.

Converging connections

Figure 2.14 portrays a converging connection where child node A has two or more 

parent nodes, in this case B and C. It is clear that B and C are independent of each 

other - if A is some event, information about one of the causes of A (say, B) tells us 

nothing about alternative causes of A (such as C).

In contrast to serial and diverging connections, in which an instantiated node 

removes dependency, converging connections create dependency when evidence is 

received about the connecting node. This introduces the concept of intercausal 

interactions, commonly known as explaining away.

Consider the example displayed in Figure 2.15, where the failure of an alarm clock 

has two possible causes: the cord becoming unplugged, or a total electrical blackout. 

These two events are independent of each other - knowledge of a blackout makes an 

unplugged cord no more or less likely, and vice versa. As soon as any information is 

received concerning the child node, a dependency is created between the two parent 

nodes. For example, say that we know the alarm clock has failed. If we then receive 

evidence that the alarm cord was unplugged, the likelihood of the competing cause, 

electrical blackout, will decrease. Similarly if we know the alarm clock has failed 

and then we receive information that there was not an electrical blackout, our belief 

that the cord was unplugged will increase. This ability of one parent node to increase 

or decrease the likelihood of alternative parent nodes is termed “explaining away”:

Figure 2.14 Converging connection
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the possibility that an electrical blackout caused the alarm failure is explained away 

by our new knowledge that the alarm cord was unplugged.

Figure 2.15 Example of a converging connection

Parent nodes B and C are therefore independent of each other unless child node A 

has received evidence. This also holds true in the event that soft evidence is received 

in lieu of a direct instantiation of A. Soft evidence is any information that permits an 

update of conditional probability, such as evidence received by descendents of A. As 

exhibited in Figure 2.15, observing that Tom is late infers that his alarm clock has 

failed. The two root nodes are now conditionally dependent in exactly the same way 

as if direct evidence of alarm clock failure was received. The summary of d- 

separation in converging connections can therefore be amended to indicate that 

information can only be transmitted between parent nodes if evidence is received 

about the child node or one of its descendents.

2.2.2. Advantages of Bayesian Networks

The features that commend Bayesian networks to a wide range of research fields 

stem from the way in which they unite graph and probability theories. These two 

underlying theories allow usability and mathematical rigour to coexist, while other 

features, such as the ability to conduct immediate propagation, considerably boost 

the practicality of the technique.

65



2. Probability Background

Unlike artificial neural networks, whose inner workings and information pathways 

are hidden from the user, the graphical representation of Bayesian networks provides 

an intuitive and extremely effective visual medium for modelling complicated 

phenomena. Bayesian graphs make it possible to understand a system’s dependent 

and independent relationships at a glance. The lack of formal restrictions involved 

with constructing a Bayesian DAG belies the power to succinctly depict influential 

and independent relationships that is inherent in its modular format. Being able to 

create a network based on domain knowledge from experts and without a time

consuming learning process removes the entry barriers commonly associated with 

other decision support systems. This accessibility also extends to the explanation of 

complex systems to lay persons, for whom the visual impact is most effective. In a 

forensic context of experts providing testimony to juries, this can be crucial.

The notion of d-separation, which forms the very definition of information 

propagation in Bayesian networks, also contributes to the ease of understanding by 

mirroring the processes of human thought [100]. Being able to withdraw a tentative 

conclusion in light of new evidence (“explaining away”) is an innate part of human 

reasoning, and is unique to Bayesian networks; logic-based decision systems cannot 

react to new information in this way [92]. This type of behaviour complements the 

graphical network and further demonstrates one of the key benefits of Bayesian 

networks - although the propagation algorithms are mathematically complicated, 

they create a system that is easy to interpret and understand quickly with a minimum 

of expertise.

The strong probabilistic basis of Bayesian networks is another chief advantage for 

making decisions in situations of high uncertainty. The double underpinnings of 

Bayes' Theorem and peer-reviewed propagation algorithms provide mathematical 

rigour that ensures defensible decisions are made with the best possible reasoning 

from available data. Results will always be consistent for a given set of input data, 

instilling the process with repeatability and portability under any circumstances. 

Another important advantage of the strong probabilistic background is the removal of 

user bias from the situation. Kahnemann et al [76] describe a range of judgemental 

heuristics that decision-makers commonly employ to reduce complicated
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probabilistic choices to simpler tasks. These tasks are more intuitive and easier to 

assess, but are based on data of “limited validity" and are heavily influenced by 

cognitive bias. The probabilistic methods used by Bayesian networks allow 

unqualified persons to make better judgements under uncertainty and ensure that 

inference is conducted without such bias.

Bayesian networks possess certain practical benefits that permit a wider range of 

analyses to be performed. The idea of updating probabilities with fresh information, 

realised in Bayesian networks by belief propagation, allows the user to immediately 

see the network’s response to different types of evidence. For example, one might 

use propagation to witness the sensitivity of a network to a particular type of 

evidence, to compare the differences in two experts' subjective opinions or even to 

examine hypothetical situations by instantiating variables that have not been directly 

observed. There is also a practical advantage to the ability to use expert knowledge 

and/or statistical data. Bayesian networks can accommodate both types of data, 

whether it is due to philosophical reasons (recall the frequentist versus subjective 

debate of Section 2.1.5) or simply a function of the type of data that is available.

2.3. Applications of Bayesian Networks

Heckerman [101] and Halpern [102] credit Wright [103] with the earliest use of 

graphical Bayesian models in 1921. The surge of development and interest in 

Bayesian networks over the past 20 years has led to their adoption in a wide range of 

disparate fields. One of the most prominent areas is medicine, where the ability of 

Bayesian networks to update beliefs with new evidence finds a natural application to 

diagnosis, monitoring and prediction tasks [104. 90]. Two well known examples can 

be found in the ALARM network [105] for monitoring patients in intensive care and 

the PATHFINDER network [95, 102], a diagnosis tool for lymph node diseases. 

Gamez et al have collated recent examples of advanced application of Bayesian 

networks to such diverse fields such as information retrieval, speech recognition and 

meteorology [106]. Bayesian networks were also used as an intelligent system 

behind the “Office Assistant” in Microsoft’s Office 97 productivity software [107], 

illustrating the breadth of areas to which the technology has been applied. Their role
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in this instance was to observe, interpret and respond to user requests for help, in 

addition to building a persistent profile of the user’s behaviour and skill level.

Forensic science represents an ideal application for subjective probabilities and 

Bayesian inference due to the need to quantify the weight of evidence [84, 108, 109]. 

In the courtroom discussion of forensic evidence, the Bayesian approach has been 

identified as the best method for the explanation of forensic evidence to jurors [110, 

111]. Bayesian reasoning was even used in several forensic cases of the early 

twentieth century [112]. In modern forensic investigations, Bayesian inference has 

been used most prominently with transfer evidence, which includes fibres [113], 

footwear [114], blood [115] and glass fragments [116, 117], but is seeing increased 

application to the interpretation of DNA evidence [84].

Evett [118] foreshadowed the forensic use of Bayesian networks by outlining in 1987 

the need for an “inferential system” that combines objective case-specific or 

background data with subjective data from the expert. Evett’s discussion of the need 

for an effective interface between the expert and the inferential system is particularly 

telling, as it reads like a feature list of Bayesian networks:

“Through this interface the expert must be able to explore the effects of 

alternative sets of casework circumstances; to provide subjective input in 

relation to the imponderables of the case; to examine the sensitivity of the 

output to variations in the input information; and to review the logic of the 

inferential process.”

However, application of Bayesian networks to forensic science was preceded by use 

of another type of decision aid known as “expert systems", or “knowledge-based 

systems” [119]. These tools aim to provide an interface for forensic investigators to 

access a database of relevant information such as case histories or accepted domain 

knowledge, and in so doing increase the objectivity, consistency and transparency 

with which expert opinions are formed. Buckleton and Walsh [119] discuss several 

forensic knowledge-based systems, including the CAGE (Computer Analysis of 

Glass Evidence) system that assists interpretation of glass evidence.
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Early informal graphical Bayesian techniques for dealing with uncertainty in forensic 

science can be found in work by Aitken and Gammerman [120] and Dawid and Evett 

[121], the latter applying the method to a case of fibre and blood transfer evidence. 

The approach is very similar to a Bayesian network in that it uses a directed acyclic 

graph, although it requires manual calculation of likelihood ratios using Bayes’ 

Theorem. Both authors conclude that a computer program with graphical user 

interface is necessary to make the technique truly useful for forensic case work. This 

early graphical network method has also been applied to forensic glass evidence, 

with Curran et al [122] claiming that it ‘'offers consistency and reliability 

unparalleled by any other method and thus must be recommended as the method for 

estimating transfer probabilities.’'

Despite these proposals and the relative popularity of Bayesian probability in 

specialist areas of forensic science such as DNA and trace evidence, the forensic use 

of Bayesian networks is still in its infancy. There are several guides targeted at the 

forensic community that introduce BBNs from first principles and demonstrate with 

practical examples the tasks of constructing and analysing a network [123, 124]. 

Bayesian networks have seen application to forensic areas such as analysis of 

transfer evidence [124] and interpretation of DNA evidence [125, 126]. In forensic 

police work, they have been used in offender profiling [127] and prediction of crime 

patterns [128]. Fenton and Neil [129] describe the use of Bayesian networks in the 

legal system, hailing them as a successful tool for explaining probabilistic reasoning 

to lawyers, juries and judges without exposure to the underlying mathematics. 

Forensic identification has also seen strong use of Bayesian networks, with 

probabilistic expert systems developed by Mortera et al [130], Dawid et al [131] and 

Cowell [132] all providing methods to deal with issues associated with DNA 

evidence. These issues include paternity testing and identification of contributors to 

mixtures of biological samples.

Fire investigation is a much newer area of application for Bayesian networks, with 

the only work to date being that done by Biedermann et al at the Institut de Police 

Scientifique (IPSC) at the University of Lausanne, Switzerland. Biedermann et al 

[97] used Bayesian networks to conduct inference about fire cause based on
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observation of a single type of evidence observed at the scene. An interesting feature 

of the research was the incorporation of a database of previous fire investigation 

cases. From this database, statistical information was retrieved concerning the 

incidence of various ignition sources and then used as prior probability values for the 

root node of the Bayesian network. This aspect of the project portrays the ability of 

BBNs to incorporate both objective and subjective data, expanding the versatility of 

the technique and ensuring that the user is able to make maximum use of all available 

information. It also highlights the way that, with a suitably maintained database, the 

Bayesian network facilitates inference with a constantly evolving source of prior 

probability.

Further work published by Biedermann et al [133, 134] constructs a Bayesian 

network for reasoning about the evidential value of detecting flammable liquids in 

fire debris, and analyses the network qualitatively and quantitatively with actual 

cases. The authors conclude that there are several reasons that BBNs represent a 

powerful tool for fire investigators, including their scientific handling of uncertainty 

and the ability to update opinions with new evidence.

70



3. Creating a Bayesian network for current deviation

3. Creating a Bayesian network for current deviation

3.1. Objectives of the network

The motivating objective of the Bayesian network for current deviation is to act as a 

guide for a fire investigator deciding between different ignition hypotheses while at a 

fire scene. With a target of only current deviation instead of all types of electrical 

ignition, this objective has developed into a plan to evaluate the probability that 

suitable conditions for current deviation existed at a fire scene.

It is important at this point to note that there is no intent to evaluate the likelihood 

that current deviation was the true source of ignition in a particular fire. To 

accomplish such a task would require inclusion of a number of variables that will 

always exist under a dense cloud of uncertainty. The largest of these factors is 

“time”, which is central to a number of questions:

■ For how long has the conducting substance been present?

■ For how long have the electrical conductors been exposed?

■ For how long was the errant current sustained?

■ For how long was the heat produced?

Although the answers to some of these questions are closely related (e.g. the duration 

of the deviated current flow has a direct effect on the duration of heat production), 

they reveal time to be one of the greatest sources of uncertainty when evaluating 

current deviation as an ignition source.

The small amounts of electrolyte involved with current deviation mean that the time 

periods involved are often intermittent: deviated current may flow for a short time 

before causing deterioration or evaporation of the conducting substance, at which 

time the current flow stops only to resume at a later point. Being such a small 

system, current deviation is also prone to interruption from external sources that 

might dislodge exposed conductors or obstruct access of the heat source to oxygen.
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This exemplifies the way that ignition by current deviation can occur over days, 

months or even years, making “time” a factor that cannot be satisfactorily modelled. 

A direct consequence of excluding time from the network is that is impossible to 

provide a definitive judgement on the true ignition source, because the amount of 

heat generated cannot be quantified. With this exclusion in mind, the proposed 

Bayesian network aims to evaluate the conditions necessary for current deviation.

After an investigator provides probabilistic opinions for the different types of 

evidence at the scene, the Bayesian network for current deviation unites these 

disparate probabilities in an objective manner that is scientifically and 

mathematically sound. In this way the network enables the investigator to focus on 

the investigation of evidence and removes the burden of formulating a hypothesis 

probability, which will inevitably be tainted by bias and a lack of experience with 

probabilistic decision making.

A secondary objective of the network is to document and visualise the phenomenon 

of current deviation by modelling the contributing factors and their relationships to 

each other. It is hoped that this will go some way towards increasing understanding 

of this type of ignition and reducing the incidence of misdiagnosis in electrical fire 

investigation.

Design of the Bayesian network for current deviation underwent several revisions 

before arriving at its final state. The revision process illustrates a progression from an 

exhaustive and complicated network that attempted to include every contributing 

factor, towards a lean network that simplifies an investigation while remaining 

descriptive and powerful. Three versions of the network are presented here, 

accompanied by discussion of their nodes and explanation of the advances made with 

each new version.

3.2. Network design - version 1

Figure 3.1 shows the first version of the Bayesian network to describe current 

deviation. Being a first draft, this initial form of the network demonstrates a desire to
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exhaustively document the phenomenon by including every contributing factor, both 

direct and indirect. The hypothesis node represents the amount of deviated current 

and is the destination of three main branches that have been labelled A through C. 

These branches are demarcated by balloons with dashed outlines and are for 

illustrative purposes only; they are not part of the Bayesian network.
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3. Creating a Bayesian network for current deviation

3.2.1. Hypothesis node

Current: the hypothesis node for this first version of the network simply represents 

the amount of current that can flow through a deviation in the circuit. No node states 

were specified for this node and quantification of the current flow was not 

considered. This is in keeping with the objective of the initial network, which was 

merely to document all factors that influenced the amount of errant current.

3.2.2. Root node

Purpose of circuit: represents the type of circuit installed at the scene. For example, 

the circuit may be an ordinary 240VAC residential circuit, a commercial grade 

circuit or it may have a specific industrial purpose. The location and intended usage 

of the circuit is the driving influence behind a range of electrical system parameters 

such as the type of conductors and protection systems that are required. The 

overriding influence of this node is indicated by its status as a root node.

3.2.3. Branch A

Branch A focuses on the state of electrical conductors and insulation at the suspected 

site of current deviation.

Type of insulation: the type of insulation used by conductors at the scene is 

determined by the role of the circuit and the degree of protection required in its 

environment, both of which are represented by the "Purpose of circuit" parent node. 

Properties such as strength and flexibility are responsible for the insulation's 

influence on three child nodes:

• The strength of the insulation and its resistance to damage influences the 

mode of insulation breakdown and the area of exposure.

• The thickness of the insulation affects the distance between conductors.
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Mode of breakdown: the way that the insulation has broken down and allowed the 

conductors to become exposed to each other; this is a necessary event for current 

deviation to occur. Insulation can become damaged in any number of ways, with the 

more destructive of these methods resulting in a greater area of exposure, hence the 

directed edge from ’‘mode of breakdown” to “area of exposure”. For example, if the 

insulation has been broken down by an overcurrent, damage is likely to be over an 

extensive area.

Area of exposure: more of the conductor is exposed if a greater area of insulation is 

damaged, increasing the likelihood that an external substance can form a conducting 

path for current deviation.

Conductors Distance: the distance between the hot and neutral wires. Increasing 

distance between conductors makes it more difficult for a current deviation to occur 

because there is less likely to be sufficient electrolyte to facilitate current How [38, 

135]. Alternatively, it may be possible for current to jump a short conductor distance 

with only a small amount of humidity or ionised air as the conducting substance. The 

distance between conductors is determined by the thickness of the insulation. Unique 

circumstances where the conductors are directly moved by human, animal or other 

intervention may also influence the distance between conductors.

3.2.4. Branch B

The leftmost branch of the network is chiefly concerned with the contribution made 

by different aspects of the electrical system at the fire scene.

Voltage: the amount of voltage across the system is determined by Ohm's Law to be 

directly proportional to the amount of current that can flow. Residential structures in 

Australia use 240V single phase electricity.

Gauge: the gauge of a wire is a measure of its cross-sectional area, which has a direct 

influence on the amount of current that can flow: given a constant voltage, a larger 

wire has greater current-carrying capacity than a smaller wire.
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Conductor Metal: conductors in most modern structures use copper for its properties 

such as high conductivity, ductility and tensile strength, although aluminium 

conductors and steel are occasionally used.

Overcurrent Protection: the type of overcurrent protection system installed at the 

scene determines the maximum level of current permitted by the circuit. These 

protection systems may include fuses, circuit breakers or ground fault circuit 

interrupters (GFCI), which can each be found in a multitude of different models. If 

the protection system has malfunctioned or been manually disabled, the maximum 

current will depend on the physical capability of the conductors.

Overcurrent Protection Rating-, the maximum allowable current rating of the 

overcurrent protection system.

Load: a greater electrical load on particular branch circuit means more current will be 

carried through the circuit. The maximum permitted load is determined by the rating 

of the overcurrent protection.

3.2.5. Branch C

The focus of Branch C is the conducting substance that facilitates the How of current 

between conductors, known as the electrolyte.

Electrolyte: the conducting substance responsible for the current deviation. Examples 

include humidity, dust and rodent urine.

Conductivity: conductivity of the electrolyte substance. A substance with high 

conductivity will allow greater current tlow than a more insulating substance with 

low conductivity.

Density at origin: density of the conducting substance at the origin of current 

deviation. A greater volume of this substance means more current can be deviated 

from the circuit and is less likely to be evaporated or disturbed as the current flows.
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3.2.6. Comments on version 1

The first revision of the Bayesian network for current deviation is notable for its 

broad approach that includes an extensive range of contributing factors. Node states 

for this network were intended to take the form of a checklist: a list of possible 

insulation types, a list of breakdown modes, and so on. It is these two features of the 

network - its complicated nature and the checklist-type node definitions - that hinder 

its use as an investigative aid. This can be seen by examining an example conditional 

probability table from the network.

Voltage Gauge Conductor Metal

Current

Extract from version l of the network

Figure 3.2 shows a subset of the network. Of the ten nodes that are directly 

connected to the hypothesis node, four have been selected to demonstrate how 

quickly conditional probability tables can become unmanageable in an exhaustive 

network such as this. Table 3.1 presents the node probability table for the hypothesis 

node "Current". The table has been simplified by attributing only two states to each 

node.
Table 3.1 Conditional probability table for the network extract in Figure 3.2

Copper Aluminium
AWG18 AWG16 AWG18 AWG16 AWG18 AWG16 AWG18 AWG16

240 120 240 120 240 120 240 120 240 120 240 120 240 120 240 120

V y

Each of the empty cells in the bottom row requires a probability assigned by an 

investigator. This is made extremely difficult by the fact that each of the probabilities 

is so specific that it would be almost impossible to judge each one with confidence.
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For example, the cell marked x represents a situation with a AWG 18 copper 

conductor under 240V, while the cell marked y represents a AWG 16 aluminium 

conductor under 120V. There are sixteen of these cells requiring an expert opinion, 

each minutely different from each other. Considering that this conditional probability 

table represents only a small subsection of the total network, it is clear that having so 

many nodes quickly becomes unwieldy. These impossibly specific probabilities take 

the network to a point where it is more a hindrance than a boon to the investigation.

Although this network has been found unsuitable as an investigative aid, it does have 

the distinction of being an extremely thorough model of the current deviation 

phenomenon. In addition to documenting the various factors that contribute to 

current deviation, the graphical network clearly and effectively visualises these 

factors' relationships to each other. This is key to creating a wider understanding of 

ignition by current deviation.

3.3. Network design - version 2

The second version of the Bayesian network for current deviation is depicted in 

Figure 3.3 and demonstrates a clear departure from the all-inclusive nature of the 

previous version. It has been significantly simplified, and was designed to address 

the downfalls of the elaborate first network and be more useful as an investigative 

tool. There is a renewed focus towards the amount of current that can tlow by current 

deviation, rather than the broad approach of the previous network that included all 

contributions to current How through the circuit. This is exemplified by the renaming 

of the hypothesis node to “current deviation." The complete set of modifications 

since the first network are documented below, with plus and minus signs indicating 

whether a node has been added or removed, respectively.
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Purpose of Circuit
Branch B

Branch CBranch A

Breaker Rating

Threat to 
InsulationType of Insulation

Electrolyte

Electrical
Standard

Conductive PathInsulation
Breakdown Conductor

Distance

Current Deviation

Figure 3.3 Version 2 of the Bayesian network for current deviation

3.3.1. Branch A

- Area of exposure These two nodes were removed from the network because

- Conductors distance they attempt to quantify the route taken by deviated current

between the two conductors. This is only important in the 

consideration of whether there is enough electrolyte to 

conduct across the gap. which has been accounted for by the 

new node “Conductive path" in Branch C.

- Mode of Breakdown “Mode of Breakdown" has been redefined from a checklist 

+ Threat to Insulation of possible types of insulation damage into “Threat to

Insulation”, a node that accepts an investigator’s opinion on 

the degree of danger to the insulation at the origin of the 

fire. Although the difference appears subtle, this shift 

permits the investigator greater latitude to express an 

opinion that can comprise several different threats to 

insulation.
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+ Insulation Breakdown This node creates a converging connection from its two

parent nodes, and represents the event that insulation 

breakdown has taken place. Investigators are not required to 

provide evidence for this node; instead its conditional 

probability table is constructed to reflect the fact that the 

insulation breakdown cannot occur without both a breakable 

type of insulation and a credible threat to the insulation.

3.3.2. Branch B

+ Electrical Standard

- Voltage

- Gauge

- Conductor Metal

- Overcurrent Protection

- Overcurrent Protection Rating

Six nodes of Branch B have been solidified into a 

single node termed “Electrical Standard”. The 

nodes are all fixed variables that are set according 

to the pertinent electrical code. Furthermore, the 

nodes are all interdependent and can therefore be 

considered as a single overall influence on current 

deviation.

- Toad Toad was removed from the network because,

while it does affect the amount of current in a 

circuit, it is not a limiting factor in the amount of 

current that can flow by current deviation.

3.3.3. Branch C

- Conductors Distance The three nodes listed to the left have been consolidated into

- Conductivity one node named “Conductive path”. All three subtracted

- Density at origin nodes were intended to quantify properties of the electrolyte

+ Conductive path responsible for the current deviation. Although it is possible

to infer these properties, it is almost impossible that the 

ignition environment would be sufficiently intact after a fire 

to allow the investigator to make such precise measurements.
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To maintain the focus on investigation and ensure that the 

nodes take into account practical limitations faced by 

investigators, a new node was introduced named 

“Conductive path”. It represents the probability that there is 

sufficient electrolyte to create a complete circuit between the 

exposed conductors. This probability will be lower if the 

distance between conductors is large, if the conductivity of 

the electrolyte was too low to sustain current or if there was 

insufficient electrolyte at the point of ignition.

3.3.4. Comments on version 2

The second version of the Bayesian network exhibits two important qualities not 

found in the initial network. Firstly, there is a shift towards node definitions that 

refect an investigator's expert opinion. Whereas nodes states previously took the 

form of a checklist of possibilities that the investigator need only tick off, node 

definitions now accept probabilities based on the expert's opinion and uncertainty. 

This marks the most significant improvement to the network’s usability as an 

investigative tool.

Another feature of the latest revision is a stronger demarcation of subject area in each 

major branch of the network. Branches A, B and C now represent the contribution 

made by the conductor insulation, the electrical system and the electrolyte, 

respectively. This clear organisation exemplifies the benefits of a well-designed 

network in effectively and succinctly conveying information.

3.4. Network design - Final version

Revision of the initial version of the Bayesian network required the most drastic 

changes to bring the structure and node definitions closer to the original research 

objectives. Further refinement brings the network to its final state as shown in Figure
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3. Creating a Bayesian network for current deviation

3.4. Once again, the following discussion outlines additions and subtractions that 

have led to the final version of the network.

Threat to 
InsulatiorType of Insulatior Electrolyte

Insulatior
Breakdowr

Branch A
Current Deviatior

Branch C

Figure 3.4 Final version of the Bayesian network for current deviation

3.4.1. Root node

- Purpose The original intent of this node was to indicate that the purpose and

of circuit location of the circuit (i.e. whether it was in a factory, a residence, or

was a simple extension cord) influenced every aspect of the network. 

However, its benefit is more theoretical than practical: by being the only 

parent node in the network, it detracts from the other nodes’ status as 

“evidential nodes" whose probabilities are specified by an investigator. 

Furthermore, it unnecessarily complicates the conditional probability 

tables in the network.

To maintain the underlying message that all nodes are influenced by the 

purpose of the circuit, this concept has been encapsulated by broader 

and more descriptive node definitions.
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3. Creating a Bayesian network for current deviation

3.4.2. Branch A

No changes were necessary to this branch due to the focus and cohesion achieved in 

the previous revision of the network. The sole difference is that the two nodes “Type 

of Insulation"’ and “Threat to Insulation” are now parent nodes that accept prior 

probabilities specified according to expert opinion. The converging connection 

neatly describes the “Insulation Breakdown” event as a product of two parent nodes.

3.4.3. Branch B

- Electrical Standard The last remaining “checklist” node, “Electrical Standard”

has been removed from the final network. Although its 

components influence current deviation, there is no 

probability associated with its node states and therefore 

requires no expert opinion from the investigator. Instead, the 

influence of various components of the electrical system is 

relegated to a broad advisory in much the same way as the 

“Purpose of circuit'' node. The contribution of the electrical 

system is a factor to be considered by investigators when 

evaluating individual evidential probabilities.

3.4.4. Branch C

- Conductive Path This node has been merged with a new, broader definition

of the “Electrolyte" node, which heretofore took the form of 

a checklist of all possible conducting substances. The two 

nodes were complementary and did not benefit from 

separation. The replacement node is more intuitive and 

further simplifies the network.
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3.4.5. Comments on final version

The final network maintains the descriptive nature of the initial version, while 

making vast improvements in clarity and ease of use. Whereas previous networks 

employed an overarching parent node to designate background influence, the 

network now stems from the three primary evidential ingredients of current deviation 

found at a fire scene. Influence flows in a logical, deductive direction from evidence 

to ignition hypothesis, mirroring the course of an actual investigation. In this way the 

network manages to be intuitive both for investigators to use and, if necessary, lay 

juries to understand.

All nodes now take the form of descriptive probabilities rather than static checklists. 

Probabilistic node states allow the user to combine separate factors that contribute in 

varying degrees. For example, an investigator may determine that the breakdown 

threat to insulation stems primarily from physical constraint, but there also exists a 

small threat of rodent damage. Rather than being forced to select only one of these 

options, it is now possible to combine them into a single figure that represents the 

total threat to insulation breakdown. This approach offers greater flexibility for the 

expert, which is essential in a field where options are rarely straightforward and 

unambiguous. Together with the newly lean network structure, these probabilistic 

node definitions simplify conditional probability tables and ensure that the 

relationships they describe plainly correspond to tangible scene events.

Although practical concerns necessitated the removal of the concept of time, the 

network thoroughly models the balance of conditions required for current deviation 

to occur. This information can be extremely useful to an investigator trying to 

evaluate hypotheses with limited information while at the scene.

3.5. Node definitions

To simplify future discussion and software implementation of the network, node 

names have been abbreviated to their initials. Figure 3.5 restates the network with 

abbreviated node names.
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l Type of Insulation 
E Breakdown Threat to Insulation 
E Electrolyte 
IE Insulation Breakdown 
CD Conditions for Current Deviation

Figure 3.5 The Bayesian network for current deviation with abbreviated node names

3.5.1. Nodes I, B and E

The three parent nodes of the network require clear and comprehensive definitions 

able to be serviced by probabilistic node states.

To provide a suitable definition for node I, it is useful to return to the original intent 

of this node. Its inclusion was based on the simple premise that current deviation is 

more likely to occur on a conductor with, say, plastic insulation than one with 

armoured insulation. T he properties of the insulation material influence how likely it 

is that a particular conductor will become damaged and exposed. The node is defined 

as “the insulation is susceptible to breakdown" and the two node states I2 and II, 

“yes" and “no" respectively, speak to the investigator’s confidence based on the 

evidence found at the scene. The investigator's opinion is built upon two contributing 

factors: decreasing ruggedness and increasing age of the insulation both contribute to 

a higher susceptibility to breakdown. The stronger and younger the insulation, such 

as when contained in armoured conduit, the less susceptible it is to damage [2, 26, 

38].

Similarly, the intent of node B is to accommodate the fact that current deviation is 

more likely to occur in an environment with, for example, frequent physical 

constraints on the conductor than one where the conductor is housed in a protective 

overhead tray. Breakdown mechanisms present in the environment determine how 

likely it is that a particular conductor will become damaged and exposed. Node B
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3. Creating a Bayesian network for current deviation

models whether “there is sufficient danger in the conductor’s immediate environment 

to cause insulation breakdown”. As is the case for node I, there are two node states 

B2 and Bl, “yes” and “no” respectively, that accept the investigator’s opinion as a 

probability. This opinion must take into consideration the destructive strength of any 

direct breakdown mechanisms (i.e. physical constraints and poor connections can be 

more destructive than most overloads), the effects of weathering from the immediate 

environment (i.e. a conductor located in direct sunlight will suffer a higher degree of 

weathering than a conductor located in a temperature-controlled room) and treatment 

of the conductor (i.e. coiled and thermally insulated cables can experience heating 

and carbonisation of insulation that would not occur to a cable with ample convective 

cooling)

Neither node I nor node B represents the probability that an insulation break will 

occur. Nodes l and B strictly refer to what the investigator observes at the fire scene 

with respect to the strength of conductor insulation and potential threats to that 

insulation in the environment. The probability that an insulation break will occur is 

modelled by node IB and is a combination of the two root nodes.

It is a much simpler task to define node E, which represents the electrolyte that 

conducts the errant current between conductors. This substance is highly dependent 

on the environment. Examples include dust, fungal growth, or carbonised insulation. 

When assessing an electrolyte as a possible contributor to current deviation, it is 

important that it be present directly between the two exposed conductors and that it 

be present in sufficient quantity to conduct and sustain a current. Although it is 

unlikely that the investigator will always find tangible evidence of this substance, it 

is possible to form an opinion on the likelihood of such a substance being available, 

based on an examination of the environment. The node is officially defined as “a 

sufficient quantity of electrolyte is present at the break site to conduct electricity 

between the exposed conductors”. Similar to the other two root nodes, there are two 

node states E2 and El, representing “yes" and “no" respectively.

In the event that the investigator has no information about a particular node and is 

unable to form an opinion, the value of 0.5 can be used for each node state. If, for
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example, II equals 0.5 then 12 must also be equal to 0.5 according to the properties 

of probability laid out in Section 2.1.4. Equal probabilities indicate that each state is 

no more likely than its complement.

3.5.2. Nodes IB and CD

The only two child (and non-evidential) nodes in the network, IB and CD, do not 

require such detailed definition as they are dependent on the underlying theory of 

current deviation. Their conditional probability tables must therefore be predefined 

as part of the network, rather than accepting user input on a case-by-case basis. Once 

again, these nodes have binary node states numbered “1" and “2” for “no” and “yes'’, 

respectively.

Table 3.2 Conditional probability table for node IB

11 12

B1 B2 B1 B2

IB1 1.0 1.0 1.0 0.0

IB2 0.0 0.0 0.0 1.0

Node IB represents the actual event of "‘insulation breakdown”, by combining the 

investigator's opinions of insulation weakness and breakdown threats in the 

environment of the conductor. Insulation breakdow n will only occur if the insulation 

is weak enough to be broken (12), and there is sufficient danger in the conductor's 

immediate environment to cause breakdown (B2). This is expressed as a probability 

by the term P(IB2|I2,B2) and is highlighted with italics in the conditional probability 

table in Table 3.2. Insulation breakdown will not occur without both 12 and B2, 

meaning that all other IB2 probabilities must equal zero.

A similar rule governs the conditional probability table for the hypothesis node CD, 

as seen in Table 3.3.
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Table 3.3 Conditional probability table for node CD

El E2

IB1 IB2 IB1 IB2

CD1 1.0 1.0 1.0 0.0

CD2 0.0 0.0 0.0 1.0

Node CD represents the “conditions for current deviation'’, and requires both an 

insulation breakdown (IB2) and an electrolyte (E2) in order to be true. The 

probability expression P(CD2|IB2,E2) describes this state, and is highlighted with 

italics in Table 3.3. The non-italicised cells in the bottom row of the CPT indicate 

that current deviation cannot occur without both 12 and IB2.

It is important to note that the “hypothesis node" CD does not represent the 

probability that current deviation was the ignition source of the fire. T he network 

clearly makes no effort to assess other types of evidence found at the scene and 

imparts no information on ignition mechanisms other than current deviation. An 

authoritative conclusion on ignition source requires consideration of all logical 

possibilities.

Furthermore, even in the event that node state CD2 is found to have 100% 

probability, there is still the question of actual ignition to consider. To answer this 

question, the investigator must consider concepts such as heat generation, transfer 

and dissipation, fuel properties and time. Whereas the fire triangle demonstrates that 

fuel, oxygen and an ignition source are required for a fire, the Bayesian network 

developed in this research merely evaluates the conditions required for current 

deviation to occur. This limited capability is in accordance with the main objective 

for the network, to provide an on-scene guide that advises investigators on the 

probability of ignition hypotheses, specifically the availability of conditions for 

current deviation.
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4. Types of Bayesian network analysis

The primary avenue of interaction between a user and a Bayesian network is in the 

specification of prior probabilities for the root nodes of the network. This is also true 

of the Bayesian network for current deviation, as the investigator uses prior 

probabilities to express his expert opinion of the likelihood of three different types of 

evidence required for this mode of ignition to occur. It is possible for these prior 

probabilities to be specified in two different ways, and the choice has important 

practical implications to both the investigator's task and the amount of useful 

information that the Bayesian network analysis is able to generate.

4.1. Single-value analysis

4.1.1. What is single-value analysis?

The simplest form of Bayesian network analysis, which has been the subject of all 

discussion until this point, involves the expression of root node data in the form of 

single-value probabilities. If an investigator believes that there is 70% likelihood that 

there was sufficient electrolyte at the fire scene to conduct electricity between two 

exposed conductors, the prior data for node states E2 and El would each be specified 

by a single probability value: 0.7 and 0.3, respectively. Similarly, the information 

regarding hypothesis node CD would also be expressed with single probability 

values: a value of 0.55 for node state CD2, for instance, would indicate a 55% 

chance that conditions existed for current deviation to occur.

4.1.2. Disadvantages of single-value analysis

Single-value Bayesian analysis suffers in that the probabilities that define the 

network have a very limited scope. One might forgive the investigator who, faced 

with a relatively cryptic single-value answer of “0.90" for the probability of 

hypothesis node state CD2, is sceptical of the reliability and validity of the result. 

The single-value probability is not placed within any broader practical context and.
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most importantly, imparts no indication of the degree of confidence that can be 

invested in the result.

Equally, the single-value probabilities provided by an investigator as an input to the 

network cannot do service to the complexity of the expert opinion and the range of 

physical evidence from which it is derived. While it is easy to instruct an investigator 

to express his opinion of a particular type of evidence with a single number, it is a 

much more difficult task in practice. This is particularly true in the case of fire 

investigation, where conclusions are the sum of many separate pieces of information, 

each mired in its own level of uncertainty.

Ultimately, fire investigation and current deviation are too complex and too uncertain 

phenomena for the nodes in the Bayesian network to be adequately serviced by 

single-value probabilities. Distribution-based analysis addresses the deficiencies 

described above and in doing so provides the thoroughness and flexibility required 

for a successful Bayesian network approach to fire investigation.

4.2. Distribution-based analysis

Development of a Bayesian network analysis that defines root nodes with probability 

distributions rather than single probability values is an important shift towards 

providing more practical and useful information for fire investigators. With the 

introduction of probability distributions, each node in the network will be 

represented by a range of possible values rather than just one number. The 

distributions are defined by two quantities: a mean and a standard deviation, which 

relate to probability and uncertainty, respectively. These changes have tangible 

benefits for the investigator in both the specification of the data that is entered into 

the network and the resultant information that is provided by the network.

In a single-value analysis, the information required of an investigator consists of 

single-values for the prior probabilities of the three root nodes of the Bayesian 

network. This requirement is less than ideal because the investigator must express an 

expert opinion as a solitary number between 0 and 1 - a very difficult task in the
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midst of the high uncertainty faced at a fire scene. A distribution-based analysis 

eases this task by allowing the investigator to accompany this single probability 

value with a measure of the uncertainty associated with that opinion. This is achieved 

with the two quantities that define a distribution: the mean represents the original 

single probability value and the standard deviation quantifies the uncertainty 

associated with that value. Being able to specify uncertainty affords the investigator 

greater latitude in the expression of an opinion.

Similarly, the hypothesis node of the Bayesian network is also defined by a 

probability distribution and so the results of the analysis will take the form of a mean 

and a standard deviation that describe node state CD2. Once again the standard 

deviation is a measure of uncertainty, although now it is in the context of the 

likelihood that conditions existed for current deviation. It is a reflection of the 

amount of confidence the investigator can have in the probability of the hypothesis 

node, and as such creates a much broader view of the ultimate issue than a lone 

probability with no indication of the degree of uncertainty involved.

Finally, the shift away from single-value probabilities makes it possible to conduct 

statistical calculations on the large amounts of data created by the multi-value 

distributions. Being able to compute statistical quantities such as standard deviation 

or 95% confidence interval ensures that every possible conclusion is drawn from the 

available data. When these statistical quantities are placed in the practical context of 

a case in progress, the efficiency of the investigation and its scientific foundations 

are maximised.

4.2.1. Beta distribution

The probability distribution on which the advanced Bayesian analysis will be based 

is the beta distribution, a continuous function that takes values between 0 and 1. This 

property makes it a natural and common choice for modelling probability, which by 

definition must always take a value between 0 and 1.2 To use a distribution without a

2 Refer to the further properties of probability in Section 2.1.5.
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natural domain of 0 - 1 would require a messy process of manually truncating the 

distribution to only cover this range of values.

For this reason the beta distribution is useful for modelling physical quantities whose 

values occur over a finite range. It also finds application in areas such as quality 

control and reliability engineering [136], and is a common choice of prior 

distribution for use with Bayesian networks [74, 90, 136]. The most common 

forensic application of the beta distribution is in the Bayesian approach to sampling - 

the task of selecting a representative sample from a larger population [137, 108]. Its 

forensic application is discussed by Curran et al [138] with respect to the selection of 

a representative subset of trace evidence such as glass fragments or fibres for 

comparative analysis. Evett et al [125] have also employed the beta distribution in a 

Bayesian network approach to interpreting DNA evidence.

The beta distribution is used frequently in probability and statistics and its derivation 

can be found in many statistical text books [75, 139, 140]. With its two positive non

zero parameters, a and /?, the probability density function of the beta distribution is 

given by

f(x | or, P) =--------- xa 1 (1 - xf 1 0 <x < I, a> 0, p > 0
B(a,/3)

where B(a,/3) is the beta function

B(a,j3) Tia)T(P)
V(a + /3)

And f represents the gamma function

V{a) = [ ua 'e "duJ 0

93



4. Types of Bayesian network analysis

Parameters a and ft relate to the mean p and variance o' of the beta distribution with 

the following equations,

a
(4-1)

a + (3

cr = aft (4-2)
(cc + P)~ (cc + /? + !)

These equations can be solved simultaneously to obtain a and /i in terms of p and o2}

(4-3)

(4-4)

Being able to translate the beta parameters into mean and variance (and vice versa) 

affords a much higher degree of flexibility. This will be demonstrated firstly with 

graphical examples of the beta distribution and, more importantly, later in 

Section 4.2.3 when accepting expert evidence from fire investigators.

The beta probability density functions for various values of a and p are shown in 

Figure 4.1. When a and ft are equal, the beta distribution is symmetrical and closely 

resembles a traditional bell-shaped Normal distribution as seen in Figure 4.1a and 

Figure 4.1b. Despite this special case of equal o. and p values, beta distributions most 

often resemble a skewed distribution like those seen in Figure 4.1c and Figure 4.Id. 

Another interesting feature of these two graphs is the effect of reversing a and p 

values: the two skewed curves appear identical but for their horizontal position, i.e. 

their mean. This is borne out algebraically by equations (4-1) and (4-2), in which 

only the mean is affected by a reversal of a and p values. Figure 4.1e and Figure 4. If 

show that as o. and p values approach zero, the skew that was noticeable in Figure

' The algebra required for this transformation can be found in Appendix 1.
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4.1c and Figure 4.Id becomes more pronounced until the curve ceases to be concave 

down, instead adopting a shape that appears somewhat hyperbolic.
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(a) Beta distribution with a = 5, p = 5 (b) Beta distribution with a = 25, p = 25

(c) Beta distribution with a = 5, p = 20 (d) Beta distribution with a = 20, p = 5
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Figure 4.1 Examples of the beta distribution with their a and /? values
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It is difficult to relate a and f values to the behaviour of the beta distribution as they 

do not share a very intuitive relationship with the appearance of the curve. Trends in 

the appearance of the beta distribution are better understood by replacing a and /i 

with the more familiar concepts of mean and variance. A further improvement can be 

made by taking the square root of the variance to yield standard deviation, which is 

again slightly easier to relate to the appearance of the curve. Figure 4.2 features the 

same graphs as those in Figure 4.1, modified to display mean and standard deviation 

values rather than a and p parameters. There is a clear relationship between fi and rr 

values and the appearance of the graphs: the mean value determines the horizontal 

position of the curve and the standard deviation defines its spread.
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(a) Beta distribution with u = 0.5, a = 0.151 (b) Beta distribution with // = 0.5, a = 0.07

(c) Beta distribution with u = 0.2, a = 0.0784 (d) Beta distribution with u = 0.8, a = 0.0784
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(e) Beta distribution with u = 0.5, a = 0.354 (f) Beta distribution with u = 0.33, o = 0.298
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Figure 4,2 Examples of the beta distribution with their// and a values
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As expected, Figure 4.2a and Figure 4.2b illustrate the fact that a decrease in 

standard deviation leads to a narrower curve. Standard deviation values for Figure 

4.2c and Figure 4.2d confirm the previously discussed notion that the two curves are 

identical but for their horizontal position. Furthermore, comparison with Figure 4.2b 

reveals that even a 0.0084 increase in the standard deviation introduces a visible 

skew away from the bell-curve shape. The significantly larger standard deviations of 

Figure 4.2e and Figure 4.2f bring about a considerable change in shape, to the extent 

that the mean is no longer as descriptive of the curve’s appearance as in previous 

examples.

Comparison of plots Figure 4.2a, Figure 4.2b and Figure 4.2e with their counterparts 

in Figure 4.1 reveals one final interesting behavioural aspect of the beta distribution. 

Regardless of the actual values, when a and ft are equal the resulting mean will 

always be 0.5. Once again, this can be confirmed algebraically with equation (4-1).

4.2.2. Uniform distribution

A special case of the beta distribution known as the uniform distribution is found in 

the event that a = f = 1, which is equivalent to a mean of 0.5 and a standard

deviation of Til With the knowledge that F(l) = 1 and F(2) = 1, the beta

distribution probability density function itself is reduced to unity for all values ofx,

f(x\a,P)= r(or + /?) x“-'(l -x)*-'
r(a)V(P)

(1) x\\-xf
(D(l)

-1

The uniform distribution is displayed graphically in Figure 4.3. It represents a 

situation of equally likely outcomes and is commonly used to express ignorance of 

an event.
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Beta distribution with a = 1, p = 1

0 0.5 1
x

Figure 4.3 When a = fi = I, the beta distribution is known as the uniform distribution

Along with the beta distribution, the uniform distribution will have a special 

application in the Bayesian network for current deviation.

4.2.3. Specifying an appropriate beta distribution

To ease the task of specifying expert opinion in the form of a beta distribution, all 

discussion of the beta distribution will henceforth occur exclusively in terms of mean 

and standard deviation rather than in terms of the a and p parameters. The reason for 

this was mentioned earlier - mean and standard deviation are relatively familiar 

statistical concepts whose meanings are widely understood and which are more 

easily related to the appearance of a graph. In contrast, a. and f are difficult to relate 

to the shape of the distribution curve and their use is likely to create unnecessary 

confusion. Simplicity has also dictated that variance be jettisoned in favour of 

standard deviation. Variance is less intuitive to work with than standard deviation,
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both because it is less easily relatable to the appearance of a curve and because its 

values are often too small to work with comfortably.

In describing the appearance of a beta distribution curve, mean and standard 

deviation directly reflect the investigator’s expert opinion. The mean controls the 

horizontal position of the curve and is indicative of the expert’s belief in the prior 

probability of the positive node state. The closer the mean is to 1, the more likely the 

event. An alternative approach to the mean is to consider any value over 0.5 as “more 

likely to occur than not”, a concept that becomes more strongly supported as values 

approach unity.

The spread of the curve is decided by the standard deviation and conveys the 

investigator’s degree of uncertainty in the choice of mean: a high standard deviation 

and broad curve shows that the choice of mean was made with a high degree of 

uncertainty, whereas a low standard deviation and narrow curve implies that the 

choice of mean was made with greater confidence.

In a distribution-based Bayesian network analysis, the investigator's task is to define 

a beta distribution for each root node in the network. It is not easy to immediately 

arrive at the perfect numerical expression of a beta distribution, so it is recommended 

that the investigator begin with a graphical description of the appropriate distribution 

curve for each positive node state.

For example, an investigator who believes there is a high likelihood that there was 

sufficient electrolyte to conduct a current deviation, and believes so with a high 

degree of confidence, might propose the beta distribution in Figure 4.4 as being 

representative of this opinion of node state E2. Such an opinion is reflected in the 

narrowness of the curve and the fact that the area under the graph covers mostly high 

values ofx.

Alternatively, an investigator who estimates a 30% probability that there was a 

significant threat to insulation at the fire scene and does so with a moderate level of 

uncertainty might employ the beta distribution in Figure 4.5 to describe node
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state B2. In this case, the graph is positioned further left to indicate the relatively low 

probability. The higher degree of uncertainty is reflected in the fact that curve is 

rather wide and the area under the curve covers a broad range of values ranging from 

0.0 all the way to 0.8.

Belief in node state E2
i ! i i i i r

0 0 1 0 2 0.3 0.4 0.5 0.6 0.7 0.3 0.9 1

Figure 4.4 The x-axis represents the probability of E2 and the y-axis is its probability density 

function
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Belief in node state B2

X

Figure 4.5 The x-axis represents the probability of B2 and the y-axis is its probability density 

function.

Creating graphical descriptions of the root node beta distributions represents a quick 

and straightforward method for expressing an expert opinion. Each distribution 

would subsequently be expressed numerically with a mean and standard deviation, 

forming the input to the Bayesian network analysis. If the investigator feels 

comfortable and capable of directly expressing his opinion as a mean and standard 

deviation, he is encouraged to do so; the intermediate step of describing each prior 

distribution graphically is merely an effective way to simplify the task. It is 

especially useful when dealing with the beta distribution, which does not always take 

a predictable form, as does the Normal distribution, for instance.

As a final aid to the investigator’s task of quantifying an opinion with a beta 

distribution and its corresponding mean and standard deviation, Appendix 8.2 

provides a small library of reference beta distributions. In this library 6 beta 

distributions are drawn per mean value, with each distribution taking a different 

standard deviation between 0 and 0.3. A sample page is shown in Figure 4.6 and
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demonstrates the effect of a changing 

mean of 0.6.
u = 0.6, a — 0.05

standard deviation on a distribution with a

/j = 0.6, a = 0.1

u - 0.6, a = 0.15 /j = 0.6, a = 0.2

u - 0.6, a - 0.25 u - 0.6, o = 0.3

Figure 4.6 Sample page from the beta distribution reference library. All graphs have a mean of

0.6 and a unique standard deviation

104



4. Types of Bayesian network analysis

Not only does this library go some way towards providing an overview of beta 

distribution behaviour, it also greatly simplifies the task of expressing uncertainty 

with an appropriate standard deviation. If the investigator can firstly arrive at a mean 

that accurately reflects his opinion of the evidence (the same type of input data 

required in a single-value analysis), a suitable standard deviation can be found by 

comparing the reference distributions to the investigator's own proposed distribution. 

At intervals of only 0.05, the 6 standard deviations effectively cover the full range of 

possible distributions for each mean.

In the event that it is impossible to express an opinion about the prior probability of a 

given node, the uniform distribution can be used to provide values for a distribution- 

based analysis. As explained in Section 4.2.2, the uniform distribution is a special 

case of the beta distribution in which a=ft = \ and the graphed distribution is a non- 

descriptive horizontal line (Figure 4.3). By substituting the relationship a = ft = 1 into 

equations (4-1) and (4-2) one can see that the uniform distribution has a mean of 0.5

and a standard deviation of -7= , or 0.2887. A mean of 0.5 indicates that the positive
Vl2

node state is equally likely to the negative node state, and the investigator is unable 

to express an opinion in favour of either option.

4.2.4. Restrictions on input data

As shown in the probability density function of Section 4.2.1, o. and ft must be 

greater than zero for a beta distribution to be valid. In order to avoid mean and 

standard deviation pairs that translate into non-positive a and ft values, restrictions 

must be placed on the input data submitted by investigators. The first of these 

restrictions can be discovered with a quick examination of equations (4-3) and (4-4), 

defined in Section 4.2.1 and displayed again here,

a = A2 (1-/0
7cr -A (4-3)
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(4-4)

By definition, the mean specified by the investigator must take any value from 0 to 1. 

However, equation (4-3) indicates that p must be a number between these two 

terminal values; if the mean were to take values of either 0 or 1, a would become 

Oor-1, respectively, creating an invalid beta distribution. Similarly, the position of 

standard deviation in the denominators of the two equations dictates that it too must 

be greater than, and not equal to, 0.

Further examination reveals that there are also certain combinations of mean and 

standard deviation that result in illegal negative values of a and /?. For example, if an 

investigator quantified his expert opinion with a mean of 0.95 and a standard 

deviation of 0.25, the resulting a and ft values would be -0.2280 and -0.0120 

respectively. To obtain a general rule for acceptable pairs of p and tr, it is necessary 

to evaluate the inequalities a > 0 and [l > 0. Both of these inequalities simplify to the 

same condition4,

Any mean and standard deviation combination specified by an investigator must 

satisfy this condition to ensure that a and f values remain positive and the beta 

distribution representing the expert opinion is therefore valid. The condition may be 

rearranged to provide a two-part guide to acceptable mean and standard deviation 

pairs.

For a given mean, the standard deviation must satisfy the following condition,

Likewise for a particular standard deviation, the mean must fall within the range 

given by

1 The algebra required for this transformation can be found in Appendix 3.

//(!-//) >(T:
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1 -\]\-4<t2 l + Vl-4o-2
----------------< // <-----------------

2 2

Figure 4.7 displays the relationship between mean and standard deviation 

graphically. Coordinates beneath the curve represent valid pairs, while those above 

the curve represent pairs that result in negative a and f values and thus an invalid 

beta distribution.

co
>a;D
CD-oc
CDCO
E

Acceptable Standard Deviation values for the beta distribution
0.5

0.45

0.4

0.35

0.3

0.25

0.2

0.15

0.1

0.05

0
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Mean

Figure 4.7 Acceptable combinations of mean and standard deviation

Figure 4.7 also indicates that the maximum possible standard deviation is 0.5. This 

value is too high to be practically useful in the expression of expert uncertainty, as 

one standard deviation of 0.5 either side of the mean would already stretch beyond 

the domain of the distribution. It was decided that an artificial maximum of 0.3 

should be imposed on the standard deviation, a point at which the beta distribution 

still has a recognisable shape, even though it is significantly exaggerated to reflect 

the large degree of uncertainty. Fligher standard deviations than 0.3 offer diminishing
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benefits and do so at an ever increasing rate. For example, Figure 4.7 indicates that a 

standard deviation of 0.45 is restricted to a mean range of (0.28,0.72) - a very slim 

interval of 0.44.

The new 0.3 maximum is displayed in Figure 4.8, along with a further cosmetic 

modification to Figure 4.7 that substitutes the line curve for horizontal bars. These 

bars better convey the concept of a finite range of acceptable mean values for each 

standard deviation. From this graph it is clear that only a small proportion of all 

possible coordinates are deemed invalid.

0 35

0 3

0.25

5 0.2

Q
-a
g 015

n
E
<3 0.1

0 05

0

-0.05
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0 9 1

Mean

Figure 4.8 Acceptable mean ranges for the beta distribution, with standard deviation capped at 

0.3
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5. Software Analysis

Of a wide range of available Bayesian tools’, two software packages have been used 

in this research to analyse the Bayesian network for current deviation. 

Hugin Expert® is a commercial program whose chief function is the creation and 

analysis of Bayesian networks, and it is used here primarily for single-value 

Bayesian calculations. In contrast, Matlab® is a general mathematical software tool 

with a wide range of applications across many disciplines. It is built on its own 

programming language, and is used in this research for advanced analysis of the 

Bayesian network for current deviation, including single-value, distribution-based 

and sensitivity analyses. The fact that it is not a dedicated Bayesian package will be 

shown here to be an advantage due to the increased flexibility and level of control it 

provides the user.

5.1. Hugin Lite®

The first software tool used in this research to work with Bayesian networks is 

Hugin Lite® [141]. There are several reasons behind the decision to use Hugin®, not 

least of which is its widespread use and recommendation by several prominent 

authors working in the application of Bayesian networks to forensic science [123, 

125]. In addition to its reputation, Hugin® has two key advantages that make it 

suitable for this research.

Firstly, the availability of a free "Lite" version for academic users makes Hugin® an 

attractive package for researchers. More important though, is the highly intuitive 

Graphical User Interface (GUI) of Hugin Lite®, which refers to the actual 

appearance and design of the program. Resembling many widely-used “paint" 

programs in its appearance and behaviour, Hugin Lite® has a sense of familiarity 

that makes it easy to learn and operate. With a network structure already in hand, it 

takes only a matter of minutes to construct a Bayesian network in Hugin® by

> See Korb et al [52] and Murphy [102] for comprehensive reviews.
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arranging nodes, inserting directed arcs and specifying conditional probability 

values.

5.1.1. Example of single-value analysis with Hugin Lite®

An illustrative example will be used to demonstrate the procedure required to 

conduct a single-value Bayesian analysis with Hugin Lite®. It will also highlight the 

previously discussed advantages of the software’s graphical user interface.

Figure 5.1 depicts the Bayesian network for current deviation in Hugin Lite®, with 

the network structure positioned below a tabbed row of probability tables containing 

conditional and prior probabilities. With the network structure and conditional 

probability tables already prepared, construction of the network in Hugin Lite® takes 

less than five minutes. Nodes and directed arcs are created with the toolbar icons at 

the top of the window and are positioned manually with the mouse.

Hugin Lite 6.4
File Edit View Network Options Windows Wizards Help

xliBimfelali ?!:%!

Q currentdeviation

|FQ|@k|0|D|-. I Jj ±
Edit Functions View

Current Deviation | insulation Breakdown | Electrolyte [ Type of Insulation j Threat to Insulation

Insulation Breakdown
Electrolyte

Threat to 
Insulation

Type of 
Insulation Electrolyte

Insulation
Breakdown

Current
Deviation

Figure 5.1 The Bayesian network for current deviation in Hugin Lite® 6.4
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After specifying properties such as the number of node states, conditional probability 

tables are automatically built by the program. Prior probability values used in this 

example are stated in Table 5.1. Data for node E indicate, for example, that the 

investigator believes there is a 95% probability that there was sufficient electrolyte in 

the environment of the conductors to conduct a current deviation. Similarly, data for 

node B indicate a belief that there is 80% likelihood that enough danger existed at the 

scene to cause damage to the conductors’ insulation prior to the fire, and data for 

node I indicate a belief of 25% probability that the insulation is susceptible to 

breakdown. Conditional probability values for nodes IB and CD were originally 

outlined in Section 3.5.2 and, contrary to the prior probabilities for root nodes, are a 

property of the network, not each individual case.

Table 5.1 Prior probabilities for parent nodes in the illustrative example

II 0.25

12 0.75

El 0.05

E2 0.95

B1 0.2

B2 0.8

The prior probabilities in Table 5.1 are expressed directly as fractional probabilities 

between 0 and I and there is no requirement for mean or standard deviation as the 

beta distribution is not involved in single-value analysis. In a distribution-based 

analysis the prior probabilities would become mean values instead, and an additional 

figure would be used to express uncertainty in the form of standard deviation. 

Uncertainty cannot be incorporated into single-value analysis.

After entering the conditional and prior probabilities, the network is executed with 

the yellow “lightning bolt” toolbar icon. Results to this analysis will be presented in 

Section 6.1. Clearly the familiar window-based, point-and-click graphical user 

interface of Hugin Lite® makes light work of dealing with Bayesian networks. As 

mentioned earlier, this interface is one of the primary advantages of the software.

5.1.2. Other uses of Hugin Lite®

For reasons that will be discussed in Section 5.2.1, in this research Hugin Lite® was 

only used to conduct single-value Bayesian analyses. Despite this decision, the
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program also had several other important roles throughout the project. These roles 

are direct consequences of the advantages outlined above in Section 5.1.

For example, the comfortable and intuitive GUI of Hugin Lite® made it especially 

suited to the experimental task of network design. When trialling different versions 

of the Bayesian network for current deviation, the ability to efficiently add, remove 

and rearrange nodes in a graphical interface proved indispensable. The visual 

representation of the network also greatly simplified the discussion of network 

structure and node relationships with colleagues. Although the advanced Bayesian 

analyses that are the subject of upcoming chapters do not require user interaction 

with a diagram of the network, Hugin Lite®’s GUI was extremely useful in the early 

stages of network design.

In addition to the importance of its GUI in network design, Hugin Lite®’s status as a 

reputable commercial Bayesian software package allowed it to be used as a reference 

against which more novel techniques could be tested and verified.

5.2. Matlab®

5.2.1. Features and advantages

Matlab® is a mathematical software package built on a matrix-oriented, high-level 

interpreted computing language. One of the primary reasons for the software's 

popularity in a wide range of scientific disciplines is that it allows users to program 

their applications in a very direct manner, without the need for advanced 

programming skills such as memory management. This research uses Release 13 of 

Matlab® Student Version. Matlab® “toolboxes" are add-on packages that extend 

core functionality into specialist areas. One such toolbox is the Bayes Net Toolbox 

(BNT), which brings to Matlab® support for analysis of Bayesian networks.

There are a number of advantages to using Matlab® and the Bayes Net Toolbox over 

Hugin Lite®. Although Hugin® boasts a pleasant graphical user interface that is both 

simple and effective to use, Matlab® offers a greater degree of flexibility and control
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in the development and analysis of Bayesian networks. Programming a network from 

the ground up with Matlab® puts the user in charge of every aspect of the process, 

allowing, for example,

• The ability to accept different types of input data

• Greater control of output data, such as statistical analysis, visualisation of 

results and easy maintenance of case histories

• Automation of repeat analyses

• Portability of methods and extensibility to new Bayesian networks.

The heightened control offered by Matlab® is demonstrated by the analyses 

conducted in this research.

A further advantage to using Matlab® over Hugin® is the increase in the 

transparency of the analysis, a feature that is of particular importance in forensic 

science. Programs written with Matlab® are usually stored in plain text files known 

as “M-files”, or ‘'scripts”, which can be read, edited and executed by anyone. 

Because each step is clearly documented in the scripts, all Matlab® analyses possess 

an intrinsically high level of transparency and reproducibility. This is invaluable in 

the event that a case goes to court and others wish to examine the calculations, 

results and reasoning behind an expert opinion.
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-) <Student Version> MATLAB
File Edit View Web Window Help

D & & ^ ©, *o O. % ? Current Directory:

-Ini x|

C:\Maitlab\work 3J

Student License — for use in conjunction with courses offered at a 
degree-granting institution. Professional and commercial use prohibited.

Using Toolbox Path Cache. Type "help toolbox_path_cache" for more info.

To get started, select "MATLAB Help" from the Help menu.

EDU»

^ Start

Figure 5.2 The Matlab® command line interface

The chief disadvantage in using Matlab® over Hugin® is the loss of the point-and- 

click GUI in favour of the text-based Command Line Interface (CLI) seen in Figure 

5.2. Hugin®’s GUI is more user-friendly than that of Matlab®, and the way that the 

former application presents the graphical Bayesian network overlaid with numerical 

results makes for a more intuitive computing experience. However, because a typical 

case analysis does not require manipulation of, or interaction with, the graphical 

network, this deficiency is outweighed by power and flexibility inherent in 

Matlab®'s interface.

5.2.2. Bayes Net Toolbox

The Bayes Net Toolbox (BNT) was developed by Kevin Murphy of the Artificial 

Intelligence Laboratory at the Massachusetts Institute of Technology (MIT) and has 

been made available for free on the Internet [142]. This research uses only the most 

basic functions of the toolbox to create and compile networks in a similar manner to 

Hugin Lite®. The toolbox does, however, include a wide range of advanced 

functions that are beyond the scope of this project, such as different types of 

conditional probability tables, inference algorithms and so on. Murphy [143] has 

published the theoretical underpinnings and objectives of the software, with specific
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reference to the shortcomings in other graphical model tools that BNT aims to 

resolve.

The toolbox is an open-source project, released under the GNU Library General 

Public License as published by the Free Software Foundation. Under this license, 

users are free to read, modify and redistribute the source code - the programming 

that constitutes the toolbox itself. This license has two important implications for a 

forensic tool based on Bayesian inference: firstly, the fact that the toolbox is free 

defrays the initial cost outlay for Matlab®, and provides academic and investigative 

groups with an alternative to expensive commercial products. More importantly, its 

open-source nature extends the aforementioned transparency of the project by 

allowing anyone to examine the Bayesian calculations performed by the toolbox.

5.2.3. Creating the Bayesian network for current deviation 

with Matlab®

Unlike Hugin Lite®, which permits a Bayesian network to be constructed in a matter 

of minutes by arranging visual elements on the screen, creating a Bayesian network 

in Matlab® is much more complicated. Where Hugin® displays the network 

structure and conditional relationships graphically, Matlab® simply stores the nodes' 

topological order in a numerical array. Where Hugin® allows instantiation with a 

mouse click, Matlab® requires that evidence be hard-coded in the script at the same 

time the network itself is defined. Every minute detail must be explicitly specified 

and done so in an order and syntax that is in accordance with the Matlab® 

programming language and the Bayes Net Toolbox.

Although Hugin Lite® and Matlab® differ strongly in their methods of creating and 

analysing the Bayesian network for current deviation, the core process is essentially 

the same. The Bayes Net Toolbox firstly requires definition of the network structure 

according to the nodes' topological order, which is shown in Figure 5.3.6 Conditional

” Node E has been lowered to be level with node IB in order to better depict the topological 

numbering scheme. It is usually positioned level with nodes I and B as a strong visual reminder that 

all three nodes are root nodes requiring prior probabilities.
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and prior probabilities are specified for child and root nodes before the network is 

compiled. As was the case with Hugin Lite®, the final step consists of entering any 

hard evidence and obtaining posterior probabilities after propagation is complete.

Fortunately, the programming of a Bayesian network is a once-only task. After the 

network has been coded and saved as a Matlab® script, the process need not be 

repeated for each analysis. It is only necessary to edit the M-file with new prior 

probabilities or evidence for each case before saving and executing the file.

Every avenue of user interaction can be controlled by Matlab® and must be defined 

in the code. Without explicit direction, the program may output a range of confusing 

messages to the screen, from arcane error messages to echoes of every single input 

command. Likewise, a lack of direction about how to handle output data may result 

in scrolling screens full of trivial results or, to equal frustration, a return to the 

command prompt with no indication that any analysis has been performed. These 

situations exemplify the importance of intelligent user interface design in ensuring an 

efficient experience with the software.

Listed here are some examples of the administrative decisions made by this author 

with regard to user interaction.

■ Semi-colons were used at the end of every calculation and variable 

assignment to avoid printing unimportant information to the screen.

Figure 5.3 Topological order of the network specified in Matlab®
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■ Prior probability input data is output to the screen after it is received so that 

the parameters of the current analysis may be known while the calculations 

are in progress.

■ When the program commences a new section of analysis, a message is 

written to the screen to indicate as much.

■ Resource- and time-intensive parts of the analysis are tracked with a progress 

bar that indicates the current position in the calculation and gives an estimate 

of the time remaining. This ensures that the user is not faced with an 

unresponsive screen with no idea of when the analysis is due to finish or even 

if Matlab® has crashed.

■ When the analysis is complete, preliminary results are formatted and 

displayed to the user with a message indicating that calculations have 

finished.

■ If further processing or visualisation of results is possible, the user is 

provided with instructions on how to accomplish this.

■ Error handling was implemented throughout the code to protect data that has 

not been saved and display more verbose, user-friendly error messages. 

Matlab® errors are typically cryptic, in that they point only to the origin of 

the error and make no indication of why the error occurred or how it might be 

remedied.

5.2.4. Example of single-value analysis with Matlab®

With the work discussed in Section 5.2.3, it is now possible for Matlab® to perform 

a single-value Bayesian analysis. The illustrative example that was carried out with 

Hugin Lite® in Section 5.1.1 will be reprised here to establish the credentials of 

Matlab® and the Bayes Net Toolbox. As the Bayesian network for current deviation 

has already been programmed, the only action required of a user when conducting an 

analysis is to edit the M-file to include case-specific data. Figure 5.4 shows the three 

lines that must be edited to include prior probability data for this example. Note that 

the prior probabilities are identical to the data used in the single-value example 

conducted with Hugin Lite®. Once the expert’s opinion has been hard-coded into the 

M-file in this manner, the program can be executed.
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BNET.CPD{l} = tabular_CPD(BNET, I, [0.25 0.75]); 
bnet.CPD{b} = tabular_CPD(BNET, B, [0.2 0.8]);
BNET.CPD{E} = tabular_CPD(BNET, E, [0.05 0.95]);

Figure 5.4 Editing of the M-file is required for the mock case example

It is also possible with Matlab® to study the effect of hard evidence, and again a very 

simple edit to the code is required to instantiate node B2. After adding the command 

“evidence{B}=l;,, and saving the M-file, the program considers node state B2 

instantiated. Results of these analyses are presented in Section 6.2.

5.2.5. Distribution-based analysis with Matlab®

Until now the use of Matlab® and the Bayes Net Toolbox has been limited to 

replicating the single-value analysis of the Hugin Lite® software. Some of the 

broader mathematical and statistical features of Matlab® are now used to conduct the 

more complex data manipulation necessary for distribution-based analysis. In a 

forensic context, Evett et al [125] used Matlab® in a similar way, applying the Bayes 

Net Toolbox and the beta distribution to the interpretation of DNA evidence.

Introduction of the beta distribution into Matlab® analysis of the Bayesian network 

for current deviation requires that a new M-file be programmed to include the prior 

probability distributions, and account for the new types of input and output data. 

Programming of the network structure and calculations with the Bayes Net Toolbox 

have not changed and can be retained from the work already done earlier in the 

single-value Bayesian analysis with Matlab®. In order to perform calculations with 

the beta distribution, Matlab® requires another add-on package called the Statistics 

Toolbox. Unlike the Bayes Net Toolbox, which is available free on the Internet, the 

Statistics Toolbox must be purchased separately from Mathworks, the authors of 

Matlab®.

As outlined in Section 4.2.3, the input information that is provided by investigators 

now takes the form of a beta distribution for each of the three root nodes in the 

Bayesian network. Each distribution is expressed with a mean and a standard
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deviation. When programming Matlab® for a Bayesian analysis that incorporates the 

beta distributions specified by an investigator, the sequence of events is as follows,

1. For each root node, the investigator specifies a mean and standard deviation 

for a beta distribution that represents his expert belief in the positive node 

state. In practical terms the mean is direct expression of each node’s prior 

probability as a fractional number between 0 and 1, and the standard 

deviation is a measure of the degree of uncertainty in that mean value.

2. From the mean and standard deviation, Matlab® calculates the corresponding 

a and p values and hence constructs a beta distribution for each root node.

3. A random number is generated from each node’s beta distribution and is used 

as the prior probability for a Bayesian analysis.

4. Bayesian analysis is conducted by the Bayes Net Toolbox as per normal, 

producing a final probability for the hypothesis node state CD2.

5. Steps 4 and 5 are repeated a large number of times to eliminate randomness 

from the data. 10,000 repeats are used in this analysis and there are therefore 

10,000 values for the probability of CD2.

6. The mean, standard deviation and other statistical quantities are calculated 

from these 10,000 values to provide an overall view of P(CD2).

Although the behaviour of node state CD2 is our ultimate goal, this process may be 

applied to any node state in the network. The number of repeats is defined by the 

user of the program and involves a trade-off between accuracy and computing time. 

A high number is recommended to reduce the effect of randomness in the data and 

ensure accuracy, however there will occasionally be circumstances where a shorter 

computing time is required and the number of repeats must be lowered. The 

influence of the number of repeats will be discussed further in Chapter 6.

Programming Matlab® for the Bayesian network analysis

Matlab® implementation of the sequential analysis described above requires the use 

of a fundamental programming concept known as a FOR loop, which facilitates the 

repetition of a group of commands a predefined number of times. This construct is
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essential for the repeated use of random numbers from the root node beta 

distributions. Figure 5.5 displays the general form of a FOR loop on the left, and a 

simple example on the right.

for variable = range for p = 1:50
commands disp(‘hello world’)
end end

Figure 5.5 Left: Anatomy of a FOR loop. Right: Example of a FOR loop

Matlab® processes the loop in the order in which it is written: for each value of 

variable specified in the range, Matlab® performs the commands until reaching the 

end. In the example on the right of Figure 5.5,/? takes an initial value of 1, and "hello 

world” is displayed to the screen. Reaching the end, the value of p is incremented 

to 2 and the loop is repeated. When /? reaches 50, “hello world” is printed for the 50th 

and final time before the loop terminates. The variable /? is sometimes known as a 

“counter variable”, and accepts any numerical range with any increment value. There 

is no limit on the number of commands that are performed in each iteration of the 

loop, and it is common for the commands to include further FOR loops, known as 

“nested loops”. Pseudocode7 is used in Figure 5.6 to describe the FOR loop used in 

the Matlab® analysis of the Bayesian network for current deviation.

for values of p from 1 to 10,000
Get random numbers from each root node’s beta distribution 
Assign the random numbers to prior probabilities for I,B,E 

Calculate and store probability of node state CD2

Figure 5.6 Pseudocode representation of the FOR ioop used in Matlab® Bayesian analysis

An outline of a programming task written in standard English. Pseudocode is independent of any 

programming language and can act as a guide for non-programmers or as a map for later 

implementation.
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A flowchart depicting this FOR loop and its place within the entire Matlab® 

Bayesian analysis can be found in Figure 5.7. The first line of the FOR loop has been 

separated into three distinct elements that better clarify the sequence of events, 

beginning with the initialisation of counter variable p to a value of 1. The loop 

continues with a test for whether the counter variable p is within the upper limit of 

10,000 repeats, and, after the commands have been executed, restarts after the 

increment of p in the statement p=p+l.

Analysis concludes with the calculation of mean, standard deviation and other 

statistical data for the 10,000 stored probabilities for the probability of node state 

CD2. These results are returned to the user and the program concludes.
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Figure 5.7

Receive 
node data 

and number 
of repeats

Calculate a and (3 
from the input data

Is p < number 
of repeats?

Return
results

Set counter

Set IB and CD 
probabilities to 
default values

Get random 
numbers from 

Beta distribution

probabilities with 
the random 

numbers

Calculate 
probability of CD2 

and store the 
value

Calculate mean and 
standard deviation 

of all the CD2 values

p = p + 1

Flow chart representation of the Matlab® program that analyses the Bayesian 

network for current deviation
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A GUI for Matlab® analysis of the Bayesian network for current deviation

As part of this research a GUI was written in Matlab® to offer an alternative to the 

command line interface and alleviate the tedium of having to continually edit M-files 

for each analysis. Although it is not as advanced or comprehensive as the interface of 

Hugin Lite®, it significantly reduces the gradient of the Matlab® learning curve, and 

in doing so lessens the gap between the two software packages with regard to ease of 

use. Graphical interfaces were created for the following tasks,

■ Input of data

■ Selection of the type of analysis

■ Saving and loading results

■ Configuration of the program

■ Visualisation of results

Figure 5.8 displays the GUI for the input of data and selection of analysis type, 

which is the most important of the list above because it is with this window that each 

case begins. Decisions regarding the type of analysis are made on the left hand side 

of the window. The panel on the right hand side allows specification of a mean and 

standard deviation for each root node, along with the number of repeats to use for the 

analysis. Error handling is built in to the GUI to ensure that mean and standard 

deviation pairs describe valid beta distributions as outlined in Section 4.2.4. If an 

invalid pair is found, the user is prompted with three options,

■ Automatically correct the mean to its nearest valid value for the current 

standard deviation

■ Automatically correct the standard deviation to its nearest valid value for the 

current mean

■ Manually adjust the values.

Analysis cannot begin until each node has a valid pair of mean and standard 

deviation values.
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) <Student Version> : Input Data for Analysis
Node Data— Analysis 

Beta Distribution

G Single Sensitivity

C Double Sensitivity

----- Information -
Uses the beta distribution to 
calculate mean and standard 
deviation of P(CD2) with the 
values on the right.

No sensitivity analysis is 
performed.

Mean 1 0.5

Standard Deviation 1 0.2887

Mean B 0.5

Standard Deviation B 0.2887

Mean E 0.5

Standard Deviation E 0.2887

Repeats 110000 z\

OK Reset Cancel

Figure 5.8 Matlab® GUI for the input of data and selection of the type of analysis

Figure 5.8 also shows that the default values for the mean and standard deviation of 

each root node are 0.5 and 0.2887, respectively. As described in Section 4.2.3, these 

data are the numerical expression of a uniform distribution and can be used when the 

investigator cannot provide an opinion for a particular type of evidence. For 

example, P(E2) = 0.5 indicates that node states El and E2 are equally likely 

outcomes, and that there is as much as chance as not that sufficient electrolyte 

existed to create a conductive path between the conductors. Using a mean of 0.5 and 

standard deviation of 0.2887 as the default values allows the investigator to begin 

with a "blank*'' opinion and from there enter opinions developed at the fire scene.

The uniform distribution is used in the same way in the application of the beta 

distribution to forensic sampling [108J. The Drugs Working Group of the European 

Network of Forensic Science Institutes (ENFSI) [144] has published sampling 

procedures based on the beta distribution for obtaining a representative sample of 

drug evidence. This document recommends using the uniform distribution for cases 

where the investigator has no prior knowledge about the identity of the drugs in
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question. Curran et al [138] use the uniform distribution in a similar manner for 

selecting representative samples of trace glass evidence.

Use of the beta distribution with Matlab® will now be demonstrated by continuing 

with the illustrative example used previously to show the workings of Hugin Lite® 

and the Bayes Net Toolbox. The first step in this example is to reflect the new input 

data requirements brought about by the addition of the beta distribution. Whereas 

previously it was only necessary to provide a single number for the prior probability 

of each root node, Matlab® now requires a mean and standard deviation for each 

root node. Of these two values, the mean represents the same prior probability as 

specified in previous examples, while the standard deviation quantifies the degree of 

uncertainty associated with that probability. Remember that it is only necessary to 

specify these values for the positive node state; probabilities for the complementary 

negative node state will be calculated automatically by Matlab® in accordance with 

the properties of probability.

Because the mean represents the investigator's opinion of the prior probability, it is 

possible to simply apply the same values used previously in Sections 5.1.1 and 5.2.4. 

The investigator's confidence in these mean values is quantified with the standard 

deviation values in Table 5.2.

In this example it is proposed that a large uncertainty exists for P( 12) and P(E2), but 

that P(B2) is expressed with greater confidence. Nodes I and E therefore have 

relatively large standard deviations, and a lower value is attached to the standard 

deviation node B to reflect the investigator's increased confidence about the mean 

specified for that node. Standard deviations are determined by expressing the 

investigator's opinion as a graphical beta distribution over the expected mean values, 

and then referring to the beta distribution library in Appendix 8.2 for an appropriate 

standard deviation value.

s P(AC) = I - P{A). Refer to the further properties of probability in Section 2.1.5.
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Table 5.2 Input information provided by an investigator for a Bayesian analysis with the beta

distribution

Mean Standard Deviation

12 0.75 0.2

B2 0.8 0.1

E2 0.95 0.15

With the data in Table 5.2, each root node is described by its own beta distribution in 

the form of a mean and a standard deviation. Figure 5.9 displays a graphical 

representation of the beta distribution for each node. Clearly a greater horizontal 

spread corresponds to a wider range of possible values and hence higher uncertainty.

Node 12: /-i = 0.75, a- 0.2 Node B2: ft - 0.3, a= 0.1 Node E2: pi = 0.95, cr= 0.15
15 15 15

10 10 10

3? Sc'

5 5 5
J / \/ \

/ \

0 ____ 0

/ \

_________ =c^l_______ S 0
/

0 0.5 1 0 0.5 1 0 0.5
P(I2) P(B2) B(E2)

Figure 5.9 Graphical representations of the prior probability data

To perform the analysis, these data are entered in the GUI as displayed in Figure 

5.10. Upon pressing “OK”, the calculations begin. Results of this example are 

presented and discussed in Section 6.3 along with a comparison of various levels of 

repeats.
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) <Student Versk>n> : Input Data for Analysis
— Analysis 

Beta Distribution

f Single Sensitivity

Double Sensitivity

Information
Uses the beta distribution to 
calculate mean and standard 
deviation of P(CD2) with the 
values on the right.

No sensitivity analysis is 
performed.

OK

Node Data
Mean I I 0.75

Standard Deviation

Mean B

Mean E

=Jn]xJ

0.2

0.8

Standard Deviation B 0.1

0.85

Standard Deviation E | 0.15

Repeats 110000

Reset Cancel

Figure 5.10 Matlab® GUI with data for a beta distribution analysis of the mock case example

5.3. Sensitivity analysis

5.3.1. Reasons for performing sensitivity analysis

Incorporating the beta distribution into the Matlab® Bayesian network analysis 

expands the amount of practical information available to the investigator by 

modelling expert uncertainty with standard deviation. Despite this improvement over 

a plain single-value Bayesian analysis, the amount of information it provides remains 

restricted to a very isolated set of circumstances, namely those specifically encoded 

in the prior probabilities. For example, to determine the effect on P(CD2) of a 0.2 

increase in the prior probability of node state E2 it would be necessary to modify the 

probability and repeat the analysis. If one wanted to examine the effect of several 

different changes in a node's prior probability, it would require a slow and tedious 

process of continually changing input data and repeating the calculations. Even then, 

it is a cumbersome task to compile and compare the resulting data. Sensitivity 

analysis provides an efficient solution to this problem by systematically altering prior
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probability data for any chosen node(s) and then measuring the response of the 

hypothesis node CD2 [145]. In this way the expert has information regarding a range 

of hypothetical situations rather than just one isolated case. Sensitivity analysis is a 

general technique that can be applied to any mathematical model [83].

Knowing the sensitivity of the hypothesis to each type of physical evidence can be 

useful in deciding how to direct the on-scene investigation [108]. If the sensitivity 

analysis reveals that the hypothesis node state is particularly sensitive to one type of 

evidence, a decision can be made to apply greater resources to determining a prior 

probability that is as accurate as possible [146]. Conversely, a type of evidence to 

which the hypothesis is relatively insensitive may be deemed unworthy of time 

consuming and/or expensive investigation.

While a Bayesian network depicts dependencies with directed arcs between nodes, 

sensitivity analysis creates a more detailed portrait of the conditional relationship 

between on-scene evidence and the ultimate hypothesis. Analysis is conducted at a 

low level, tracking the influence of both mean and standard deviation. With these 

comparisons it possible to see, for instance, how the uncertainty associated with a 

root node affects the uncertainty in the hypothesis node, or whether there is a 

relationship between the root node means and the uncertainty of the hypothesis node.

5.3.2. Types of sensitivity analysis

Matlab® analysis of the Bayesian network for current deviation allows two types of 

sensitivity analysis, which differ only in the number of root nodes to which the 

sensitivity of the hypothesis node is measured. ‘'Single sensitivity" mode calculates 

the sensitivity of the probability of node state CD2 to that of a single root node 

specified by the investigator. A more extensive analysis, referred to herein as 

“double sensitivity", measures the sensitivity of P(CD2) to the probability of two root 

nodes and presents the data in three-dimensional graphs. Although this latter mode 

offers a very informative sensitivity study, it incurs significantly higher computing 

costs that will likely inhibit its regular use. These methods have also been referred to 

as “one-w?ay" and “two-way" sensitivity analyses, respectively [83, 96]. It is

128



5. Software Analysis

theoretically possible to conduct a sensitivity analysis on three nodes simultaneously, 

although such a task is complicated by computational resources and interpretation 

difficulties.

5.3.3. Sensitivity analysis with Matlab®

Sensitivity analysis methodology involves making a series of slight alterations to the 

mean and standard deviation values specified by the investigator, in order to create 

new hypothetical situations. Analysis of these situations creates a broad picture of the 

sensitivity of CD2 to the chosen root node(s). Unlike the beta distribution, the 

introduction of sensitivity studies to the Matlab® Bayesian analysis requires no new 

types of input data from the investigator other than specification of the node(s) 

against which CD2 will be examined. Let us say for the sake of this discussion that 

the investigator has decided that a single sensitivity analysis will be performed on 

node B.

Sensitivity analysis is conducted separately on the mean and standard deviation of 

node state B2. in that order. The process for the mean is as follows,

1. The standard deviation of B2 is fixed to the value specified by the 

investigator.

2. The mean of B2 is set to the minimum value in the allowable range for the 

specified standard deviation. '

3. The mean and standard deviation of node state CD2 are calculated through a 

Bayesian analysis with the beta distribution.

4. An increment of 0.05 is made to the mean of B2, and data for CD2 are 

calculated again.

5. The mean of B2 is increased by 0.05, and data for CD2 are calculated.

6. This continues until the mean reaches its maximum acceptable value.

The results comprise many mean and standard deviation pairs for node state CD2, 

each pair corresponding to a slightly different mean for B2. After this, the mean of

Refer to the depiction of acceptable mean ranges for each standard deviation in Figure 4.8.
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B2 is returned to its original value and sensitivity analysis for the standard deviation 

is conducted in exactly the same way. This second part of the analysis differs only in 

that the mean that remains fixed and the standard deviation is altered. Beginning at a 

value of 0.01, the standard deviation is incremented by margins of 0.01 until its 

maximum value is reached. Once more, the analysis results comprise several pairs of 

mean and standard deviation for the hypothesis node state CD2. These data will be 

graphed to provide a visual indication of their sensitivity to the chosen root node.

Double sensitivity analysis follows the same premise outlined above, but requires an 

extra dimension of analysis. Assume that the investigator wishes to conduct a double 

sensitivity analysis with root nodes B and E. It is possible to simply restate the single 

sensitivity steps to accommodate the extra node,

1. The standard deviations of B2 and E2 are fixed.

2. The mean of B2 is set to the minimum value in the allowable range for the 

specified standard deviation.10

3. The mean of E2 is set to its minimum value.

4. The mean and standard deviation of node state CD2 are calculated through a 

Bayesian analysis with the beta distribution.

5. The mean of B2 remains fixed, while an increment of 0.05 is applied to the 

mean of E2 and new values for the mean and standard deviation of CD2 are 

calculated.

6. The mean of E2 is increased by 0.05 again, and data for CD2 are calculated.

7. This continues until the mean of E2 reaches its maximum acceptable value.

8. At this point, the mean of B2 is increased by 0.05 and the process begins 

again at step 3.

9. When B2 reaches its maximum value, the analysis is complete.

After this process has run its course, each mean of B2 will have been combined with 

the entire range of E2 mean values. Results comprise mean and standard deviation

10 Refer to the depiction of acceptable mean ranges for each standard deviation in Figure 4.8.
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pairs for CD2 based on every possible combination of the means of B2 and 

E2. Figure 5.11 demonstrates this concept for the first two mean values of B2.

mean mean mean
A E2 
mean meanmean

Minimum B2 
mean + C 05

Minimum B2 
mean

Figure 5.11 Combination of two nodes in double sensitivity analysis

As was the case earlier, implementation of the double sensitivity analysis for 

standard deviation is almost identical to the process for the mean, and requires only 

minor adjustments.

Matlab® Programming

Introduction of sensitivity analysis to the research heralds significant changes to the 

structure of the program, made necessary chiefly by the large number of repeated 

Bayesian analyses. An efficient method to accommodate this is to split the Matlab® 

M-file into two separate files, each with a dedicated purpose. The main M-file retains 

the commands that define the Bayesian network for current deviation, but also takes 

on the new task of managing sensitivity analyses. This involves incrementing the 

mean and standard deviation as required and passing the updated values to a 

secondary script for Bayesian analysis. The sole job of this secondary script is to 

conduct the Bayesian analysis using the beta distribution and return the results to the 

main program.

In addition to providing an efficient solution to the key task of performing large 

numbers of repeated Bayesian analyses, this structural separation of the Matlab® 

program also has advantages for user interaction with the code. It is significantly 

easier to read and edit two smaller, shorter programs each with a dedicated purpose 

than to try and follow the flow of information in one large and unwieldy file that 

attempts to do everything.
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Automation of the types of calculations depicted in Figure 5.11 is accomplished with 

a more advanced application of the FOR loop. The cyclical nature of the analysis 

process, to which a FOR loop is best suited, is already evident in the above step-by

step descriptions of the single and double sensitivity analyses. Whereas the FOR loop 

used with the beta distribution employed counting increments of 1, it is now 

necessary to adjust this margin to 0.05 and 0.01 for mean and standard deviation 

respectively. The values between which the loop operates is determined by the 

ranges displayed in Figure 4.8. As such, FOR loops associated with the mean require 

specification of both a minimum and maximum value, whereas the lower limit for 

standard deviation is fixed at 0.01 and only its maximum is restricted. The 

programmatic structure of the single sensitivity analysis is presented as pseudocode 

in Figure 5.12 and as a flow chart in Figure 5.13.

for mean values from minimum to maximum
Calculate /j and a of P(CD2) with Bayesian analysis 
Increment /j by 0.05

end

Reset /j to its original value

for standard deviation values from 0.01 to maximum
Calculate fj and a of P(CD2) with Bayesian analysis 
Increment a by 0.01

end

Figure 5.12 Pseudocode representation of the FOR loops used in single sensitivity analysis
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Single 
Sensitivity 
analysis of 
the mean

Is f, s maximum?

Bayesian
Analysis

Is n < maximum?

Bayesian
AnalysisSingle 

Sensitivity 
analysis of the 

standard 
deviation

Increment 
mean by 0 05

Reset mean tc 
original value

Set mean to its 
minimum value

Single
Sensitivity

Increment 
standard 

deviation by 0 01

Set standarc 
deviation to 0 01

Figure 5.13 Flow chart depicting the programmatic structure of single sensitivity analysis
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It is also important to note that while the FOR loop for a single sensitivity analysis is 

relatively straightforward, a slightly more complicated implementation is required 

for a double sensitivity analysis. To accommodate the extra dimension, double 

sensitivity analysis requires the use of nested FOR loops that ensure Bayesian 

analysis is conducted for every possible combination of the two nodes. Double 

sensitivity analysis is described in Figure 5.14 with pseudocode and in Figure 5.15 

with a flow chart.

for values of //j from minimum to maximum
for values of /.j2 from minimum to maximum

Calculate // and a of P(CD2) with Bayesian 
analysis
Increment /j2 by 0.05

end
Increment (Ji by 0.05

end

Reset to its original value

for values of Hi from 0.01 to maximum
for values of a2 from 0.01 to maximum

Calculate fj and a of P(CD2) with Bayesian 
analysis
Increment cr2 by 0.05 

end
increment (Ji by 0.05

end

Figure 5.14 Pseudocode representation of the nested FOR loops used in double sensitivity

analysis
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the mean
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Figure 5.15 Flow chart depicting the programmatic structure of double sensitivity analysis
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5.3.4. Example of sensitivity analysis with Matlab®

The illustrative example discussed in Section 5.2.5 will now be extended to 

demonstrate a single sensitivity analysis. No new information is required of the 

investigator beyond specifying the root node to which the sensitivity of CD2 will be 

examined. In this case, the single sensitivity analysis will target node B, providing 

information on how the probability of suitable current deviation conditions is 

affected by changes in the investigator's opinion of the danger to electrical insulation 

in the environment. Note that node I would produce numerically identical results to 

node B due to the symmetry in the Bayesian network for current deviation.

Figure 5.16 displays the Matlab® window within which prior probability data is 

specified along with the type of analysis to be performed. A single sensitivity 

analysis requires the selection of a single target node in the lower-left area of the 

window, while a double sensitivity analysis requires that two nodes be checked.

) <Student Versk>n> : Input Data for Analysis
------ Analysis -

G Beta Distribution

(* Single Sensitivity

G Double Sensitivity

------ Information -
Analyses the sensitivity of 
P(CD2] to the mean and 
standard deviation of one 
root node.

Select the node to analyse:

r i (* b r e

Node Data

Mean 1 0.75

Standard Deviation 1 0.2

Mean B 0.8

Standard Deviation B 1 °-1

Mean E 0.95

Standard Deviation E 0.15

Repeats 110000

OK Reset Cancel

Figure 5.16 Matlab® GUI with data for a single sensitivity analysis
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The generalised flow chart in Figure 5.13 has been updated to reflect this example 

and can be found in Figure 5.17. For a standard deviation of 0.1, the acceptable mean 

range according to Figure 4.8 is 0.0101 - 0.9899, so it is between these values that 

the single sensitivity analysis for the mean will be conducted. A mean of 0.8 does not 

impose any upper limit on the range of acceptable standard deviation values, so the 

second half of the single sensitivity analysis will occur over the range 0.01 - 0.3.

Full results to this analysis can be found in Section 6.4. The example has also been 

extended to a double sensitivity analysis with nodes B and E, the results of which can 

be found in Section 6.5. Both sections feature an in-depth study of the effect of the 

number of repeats.
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Figure 5.17 Flow chart of a single sensitivity analysis for the mock case example
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6. Results and Discussion

A continuing illustrative example was used throughout Chapter 5 to demonstrate the 

roles and requirements of Hugin Lite® and Matlab® in analysing the Bayesian 

network for current deviation. The results of these examples will now be presented.

6.1. Single-value analysis with Hugin Lite®

Despite not offering the kind of raw access to data that is possible with Matlab®, 

Hugin Lite® is a full-featured and well-respected software package for working with 

Bayesian networks. Its graphical user interface makes it particularly suited for tasks 

such as network design, implementation and testing, which was the extent of its use 

in this research.

An illustrative example was used in Section 5.l.l to demonstrate the core capability 

of the Hugin® software. A two-step analysis was performed, firstly studying a case 

in which hard evidence was unavailable, followed by a case in which the investigator 

did have firm evidence to provide the network. The investigator's opinion of the on

scene evidence was quantified in prior probabilities that have been restated in fable

6.1.

Table 6.1 Prior probabilities for root nodes in the illustrative example

P(I1) 0.25

P(I2) 0.75

P(BI) 0.2

P(B2) 0.8

P(E1) 0.05

P(E2) 0.95

After entering the conditional and prior probabilities and executing the network, the 

Hugin® display switches to the view shown in Figure 6.1. A graphical representation 

of the Bayesian network for current deviation is accompanied by “monitor windows'’ 

that use horizontal bar graphs to depict probabilities for each node. The probability 

that suitable conditions existed for current deviation is shown by Hugin® to be 0.57, 

as seen in the probability of node state CD2 in Figure 6.1.
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Figure 6.1 Hugin Lite® 6.4 after the network has been executed

The second stage of the analysis now demonstrates how it is possible to instantiate 

one or more node states from this window and immediately witness that “evidence" 

propagate throughout the network. Evidence is entered with a simple mouse-click on 

the node state that has been directly observed. Figure 6.2 shows the instantiation of 

node state Bl, indicative of the investigator's certainty that there was no threat to the 

insulation in the environment of the conductor. This information propagates 

immediately to node IB: with an updated probability of 100.0, node state IB1 is now 

a certainty and its complementary node state IB2 is an impossibility. Hypothesis 

node CD is similarly revised in light of the new evidence and its posterior 

probabilities reflect the fact that, because an insulation breakdown cannot occur 

without a threat to insulation, conditions for current deviation do not exist.
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Figure 6.2 The updated Bayesian network after node state IB l has been instantiated

This is the extent to which Hugin Lite® has been used in this research. The 

likelihood that suitable conditions for current deviation existed at the fire scene is 

expressed as a pair of complementary probabilities for node states CD1 and CD2. Of 

this pair, the latter state CD2 is the most commonly referenced in this research, 

because it is more natural to think in terms of the positive node state, i.e. the 

probability that conditions for current deviation did exist. As complementary 

probabilities, however, the probability of one node state is no more informative than 

the other.

6.2. Single-value analysis with Matlab®

Preliminary use of Matlab® in this research applied the Bayes Net Toolbox to a 

direct recreation of the functionality provided by Hugin Lite®. While the new results 

are mathematically identical to those calculated by Hugin Lite®, there are significant
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differences between the programs, most obviously in the analysis process and their 

user interfaces.

The single-value illustrative example used with Hugin Lite® above was also 

analysed with Matlab® in Section 5.2.4 as a study of the differences between of the 

two programs. In order to provide a complete comparison with Hugin Lite®, results 

of Matlab® analyses with and without hard evidence will be presented here. Table 

6.2 restates the prior data used for root nodes I, B and E.

Table 6.2 Prior probabilities for root nodes in the illustrative example

P(I1) 0.25

P(I2) 0.75
P(E1) 0.05

P(E2) 0.95
P(B1) 0.2

P(B2) 0.8

Figure 6.3 shows the text-based Matlab® screen output of a single-value Bayesian 

analysis in which no evidence was entered. Each node is identified by name, along 

with the probabilities of its true and false node states (for example, 12 and II, 

respectively). Comparison of these results will find them to be exactly equal to those 

shown in the Hugin Lite® window of Figure 6.1. Hugin® clearly has the more 

intuitive interface and presents results in a more appealing style than Matlab®.
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ans =

name: 'insulation Type' 
false: 0.2500 
true: 0.7500

ans =

name: 'Breakdown Type' 
false: 0.2000 
true: 0.8000

ans =

name: 'insulation Breakdown' 
false: 0.4000 
true: 0.6000

ans =

name: 'Electrolyte' 
false: 0.0500 
true: 0.9500

ans =

name: 'Current Deviation' 
false: 0.4300 
true: 0.5700

Figure 6.3 Matlab® results of the illustrative example prior to entering evidence

The second part of this example involves the instantiation of node state Bl. Unlike 

the convenient mouse-click required by Hugin®, the instantiation of Bl in Matlab® 

involves a manual edit of the M-file and a repeat analysis. Figure 6.4 displays the 

results after propagation of the new evidence, which are again identical to those 

calculated by Hugin Lite® in Figure 6.2.
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ans =

name: 'Insulation Type'
fal se 0.2500
true: 0.7500

ans =

name: 'Breakdown Type'
fal se 1
true: 0

ans =

name: 'Insulation Breakdown'
fal se 1
true: 0

ans =

name: 'Electrolyte'
fal se 0.0500
true: 0.9500

ans =

name: 'Current Deviation'
fal se 1
true: 0

Figure 6.4 Matlab® results of the illustrative example, after instantiation of node state B1

Matlab® analysis of this brief example establishes the credentials of the Bayes Net 

Toolbox, which has yielded results that are exactly equal to those calculated by 

Hugin Lite®. Although the process of analysis and the presentation of results are 

vastly different between the two software packages, it is now possible to proceed 

with more advanced Matlab® analysis with the knowledge that the underlying
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mathematics and Bayesian credentials of the Bayes Net Toolbox have been proven 

alongside a commercial program such as Hugin Lite®.

6.3. Distribution-based analysis with Matlab®

With the introduction of the beta distribution into the Matlab® Bayesian analysis, the 

investigator is now able to quantify uncertainty by specifying a standard deviation 

for each root node. In accordance with the earlier statement regarding the 

complementary nature of binary node states, all discussion henceforth will centre on 

the positive node states. It is also prudent to note that, because the investigator 

provides an opinion on the positive node state, and the standard deviation is a 

measure of the confidence in that opinion, standard deviation values are affiliated 

specifically with the positive node state. If the investigator was to instead provide an 

opinion on the negative node state, the standard deviation would be a measure of the 

uncertainty associated with that value.

As outlined in Chapter 5.2, analyses with the beta distribution are based on a series 

of 10.000 repeated experiments and therefore require discussion of statistical 

measures such as the mean and standard deviation of the probability of node state 

CD2. A random variable X is used to denote P(CD2) to simplify discussion of these 

cumbersome terms. X therefore represents the probability that conditions for current 

deviation existed at the fire scene and is always our prime hypothesis.

Repeating the parameters of the example outlined in Section 5.2.5, the investigator’s 

input data are shown in fable 6.3, modified to include the new information made 

necessary by the distribution-based analysis: a standard deviation that represents the 

degree of uncertainty attached to each node’s mean value.
Table 6.3 Prior probability data provided by the investigator

Mean Standard Deviation

P(I2) 0.75 0.2

P(B2) 0.8 0.1

P(E2) 0.95 0.15
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As the analysis commences, Matlab® echoes the input data provided by the 

investigator and the number of repeats that will be used. Following these statements 

are results for X in the form of a mean, standard deviation and other statistical values. 

The program exits after a notification of completion and a statement of the analysis 

duration. Matlab® screen output may be seen in Figure 6.5.

» Data accepted:
Mean I: 0.75
Standard Deviation i: 0.2
Mean b: 0.8
Standard Deviation b: 0.1
Mean E: 0.95
Standard Deviation E: 0.15
Repeats: 10000

» Bayesian Analysis
» Results:
Mean of X: 0.56898
95% Confidence Interval of the Mean of X: 0.55927-0.57869
Standard Deviation of X: 0.19362
95% of X values fall in the interval: 0.13829 - 0.87809
66.58% of x values are greater than 0.5.

» Program finished.
» Total time taken: 6.5806 minutes.

Figure 6.5 Matlab® results of a distribution-based Bayesian analysis

A distribution-based Bayesian network analysis introduces new statistical 

information into the results. The mean and 95% confidence interval both represent 

the '‘sample’' mean, which is based on 10,000 experiments. These two figures 

provide an estimate of the ‘'population" mean, or the true theoretical value, which 

could only be calculated if the number of repeats was infinity. The mean of X is 

therefore a “point estimate" of the true mean and is found here to be 0.56898. It is 

this number that can be conveniently used by investigators as the answer to the 

analysis: the probability that conditions existed for current deviation is 0.56898.
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Although the point estimate acts as a useful single figure for the mean of X, it 

provides no indication of its own accuracy or proximity to the true mean. In contrast, 

the 95% confidence interval is an “interval estimate” of the true mean and indicates 

by its width the accuracy of the estimate. In this example, the investigator can say 

with 95% confidence that the true mean of X lies within the range 0.55927 - 

0.57869. A smaller range clearly means that the point estimate is more accurate. A 

confidence interval of 0.45 - 0.65, for instance, spans a much wider range of 0.2 and 

in doing so indicates that the analysis is relatively inaccurate.

Standard deviation provides information on the degree of spread of X values and its 

implications are most easily visible in a graphical representation of the results. The 

relationship between standard deviation and the form of a beta distribution was 

discussed in Section 4.2.1.

Figure 6.6 presents 10,000 X values in a histogram. The tail of the curve is skewed to 

the left and its peak is positioned in accordance with the sample mean of 0.56898. 

Although the 95% confidence interval quoted above refers specifically to the mean 

ofXand therefore makes no significant statement about Figure 6.6, it is possible with 

Matlab® to derive other statistics about the histogram. Figure 6.5 shows the program 

to have calculated, for example, that 95% of all X values fall within the range 

0.13829-0.87809 and that approximately 66% of A values are over 0.5. This latter 

statistic means that in 66% of cases node state CD2 is more likely than CD1, or, in a 

practical sense, that conditions for current deviation are twice as likely to have 

existed as not.

Despite the skewed bell-curve shape of the histogram in Figure 6.6, one cannot 

assume that data for X follow' a beta distribution. To prove such a conclusion is a 

complex task beyond the scope and requirements of the current application, so 

instead a visual comparison is made by overlaying a beta distribution constructed 

with the mean and standard deviation of the 10,000 X values. Although this visual 

comparison does not constitute mathematical proof, the coincidence of the two 

graphs in this and other examples permits an informal conclusion that X may follow 

a beta distribution.
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Histogram of X values

6.3.1. Uniform distribution

Section 5.2.5 described the role of the uniform distribution in specifying situations 

where, for whatever reason, the investigator is unable to provide a prior probability. 

An interesting outcome can be found by analysing a hypothetical case in which every 

root node is defined by a uniform distribution. Results to this case are presented in 

Figure 6.7.

As described in Section 5.2.5, a uniform distribution is defined by the special case in 

which a - /? = 1. This case is equivalent to a mean of 0.5 and a standard deviation of 

0.2887, and these values are applied to each root node to indicate that no opinion is 

expressed regarding the evidence.
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» Data accepted:
Mean I: 0.5
Standard Deviation I: 0.2887 
Mean B: 0.5
Standard Deviation B: 0.2887 
Mean E: 0.5
Standard Deviation E: 0.2887 
Repeats: 10000

» Bayesian Analysis 
» Results:
Mean of X: 0.12501
95% Confidence Interval of the Mean of X: 0.11853- 0.1315 
Standard Deviation of X: 0.14582
95% of X values fall in the interval: 0.00063181- 0.53873 
3.3% of X values are greater than 0.5.

» Program finished.
» Total time taken: 6.6714 minutes.

Figure 6.7 Matlab® results of an analysis in which each root node was represented by a

uniform distribution

The mean of X, representing the probability that conditions existed for current 

deviation, is found here to be approximately 0.125. This result means that, with no 

information regarding the probability of the different types of evidence, conditions 

for current deviation are only 12.5% likely to exist. This is in contrast to the typical 

approach to fire investigation, which is that any type of ignition is initially 

considered just as likely to have occurred as not occurred - equivalent to a 

probability of 0.5. The low starting probability reflects the delicate balance that is 

required of the three types of evidence before conditions for current deviation are in 

place. Figure 6.8 displays graphically the distribution of X values in this example, 

and adds further emphasis to the numerical results in Figure 6.7.
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6.3.2. Effect of the number of repeats

With a distribution-based Bayesian analysis now fully functional, it is possible to 

explore the effect of the number of repeats used in the analysis. Although it is clear 

that greater accuracy is obtained with an increase in the number of repeats, it is 

important to have a practical sense of this relationship as it has a direct effect on the 

analysis time. Duration will become more important when conducting sensitivity 

analyses, which require significantly more calculations than the analysis currently 

under discussion. A comparison is made here between four repeat levels: 100, 1,000, 

10,000 and 100,000, for which data are shown in Table 6.4." The comparison is 

based on the illustrative example discussed throughout this chapter.

'1 All calculations in this research were performed on a PC with an AMD XP 2000+ CPU and 5 12MB 

RAM running Windows XP. Because the Matlab Bayesian calculations are extremely processor 

intensive, a faster CPU would achieve shorter analysis durations than those presented throughout this 

chapter.
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Table 6.4 Effect of the number of repeats on various statistical measures in a distribution-

based Bayesian analysis

Repeats Duration Mean X 95% Cl Width of 
95% Cl

Std. Dev. of 
Mean of X

100 4.33 sec 0.616 0.521 -0.711 0.19 0.0486

1,000 42.9 sec 0.568 0.538 - 0.599 0.061 0.0157

10,000 6.58 min 0.569 0.559 - 0.579 0.02 0.0050

100,000 69.4 min 0.569 0.567 - 0.573 0.006 0.0016

Analysis duration is the most notable item in this comparison. A tenfold increase the 

number of repeats results in a roughly tenfold increase in the analysis duration. 

Increasing the number of repeats to 100,000 requires just less than 70 minutes, which 

is beginning to exceed the acceptable limits for a real-time on-scene analysis. A 

duration of just over 7 minutes with 10,000 repeats makes this level more convenient 

and suitable for on-scene work.

Another consequence of increasing repeat numbers can be seen in the widths of the 

95% confidence intervals - with each tenfold increase in the number of repeat 

analyses, the confidence interval becomes progressively shorter as X values become 

more concentrated about the mean. This is also refected in the decreasing values of 

the standard deviation of the mean of X. If repeat numbers were increased 

indefinitely, the upper and lower limits of the 95% confidence interval would 

converge on the mean, which itself would approach its ‘"true" value (0.57 in this 

example). However, in addition to the excessive analysis times, such an increase 

would also lead to a situation of quickly diminishing returns: comparison of the 

10,000 and 100,000 analyses show' that the 95% confidence interval was only 

shortened by a margin of0.014. Such small improvements in accuracy have no 

practical impact on a fire investigation.

At a runtime of approximately 7 minutes and a 95% confidence interval with width 

shorter than 0.02, 10,000 repeats is considered to be a satisfactory compromise 

between accuracy and speed. There is no significant benefit to warrant increasing the 

number of repeats to 100,000.
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6.4. Single sensitivity analysis

Section 5.3.4 demonstrated the steps and information required of an investigator to 

perform a single sensitivity analysis with node B. Results of that analysis will now be 

presented. Matlab® screen output of this example can be seen in Figure 6.9, and the 

input data confirms that the analysis is based on the same prior probability values 

used for the continuing example throughout this chapter.

» Input Data:
Mean I: 0.75
Standard Deviation I: 0.2 
Mean B: 0.8
Standard Deviation B: 0.1 
Mean E: 0.95
Standard Deviation E: 0.15 
Repeats: 10000

» Results:
Mean of X: 0.57194
95% Confidence Interval of the Mean of X: 0.56224 - 0.58164 
Standard Deviation of X: 0.19353
95% of X values fall in the interval: 0.027576 - 0.9753 
61.65% of X values are greater than 0.5.

» Program finished.
» Total time taken: 271.2188 minutes.

» Single Sensitivity analysis with node b:
» Type "cdev_results" to plot results.

Figure 6.9 Matlab® screen output of a single sensitivity analysis

At this stage, results of the single sensitivity analysis do not appear significantly 

different from earlier, simpler incarnations of the Matlab® program: presented first 

are the input data followed by beta distribution results, which consist of the usual 

mean, confidence interval and other statistical values. Unique to the sensitivity 

analyses is the prompt for the user to enter the 'Adev.results” command, 

whereupon the results of the sensitivity analysis will be presented graphically.
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Sensitivity of X to a range of different node B-related factors can be visualised in a 

series of graphs,

■ SSI: Sensitivity of the mean of X to the mean of P(B)

■ SS2: Sensitivity of the mean of A to the standard deviation of P(B)

■ SS3: Sensitivity of the standard deviation of A to the mean of P(B)

■ SS4: Sensitivity of the standard deviation of X to the standard deviation of P(B)

These comparisons have been labelled SSI through SS4 for easy reference and are 

graphed in Figure 6.10 through Figure 6.13. All graphs depict analyses conducted 

with 10.000 repeats.

Sensitivity of the Mean of X to the Mean of P(B)

Mean of P(B)

Figure 6.10 Comparison SSI: Sensitivity of the mean of A to the mean of P(B). Error bars depict 

95% confidence intervals

Figure 6.10 presents the sensitivity of the mean of X to changes in the mean of the 

probability of node B. The asterisk denotes the position of the original case data
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entered by the investigator: a mean of P(B) equal to 0.8 and an Xmean of 0.5709. All 

other marks on the graph represent hypothetical case situations that illustrate how the 

mean of X reacts to the mean of P(B). The standard deviation of P(B) has been kept 

constant at 0.1 for all hypothetical cases, and the range of mean values was 

determined from Figure 4.7 to be 0.0101 - 0.9899. The sensitivity graph in Figure 

6.10 clearly shows that the mean of X has a positive linear relationship with the 

mean of node P(B), and that an increase in the P(B) value expressed by the 

investigator has a corresponding increase in the mean of X. Increased belief in the 

threat to insulation means that conditions for current deviation are more likely. The 

analysis also demonstrates that the mean of X does not exceed approximately 0.7 

regardless of the belief in P(B).

Sensitivity of the Mean of X to the Standard Deviation of P(B)

KE-EE IE-S-I I1

C 05

0.15
Standard Deviation of P(B)

Figure 6.11 Comparison SS2: Sensitivity of the mean of A to the standard deviation of P(B)

Sensitivity of the mean of X to the standard deviation of P(B) is displayed in Figure 

6.11. Similar horizontal graphs result from sensitivity analyses conducted with the 

other two root nodes, indicating that changing the standard deviation of a root node
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does not affect the mean of X. In practical terms, this means that the degree of 

uncertainty associated with the investigator’s opinion of the three types of evidence 

does not influence the final probability that conditions existed for current deviation. 

This is not to say that uncertainty associated with the root nodes does not influence 

the uncertainty associated with the final probability, i.e. the standard deviation of X, 

as shall be seen in Figure 6.13.

Sensitivity of the Standard Deviation of X to the Mean of P(B)

0.25 -

5 0.15 -

0.05 -

05
Mean of node P(B)

Figure 6.12 Comparison SS3: Sensitivity of the standard deviation of CD2 to the mean of 

node B

The influence of the mean of P(B) on the standard deviation of X exemplifies the 

type of unexpected relationships that can be revealed with a sensitivity analysis. 

Figure 6.12 indicates that higher root node probabilities lead to higher values of 

standard deviation for X. With regard to the practical quantities under discussion, this 

means that, as the investigator thinks the three root nodes are more likely, there is an 

increase in the uncertainty associated with the probability that conditions for current 

deviation existed. At low values of the P(B) mean this relationship appears
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exponential, although higher values become more linearly related to the standard 

deviation of X.

Sensitivity of the Standard Deviation ofYto the Standard Deviation of P(B)

0 25 -

0.15
Standard Deviation of P(B)

Figure 6.13 Comparison SS4: Sensitivity of the standard deviation ofT to the standard deviation 

of node B

The relationship between the standard deviations of P(B) and hypothesis node X is 

depicted in Figure 6.13 and appears to be approximately exponential. Therefore, as 

expert uncertainty associated with the scene evidence becomes greater, the 

uncertainty associated with the likelihood of current deviation conditions also 

increases, and does so at a progressively faster rate.

6.4.1. Effect of the number of repeats

Section 6.3.2 compared the relationship between analysis duration and the number of 

repeats in a beta distribution-based Bayesian analysis. It was shown that, even with 

10.000 repeats, computation times remained quite low at approximately 7 minutes.
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Significantly more calculations are required in a sensitivity analysis, placing greater 

importance on the relationship between the number of repeats and the analysis 

duration.

The effect of 100, 1,000 and 10,000 repeats on a single sensitivity analysis will be 

examined here in the same manner as they were in Section 6.3.2. Table 6.5 shows 

that a tenfold increase in the number of repeats once again leads to an approximately 

tenfold increase in analysis duration.

Table 6.5 Effect of the number of repeats on the analysis duration of a single sensitivity

analysis

Repeats Duration (min)

100 2.76

1,000 27.18

10,000 271.22

In addition to measuring the analysis duration, a comparison will also be made 

between the form and smoothness of the sensitivity graphs produced at each repeat 

level. Figure 6.14 shows the gradual improvement in comparisons SSI and SS2 as 

the number of repeats is increased from 100 to 1,000 and finally to 10,000. Figure 

6.15 provides a similar overview of the remaining two single sensitivity 

comparisons, SS3 and SS4.
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6. Results and Discussion

Sensitivity of the Mean of X 
to the Mean of P(B)

100 repeats

0.4 0.6
Mean of P(B)

Sensitivity of the Mean of X 
to the Standard Deviation of P(B) 

100 repeats

Standard Deviation of P(B)

1,000 repeats 1,000 repeats

0.4 0.6
Mean of P(B) Standard Deviation of P(B)

10,000 repeats

0.4 0.6
Mean of P(B)

10,000 repeats

Standard Deviation of P(B)

Figure 6.14 Single sensitivity comparisons SSI (left column) and SS2 (right column) showing 

the effect of the number of repeats
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6. Results and Discussion

Sensitivity of the Standard Deviation of X 
to the Mean of P(B)

100 repeats

0.4 0.6
Mean of P(B)

Sensitivity of the Standard Deviation of X 
to the Standard Deviation of P(B)

100 repeats

0.1 0.2 
Standard Deviation of P(B)

1,000 repeats 1,000 repeats

0.4 0.6
Mean of P(B) Standard Deviation of P(B)

10,000 repeats 10,000 repeats

Standard Deviation of P(B)
0.4 0.6
Mean of P(B)

Figure 6.15 Single sensitivity comparisons SS3 (left column) and SS4 (right column), showing 

the effect of the number of repeats.
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Increasing the number of repeats has consistent results across each of the four single 

sensitivity comparisons. All graphs become smoother and less jagged, even the 

relatively featureless horizontal line of comparison SS2. 95% confidence intervals in 

all graphs become smaller with a higher number of repeats, reflecting the fact that 

there is less uncertainty about the true value of the mean of X. Overall this study 

indicates that, time permitting, single sensitivity analyses should be conducted with 

10,000 repeats to achieve the most accurate results. However, if the analysis is to be 

performed at the scene, it is unlikely that the investigator would accept the 4.5 hours 

required for 10,000 repeats to complete. Fortunately, 1,000 repeats are clearly still 

capable of providing an idea of shape of the graph and the relationship between the 

respective quantities. Its 30 minute duration also makes it much more suitable to on

scene work.

6.5. Double sensitivity analysis

Figure 6.16 shows Matlab® results of the double sensitivity analysis example 

presented in Section 5.3.4. The input data used for this example are consistent with 

earlier examples presented throughout this chapter.
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» input Data:
Mean i: 0.75
Standard Deviation I: 0.2 
Mean B: 0.8
Standard Deviation B: 0.1 
Mean E: 0.95
Standard Deviation E: 0.15 
Repeats: 1000

» Results:
Mean of X: 0.56507
95% Confidence Interval of the Mean of X: 0.53434-0.5958 
Standard Deviation of X: 0.19679
95% of X values fall in the interval: 0.048993 - 0.97564 
63.2% of x values are greater than 0.5.

» Program finished.
» Total time taken: 444.7799 minutes.

» Double Sensitivity analysis with nodes B and E:
» Type "cdev_results" to plot results.

Figure 6.16 Matlab® screen output from a double sensitivity analysis

Once again, this display follows the template set forth by earlier analyses. In the 

same manner as a single sensitivity analysis, the Bayesian results are followed by a 

notice of the two nodes that have been analysed and further instructions for the user. 

Graphical results are invoked with the “cdev_results‘* command, and visualise the 

following relationships,

■ DS1: Sensitivity of the mean of X to the means of P(B) and P(E)

■ DS2: Sensitivity of the mean of X to the standard deviations of P(B) and P(E)

■ DS3: Sensitivity of the standard deviation of X to the means of P(B) and P(E)

■ DS4: Sensitivity of the standard deviation of X to the standard deviations of P(B)

and P(E).

These relationships have been labelled DS1 through DS4, and are presented in Figure 

6.18 through Figure 6.22. To allow easy reference to the axes of three-dimensional
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graphs throughout this section, a simple x, y, z naming scheme has been adopted and 

is portrayed in the empty grid of Figure 6.17.

Figure 6.17 Three dimensional grid with axes labelled x,y and z

Double sensitivity analyses require even more calculations than single sensitivity 

analyses, so all graphs are of analyses conducted with 1,000 repeats. A full study of 

the effects of the number of repeats will follow in Section 6.5.1.
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Sensitivity of the Mean of Y to the Means of P(B) and P(E)

Mean of P(B)

1

Figure 6.18 Comparison DSI: Sensitivity of the mean of X to the means of P(B) and P(E)

Relationship DSI is graphed in Figure 6.18 and depicts the sensitivity of the mean 

ofX to the means of the P(B) and P(E). The asterisk on the graph represents the 

position of the current analysis data provided by the investigator, while all other 

points on the three-dimensional surface represent hypothetical situations examined 

by the sensitivity analysis. It is clear from Figure 6.18 that as the probabilities of 

nodes B and E increase, i.e. the evidence becomes more likely, the mean of X 

responds with a corresponding linear increase to indicate that it is also more likely 

that conditions existed for current deviation. The mean of X peaks at approximately 

0.65, indicating that regardless of the mean values taken by P(E) and P(B), the 

conditions for current deviation never become more likely than approximately 65%.
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Sensitivity of the Mean of X to the Means of P(B) and P(E)

Mean of P(E)
Mean of P(B)

Figure 6.19 Modification of graph DS1: wire-frame and 90 degree left rotation

Matlab® permits the user to manipulate three-dimensional plots in various ways to 

visualise the data in different styles and from different angles. The potential of this 

manipulation is difficult to display on the page, but is exemplified by the “wire

frame”, 90° left rotation view of relationship DS1 shown in Figure 6.19. 

Modifications such as this can be useful for obtaining a complete view of the 

relationship across the three dimensions.
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Figure 6.20 Comparison DS2: Sensitivity of the mean of X to the standard deviations of P(B) 

and P(E).

Visualisation of the double sensitivity relationship DS2 clearly demonstrates that the 

mean of X does not respond to changes in the standard deviations of root nodes B 

and E. A very clear conclusion can be reached with respect to the evidence: changes 

in the investigator’s uncertainty regarding P(B) and P(E) have no impact on the 

probability that conditions existed for current deviation. Despite the extra dimension, 

this plot echoes the horizontal graph of the SS2 single sensitivity comparison in 

Figure 6.11. The reduced domain of the graph is due to the restriction on the standard 

deviation of node E when a mean of 0.95 is used (refer to Section 4.2.4).
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Sensitivity of the Standard Deviation of X to the Means ofP(B) and P(E)

Figure 6.21 Comparison DS3: Sensitivity of the standard deviation ofX to the means of P(B) 

and P(E)

Figure 6.21 graphs the double sensitivity relationship DS3, and indicates that the 

standard deviation of X increases as the means of P(B) and P(E) are increased. 

Furthermore, the steeper gradient on the x-axis indicates that the standard deviation 

of* is more sensitive to the mean of node P(B) than the mean of node P(E). A 

transparency level of 0.5 (where 1.0 is opaque and 0.0 is fully transparent) has been 

applied to the surface of the graph as a further example of the type of graphical 

manipulations permitted by Matlab®. Transparency is useful for following gridlines 

across the plot area.
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Figure 6.22 Comparison DS4: Sensitivity of the standard deviation of X to the standard 

deviations of P(B) and P(E).

Figure 6.22 depicts comparison DS4, the sensitivity of the standard deviation of X to 

the standard deviation of the two root nodes, in this graph it can be seen that the 

standard deviation of the hypothesis probability is relatively less sensitive to the 

changes in the standard deviation of P(E). Rotation of the graph allows a comparison 

of axis gradients that confirms X has greater sensitivity to the standard deviation of 

P(B) than P(E). In this case the investigator could conclude, therefore, that the 

uncertainty associated with the probability of sufficient electrolyte being present at 

the scene does not have a sizable influence on the uncertainty associated with the 

probability that conditions for current deviation existed.

The shape of Figure 6.22 lends itself particularly well to a more intuitive description 

of the technique used to conduct a double sensitivity analysis. Consider the graph as 

a series of vertical slices parallel to the >’-axis. For each 0.01 increment ofx from 0
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through to 0.28, there is a two-dimensional plot of the standard deviations of X and 

P(E), otherwise known as a single sensitivity graph. Lining these two-dimensional 

graphs alongside each other creates the three-dimensional form of Figure 6.22. In 

this way one can see double sensitivity analysis as the addition of an extra dimension 

to a regular single sensitivity analysis.

6.5.1. Effect of the number of repeats

Double sensitivity analysis is unlikely to see much practical application in the 

immediate future, due to its inherently high number of calculations and subsequently 

very long computing times. While the duration of a single sensitivity analysis with 

10,000 repeats is similarly too lengthy for use by investigators at a fire scene, it is 

saved by the fact that lowering the number of repeats to 1,000 provides comparable 

accuracy at times that are acceptable for on-scene use.

The same does not hold true for a double sensitivity analysis, as shown by the data in 

Table 6.6. Even at a “medium” setting of 1,000 repeats, analysis times are 

approximately 7.5 hours, making it unsuitable for on-scene analysis. Although its 

duration of less than one hour makes a 100-repeat analysis somewhat more attractive 

for on-scene use, it is important to consider the loss of accuracy that comes with such 

a low number of repeats.

Table 6.6 Effect of the number of repeats on the analysis duration of a double sensitivity

analysis

Repeats Duration (min)

100 44.3

1,000 445

A graphical comparison can also be made of the effect of the number of repeats, 

simplifying the evaluation of accuracy differences. Figure 6.23 shows the difference 

between 100-repeat and 1,000-repeat analyses in double sensitivity relationships DS1 

and DS2. Figure 6.24 provides a similar comparison for DS3 and DS4. All graphs
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exhibit a marked improvement when the number of repeats is increased by a factor of 

ten: the surfaces of the graphs become less uneven and considerably smoother, 

indicative of the greater accuracy achieved with more repeats.

Figure 6.23 is particularly demonstrative of this behaviour, as relationship DS1 

changes from a series of bumpy plateaus to a flush surface and the hills and valleys 

are largely eliminated from the DS2 graph. The increased accuracy that comes with a 

higher number of repeats can also be seen on the edges of the graphs in Figure 6.24. 

Observe, for example, the edge along the x axis representing P(B). The edge curve is 

jagged with 100 repeats but is noticeably smoothed when the number of repeats is 

increased to 1,000. This behaviour is reminiscent of the two-dimensional single 

sensitivity graphs of Figure 6.14 and Figure 6.15. One could reasonably expect that a 

double sensitivity analysis with 10,000 repeats would continue this trend of greater 

accuracy and smoother graph surfaces.
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Despite the large improvement that occurs with a tenfold increase in the number of 

repeats, a double sensitivity analysis with 100 repeats is clearly still able to convey 

the behavioural trends of the quantities involved. For example, the DS2 relationship 

with 100 repeats in Figure 6.23 clearly indicates that the mean of X is insensitive to 

changes in the standard deviations P(B) and P(E) even though the accuracy of the 

analysis is not optimal. As was the case with single sensitivity results, it is a choice 

for the investigator whether the degree of accuracy and the hour-long duration of the 

100-repeat analysis are acceptable parameters for inclusion in an on-scene analysis.

6.6. Statistical analysis of the effect of the number of 

repeats

The statistical method of hypothesis testing detects differences between two 

numerical results. Hypothesis testing is used here to take an objective view of the 

effect of the number of repeats in distribution-based analysis of the Bayesian 

network for current deviation. The test is carried out in the context of two 

independent investigators known as A and B, whose results from a distribution-based 

Bayesian network analysis will be compared for statistical difference.

To facilitate the hypothesis testing procedure, it is necessary to specify two opposing 

hypotheses. The null hypothesis, Flo, states that there is no difference in the two 

results, i.e. that //, = juH, where juA and f.iH are the unknown true population

proportions of node state CD2 according to investigators A and B, respectively. The 

alternate hypothesis, Hi, states that the two population proportions are not equal, 

i.e.//, * jlih . Let xA and xH be the two sample values of//., andjlib , calculated by the

two investigators based on the number of repeats n used in the Bayesian analysis. 

The test statistic for the hypothesis test is therefore given by

f i n
x(l-x)

i [n n)
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x + x
where x =..A H . The value of the test statistic is compared against the critical

value of 1.96 at the 5% significance level of the hypothesis test. If |Z| > 1.96, the null 

hypothesis is rejected and there is a significant difference between the two 

population proportions, i.e. jua*/ib. On the other hand, if |Z] < 1.96, the null 

hypothesis is accepted and the two results are considered statistically equal,

i.e.//, =nB-

In the following study, a given level of repeats is considered to have provided 

acceptable performance if the hypothesis test indicates a statistical difference 

between two population proportions that differ by a margin of 0.05. As an illustrative 

example, we use two sample values calculated by investigators A and B to be 

*4=0.5 and xH= 0.55 respectively.12 The ability to statistically differentiate 

between these two results is tested for n = 100, 1,000 and 10,000 and the results are 

presented in Table 6.7.

Table 6.7 Hypothesis testing of repeat levels at a margin of 0.05

Repeats z Conclusion
100 0.78 Ho is accepted: A and B are not statistically different.

1,000 2.2389 Ho is rejected: A and B are statistically different.

10,000 7.0799 Ho is rejected: A and B are statistically different.

It is now conclusive that a sample size of 100 repeats is not sufficiently accurate to 

statistically differentiate between two results separated by a margin of 0.05. Repeat 

levels of 1,000 and 10,000 are both capable of distinguishing between results at this 

margin. With this result, it is recommended that all analyses with the Bayesian 

network for current deviation be conducted with no less than 1,000 repeats.

12 The test was performed in the area of x = 0.5 because it is at this point that the test statistic is 

minimised.
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Minimum resolving power with 100 repeats

Although the deficiencies of 100 repeats are now statistically proven, it is possible to 

extend the hypothesis test to gradually greater margins for the sake of a complete 

view of the accuracy provided by this sample size. Table 6.8 presents the results of 

hypothesis tests between three pairs of A values whose margins increase by 0.05.

Table 6.8 Hypothesis testing to determine the minimum resolving power of 100 repeats

*A XB Z Conclusion

0.50 0.55 0.7080 Ho is accepted: A and B are not statistically different.

0.50 0.60 1.4213 Ho is accepted: A and B are not statistically different.

0.50 0.65 2.1456 Ho is rejected: A and B are statistically different.

A sample size of 100 repeats evidently remains unable to distinguish between two 

investigators' results unless they are separated by a margin of at least 0.15. This 

margin is quite significant, especially in light of the fact that probabilities have a 

finite range of only 0.0 - 1.0. The results in Table 6.8 add considerable weight to 

earlier assertions regarding the unacceptable accuracy of 100 repeats, a conclusion 

that applies to all analyses discussed in Chapter 4, including Bayesian analysis with 

the beta distribution and single and double sensitivity analyses.

Minimum resolving power with 1,000 repeats

It is also important to be aware of the exact limitations of analyses conducted with 

1,000 repeats - now the fastest available analysis with an acceptable level of 

performance. This can be achieved by gradually lowering the margin from a starting 

point of 0.05, which has already found to be resolvable by 1,000 repeats. Table 6.9 

shows that it did not take long to find the minimum resolving power.

Table 6.9 Hypothesis testing to determine the minimum resolving power of 1,000 repeats

*A Z Conclusion

0.50 0.55 2.2389 Ho is rejected: A and B are statistically different.
0.50 0.54 1.7903 Ho is accepted: A and B are not statistically different.
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With a test statistic less than 1.96, a margin of 0.04 cannot be resolved by 1,000 

repeats. Its minimum therefore stands at 0.05, which is acceptable for any analysis of 

the Bayesian network for current deviation.

Minimum resolving power with 10,000 repeats

Continuing this same procedure allows a similar result to be obtained with 

hypothesis testing of 10,000 repeats. Table 6.10 indicates a minimum resolving 

power of 0.02 for analyses conducted with 10,000 repeats.

Table 6.10 Hypothesis testing to determine the minimum resolving power of 10,000 repeats

*A XB Z Conclusion

0.50 0.55 7.0799 Ho is rejected: A and B are statistically different.

0.50 0.54 5.6614 Ho is rejected: A and B are statistically different.

0.50 0.53 4.2446 Ho is rejected: A and B are statistically different.

0.50 0.52 2.8290 Ho is rejected: A and B are statistically different.

0.50 0.51 1.4143 Ho is accepted: A and B are not statistically different.

As expected, a Bayesian analysis with 10,000 repeats offers the highest accuracy of 

the three sample sizes discussed here and is able to statistically differentiate between 

two investigators’ results that are separated by a margin of only 0.02.

Selection of the appropriate number of repeats for any given Bayesian network 

analysis remains a choice for the investigator. This study has shown that if the utmost 

accuracy is required, 10,000 repeats will permit statistical differentiation between 

two results separated by a margin 0.02. However, in the context of a fire 

investigation, it is unlikely that such a small margin would have any practical 

significance. Instead, 1,000 repeats appears to provide a satisfactory level of 

accuracy for fire investigation by statistically differentiating between two results 

separated by a 0.05 difference. For a purely distribution-based Bayesian network 

analysis (without a sensitivity analysis), the calculation times for 10,000 and 1,000 

repeats were found in Section 6.3.2 to be approximately 7 minutes and 42 seconds 

respectively. Although the difference between these two times is not excessive, it is
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clearly preferable for the investigator not to waste time in search of accuracy that has 

no practical benefit.

It is a slightly different case for sensitivity analyses, where the large numbers of 

calculations make runtimes significantly longer. The hypothesis testing conducted 

here indicates that using 1,000 repeats for a single sensitivity analysis performed 

under time constraints offers a statistically acceptable level of accuracy. It has also 

shown that reducing the number of repeats to 100 for a double sensitivity analysis 

performed under time constraints incurs an unacceptable loss of accuracy and is not 

recommended. With the computing resources used in this research, it therefore does 

not appear possible to conduct a double sensitivity analysis while at the fire scene.

6.7. Implications for fire investigation

The Bayesian network framework discussed in previous chapters provides fire 

investigators with a probabilistic approach to evaluating ignition hypotheses while at 

the scene. The computer program for the Bayesian network of current deviation 

makes no effort to usurp or ev en replicate the tasks of the fire investigator. Indeed, 

the network requires an investigator to provide the prior probabilities on which all 

calculations are based. Rather, the objective of this research is to provide the fire 

investigator with a decision support system that targets the deficiencies of human 

reasoning under uncertainty. For this reason the traditional approach to fire 

investigation will remain largely unchanged: the origin of the fire must still be 

identified according to the indications of fire behaviour, and the physical evidence at 

that location examined closely in line with accepted principles. Investigation of 

physical evidence at the scene remains firmly the domain of the expert.

The approach proposed in this research aims to separate the tasks of evidence 

examination and hypothesis evaluation. In this way, the expert is restricted to the 

evidence investigation tasks for which he is qualified and the Bayesian network 

performs the calculations for which it is designed. This represents a more logical 

approach to a situation fraught with uncertainty and prone to errors in reasoning, 

thereby increasing the likelihood of a successful investigation.
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Outlined below is a stepwise description of how the Bayesian network for current 

deviation would be used in an actual investigation.

1. The investigator locates the origin of the fire and from the evidence found 

there forms a hypothesis of the ignition source.

2. If the investigator wishes to know the likelihood that conditions existed for 

current deviation, he must investigate the three pieces of evidence represented 

by root nodes in the Bayesian network:

■ The type of electrical insulation at the location of the proposed fault, 

and its susceptibility to breakdown based on factors such as its age, 

its installation and the toughness of the material.

■ The degree of danger to the integrity of the electrical ignition at the 

location of the proposed fault. Factors to consider include the 

destructive strength of any potential direct breakdown mechanisms 

and the likely effects of weathering and treatment of the insulation.

■ The presence of an electrolyte in sufficient quantity to conduct errant 

current between two exposed conductors. This is dependent on the 

availability of suitable substances in the immediate environment of 

the fault.

3. With an expert opinion on these three pieces of evidence, the investigator 

may now use the Bayesian network to evaluate the probability that conditions 

for current deviation existed.

4. The investigator’s opinion on each type of evidence must be expressed in the 

form of two numerical values. The first is the mean, representing the 

probability of the evidence and taking any value between 0 and 1. The second 

number is the standard deviation, which takes any value between 0 and 0.3 

and is indicative of the investigator's degree of confidence in the mean. 

Together, each mean and standard deviation pair describes a beta 

distribution prior probability for each piece of evidence.

5. These prior probability values are entered into the Matlab® program. At this 

time the investigator must also specify the desired level of accuracy by 

selecting the appropriate number of repeats.
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6. In the event that the investigator wishes to conduct a sensitivity analysis, he 

must specify the extent of the analysis and on which node(s) it should be 

performed.

7. At the completion of the Bayesian network analysis, the program displays a 

range of results, which include the probability of the hypothesis and its 
associated uncertainty, a range of useful statistical information and 

graphical results of the sensitivity analysis if performed.

Because the Bayesian network analysis can be used in a range of different 

circumstances, the way in which the results are used will vary. For example, in the 

majority of cases the computer program will be used to evaluate an ignition 

hypothesis involving current deviation, in which case the greatest interest will 

surround the probability of node state CD2. If the results indicate that it is relatively 

likely for current deviation conditions to have existed, the next step is for the 

investigator to establish a credible ignition scenario. As with any other investigation, 

this involves identifying a probable fuel in the environment and showing that the heat 

created bv current deviation was of sufficient magnitude and duration to cause 

ignition. The Bayesian network analysis provides no information regarding these 

factors.

However, if the program is used as a tool to refine an investigation in progress, the 

expert may be most interested in the results of the sensitivity analysis. If the results 

indicate that the hypothesis is particularly sensitive to the mean of one of the types of 

evidence, the investigator may opt to direct resources towards a more intensive 

examination of that evidence to ensure the most accurate results as possible. 

Similarly, if the uncertainty associated with one of the nodes is found to make an 

insignificant contribution to the uncertainty associated with the hypothesis, the expert 

is again able to conduct a more efficient investigation with that knowledge.

The circumstances in which the program is used will also decide the recommended 

level of repeats. Although there is a clear relationship between the number of repeats 

and the accuracy of the analysis, selecting the highest level of accuracy is not always

178



6. Results and Discussion

a practical option. The statistical analysis presented in Section 6.6 permits 

recommendations to be made for different scenarios.

In cases where analysis duration is not a pressing issue, it is obvious that the operator 

should use the highest available level of repeats. This situation may arise when the 

program is used off-scene for testing or academic purposes, or when computing 

resources are sufficiently powerful that intensive analyses can be completed in an 

acceptable time for on-scene work. Informal comparisons have indicated that there is 

no appreciable benefit to increasing the number of repeats to 100,000, and so, when 

not faced with a deadline, a level of 10,000 repeats is recommended for all analyses 

in order to obtain the highest degree of accuracy.

A Bayesian network analysis conducted at a fire scene is usually constrained by time 

and the relatively modest computing resources found in today's laptops. In this 

situation it may be necessary to sacrifice accuracy in order to receive and respond to 

results in a reasonable time frame.

Due to the relatively short durations involved with a simple distribution-based 

Bayesian analysis (7 minutes for 10,000 repeats and 42 seconds for 1,000 repeats), 

there is no pressing need to compromise accuracy. The decision instead is dependent 

on the needs of the investigator. Section 6.6 presented a statistical analysis of the 

accuracy provided by different repeat levels and showed both 10,000 and 1,000 

repeats to offer accuracy that is quite sufficient for fire investigation. Therefore, if an 

investigator requires an analysis capable of statistically differentiating between 

results that are only 0.02 apart, 10,000 repeats are recommended. Alternatively, if 

the investigator is satisfied with being able to statistically differentiate results 

separated by a margin of 0.04, 1,000 repeats are recommended for the benefit of a 

shorter analysis duration.

Sensitivity analyses require many more calculations than a simple Bayesian analysis, 

and it is here that sacrifices are required when at a fire scene and time is an issue. 

Section 6.4.1 shows that, with the computing resources used in this research, a single 

sensitivity analysis with 10,000 repeats requires almost 5 hours and is therefore
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inappropriate for on-scene use. However, with duration less than 30 minutes and 

accuracy that was proven by hypothesis testing to be eminently acceptable, a level of 

1,000 repeats is recommended for circumstances in which a speedier single 

sensitivity analysis is needed.

The problem is an order of magnitude worse when performing a double sensitivity 

analysis. From Section 6.5.1 one can see that a double sensitivity analysis with 1,000 

repeats in this research required over 7 hours. The huge growth in calculations 

caused by the introduction of a second node into the sensitivity analysis means that 

the appropriate number of repeats must again be re-evaluated. Unfortunately, this 

leaves only 100 repeats. Although the analysis duration of approximately 45 minutes 

is satisfactory for a time-restricted situation, hypothesis testing has indicated that 100 

repeats should not be used due to the unacceptably low accuracy. It is therefore 

recommended that double sensitivity analyses not be performed under time 

constraints unless computing resources are such that, at a bare minimum, a 1,000 

repeat analysis can be completed in an acceptable time frame.

6.8. Future work

Given time and resources, there is a clear path of future work for this research to 

become a more widely used tool in fire investigation. In its current state, the 

computer program would benefit most from speed improvements aimed at reducing 

analysis duration, the main of advantage of which would be enabling on-scene 

analyses to be conducted with higher accuracy in the available time. Such speed 

enhancements could be achieved either by dedicating greater computing resources to 

the analysis, or by optimisation of the Matlab® code. The author of the Bayes Net 

Toolbox has proposed rewriting the toolbox for another system, such as the open- 

source “R” statistics environment [147], in order to expand its scope and avoid 

dependence on the relatively slow Matlab® [148].

Extensions to this research may also be made by targeting other ignition mechanisms 

in addition to current deviation. Because the beta distribution analysis process was 

designed to be easily portable, the only obstacle to such an extension is the
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construction of sound Bayesian networks for alternate types of ignition. With 

individual Bayesian networks for a range of ignition mechanisms, it is anticipated 

that the research would progress towards creating a single solution for all fire scenes. 

To this end, several authors have described methods for combining small networks 

with dedicated purposes into one all-encompassing network [149, 123]. A large-scale 

Bayesian network that accounts for all types of electrical ignition is an attractive goal 

for this project because it would greatly increase the number of cases to which the 

program could be applied. As a result, the approach would be more appealing to fire 

investigators and hence more likely to create an observable effect on the number of 

fires identified as being of electrical origin.

Another valuable avenue of research might involve evaluation of a complete ignition 

scenario rather than just the conditions for ignition. This would require modelling of 

factors that include the amount of heat generated, the first fuel ignited and whether 

contact between the heat and fuel was such that ignition could occur. The extreme 

variability and uncertainty surrounding these factors, particularly with current 

deviation and other forms of electrical ignition, makes calculation of the probability 

of ignition a very complicated task. However, it may be possible to reduce this 

uncertainty to a reasonable level by incorporating a database of experimental data 

that includes common fuels and the amount of heat required to ignite them under a 

range of conditions. Extending the probabilistic approach to the ultimate issue of 

ignition would offer the investigator greater decision support than is currently 

possible.
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7. Conclusions

A Bayesian network was developed to provide support for dealing with the high level 

of uncertainty in the investigation of electrical ignition by current deviation. Due to 

the extreme variability of this ignition mechanism, and its ability to occur 

intermittently over time periods from days to years, it was not possible to model a 

complete ignition scenario that included the amount of heat generated and the first 

fuel ignited. Instead, the Bayesian network accepts expert opinion regarding three 

key types of physical evidence and calculates the probability that conditions for 

current deviation existed at the scene. Detailed definitions were composed for the 

three root nodes of the network to provide investigators with utmost instruction.

Although the single-value analysis used with Hugin Lite® offered an easy and 

intuitive implementation of the Bayesian network framework, it did not offer 

sufficient flexibility. Programming the network in Matlab® remedied this deficiency 

by permitting much greater control over all aspects of the analysis process. With the 

incorporation of the beta distribution, investigators obtained the crucial ability to 

specify a more informative opinion with quantified uncertainty. Sensitivity analyses 

were implemented to provide the expert with yet more practical guidance to help 

direct and refine an investigation in process. With respect to the design of the system, 

a graphical interface was programmed in Matlab® to improve efficiency and ensure 

a more pleasant user experience.

A comprehensive investigation was performed of the important parameters in the 

proposed Bayesian network analysis. For situations in which no expert opinion can 

be expressed, a uniform distribution was presented as a suitable contingency. A 

hypothetical Bayesian network analysis in which all types of evidence were defined 

by a uniform distribution - simulating the starting point of an actual fire 

investigation - revealed a likelihood of only 0.125 that conditions existed for current 

deviation to occur. The relationship between time, accuracy and the number of 

repeats was explored for all distribution-based analyses. Extensive statistical
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hypothesis testing led to formulation of recommendations for the appropriate number 

of repeats according to time and accuracy requirements.

The Bayesian network framework developed here shows considerable promise as a 

method for handling the high levels of uncertainty encountered during fire 

investigation. Although the Bayesian network for current deviation is limited in the 

number of situations to which it can be applied, it represents a successful proof of 

concept with tangible benefits primarily to fire investigators, but also to the legal 

system and, by extension, the community as a whole. The true potential of the 

program developed here can be realised with continued work to construct Bayesian 

networks for other types of electrical ignition. Compiling these component networks 

into a large-scale model for evaluation of any electrical scenario represents a long 

term goal of significant practical value.
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8. Appendices

Appendix 8.1: Equations for a and P

The equations for p and o must firstly be rearranged to make a and p the subjects, as can 

be seen in equations 8.1 and 8.2.

a
" = —P 

pa + pp = a 

a{p-\) = -pp

a - pP_
i-p

(8.1)

2 _________________
(a + P)2{a + p + 1)

a(3 = a2 (a + (3)2 (a + p + 1)

a[l = a2 {pc + 3a2 p + a2 + 3 ap2 + lap + p2 + p2)

P _ 2 n -> f,2 n P~ + P —— — a -\-pap-\-a-\-^p + 2ph------------
o~ a

Substitute equation 8.1 into equation 8.2 and simplify.

p _ p2p2 x 3pp2 | pP 2 x {p2+p2)(\-p)
(T2 (1 - p)1 (1-/0 (1-/0 pP

, pP +jpl+^+3/s+2+(P+P)( i-/')
tt2 (1-/02 (1-/0 (1-/0 mP4

//(! — //)-
=P~P+1

This yields a and p in terms of p and o.

/^ (1-/0
a =------- 5--------P

a
p = PhpL+f,

O'

(8.2)
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Appendix 8.2: Beta distribution library

8.2.1. Beta distribution with a mean of 0.1

^= 0.1,(7= 0 05 ft- 01, o- 01

10

u =01, 7=015 p = 0 1, <7 = 0 2

^ 10

ft = 0 1 <7= 0 25 x10' 4 f1- 0.1, <7 — 0.3
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8.2.2. Beta distribution with a mean of 0.2

a = 0 2, g — 0.05 p = 0 2. (j=0 1

p = 0 2,(7=0 15 p - 0.2, (7=0 2

= 0 2, a= 0.25 p = 0 2 (7=0 3
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8.2.3. Beta distribution with a mean of 0.3

/2=03, <t=0.05 p = 0.3, <7= 0.1

p- 0.3, <7=015 p - 0.3, (7- 0.2

p - 0 3 £7= 0.25 p — 0 3. & — 0 3
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8.2.4. Beta distribution with a mean of 0.4

u — 0.4, a - 0.05 fi = 0.4, a = 0.1

- 0.4, o = 0.15 u = 0.4, a = 0.2

u = 0.4, a = 0.25 H = 0.4, a = 0.3
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8.2.5. Beta distribution with a mean of 0.5

u - 0.5, a = 0.05 fi - 0.5, a = 0.1

£ 2

Li - 0.5, c - 0.15 u = 0.5, o - 0.2

,/j = 0.5, a = 0.25 u - 0.5, a - 0.3
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8.2.6. Beta distribution with a mean of 0.6

/j = 0.6, a = 0.05 /j = 0.6, a = 0.1

& 2

u - 0.6, o = 0.15 /j = 0.6, a = 0.2

u = 0.6, o - 0.25 u = 0.6, o = 0.3
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8.2.7. Beta distribution with a mean of 0.7

p = 0.7, cj= 0.05 p-0.7, <7=0 1

^ = 0.7. g- 0.15 /i = 0 7 a=02

// = 0.7, g- 0 25 ^=07, <7=0 3
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8.2.8. Beta distribution with a mean of 0.8

p - 0 8. <7= 0 05 p- 0 8, <7—0 1

// = Q 8 (7=0 15 — 0 3. o — 0 2

p — 0 3. o — 0 25 p = 0 3 (7=03

10
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8.2.9. Beta distribution with a mean of 0.9

p - 0.9, g- 0 05

p - 0 9. g- 0 15

p - 0 9, g- 0.1

^=09. g — 02 
40 i--------- -—---------------- »----

30

E 20

10

0------------------------ ------------------------' 1 —

0 02 04 06 08 1
x

p - 0 9 (7— 0 25 p = 0 9 (7— 0 29
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Appendix 8.3: Restrictions on input data

Section 4.2.4 detailed the restrictions on input data required to ensure valid beta 

distributions. Presented here is the algebraic reasoning for those restrictions.

Condition for a > 0

a > 0

(7~

/'2( 1-//)------> p
<J~

a*

//(!—//) >cr

> CT~

Condition for /? > 0

P> 0

1>0
(7

//(l —//)2

<T
> 1 - //

> <T//(l ~ //)- 
1-//

//(l —//) > cr

// -//2 > cr:

Min & Max Mean 

// — //“ > er'

7 1 r\//' -// + er <0

l-Vl-4cr2 l + Vl-4a2
<//<
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Appendix 8.4: Single sensitivity analysis with node E

The results of a single sensitivity analysis with node E are presented here to provide a 

more complete view of the properties of the Bayesian network. Plots in Figure 8.2 and 

Figure 8.4 show a reduced domain due to the restriction on the standard deviation of 

node E when a mean of 0.95 is used (refer to Section 4.2.4).

Sensitivity of the Mean of X to the Mean of P(E)

C 0.5

05
Mean of P(E)

Figure 8.1 Sensitivity of the mean of X to the mean of P(E)
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Sensitivity of the Mean of-Yto the Standard Deviation of P(E)

I I H

0 15
Standard Deviation of P(E)

Figure 8.2 Sensitivity of the mean of X to the standard deviation of P(B)
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Sensitivity of the Standard Deviation of X to the Mean of P(E)

0 25 -

0.5
Mean of node P(E)

Figure 8.3 Sensitivity of the standard deviation of X to the mean of P(E)
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Sensitivity of the Standard Deviation of A' to the Standard Deviation of P(E)

0.15
Standard Deviation of P(E)

Figure 8.4 Sensitivity of the standard deviation of X to the standard deviation of P(E)

198



M
ea

n o
f X

8. Appendices

Appendix 8.5: Single sensitivity analysis with node I

Sensitivity of the Mean of X to the Mean of P(l)

05
Mean of P(l)

Figure 8.5 Sensitivity of the mean of X to the mean of P(I)
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Sensitivity of the Mean of X to the Standard Deviation of P(l)

I T-T III

015
Standard Deviation of P(l)

Figure 8.6 Sensitivity of the mean of X to the standard deviation of P( I)
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Sensitivity of the Standard Deviation of X to the Mean ofP(l)

0 25 -

M 0.15

0.5
Mean of node P(l)

Figure 8.7 Sensitivity of the standard deviation of X to the mean of P(I)
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Sensitivity of the Standard Deviation of X to the Standard Deviation of P(l)

0.15
Standard Deviation ofP(t)

Figure 8.8 Sensitivity of the standard deviation of X to the standard deviation of P(I)
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Appendix 8.6: Double sensitivity analysis with nodes I & B

Sensitivity of the Mean of X to the Means of P(l) and P(B)

Figure 8.9 Sensitivity of the mean of X to the means of P(l) and P(B)
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Sensitivity of the Mean ofYto the Standard Deviations of P(l) and P(B)

Standard Deviation of P(B) Standard Deviation of P(l)

Figure 8.10 Sensitivity of the mean of X to the standard deviations of P(I) and P(B)
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Sensitivity of the Standard Deviation of X to the Means of P(l) and P(B)

0.3

0.25

0.2

0.15

0.1

0.05

0
1

Figure 8.1 1 Sensitivity of the standard deviation of X to the means of P(I) and P(B)
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Sensitivity of the Standard Deviation ofXto the Standard Deviations of P(l) and P(B)

0.15

Standard Deviation of P(B) 0 0
Standard Deviation of P(l)

Figure 8.12 Sensitivity of the standard deviation of X to the standard deviations of P(I) and P(B)
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Sensitivity of the Mean of X to the Means of P(l) and P(E)

Figure 8.13 Sensitivity of the mean of X to the means of P(I) and P(E)
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Figure 8.14 Sensitivity of the mean of X to the standard deviations of P(I) and P(E)
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Sensitivity of the Standard Deviation of X to the Means of P(I) and P(E)

Figure 8.15 Sensitivity of the standard deviation of X to the means of P(I) and P(E)
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Figure 8.16 Sensitivity of the standard deviation of X to the standard deviations of P(I) and P(E)
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Appendix 8.8: Matlab program: CDEV FINAL2

% CDEV_FINAL2 is the main current deviation Bayesian Network program.
% CDEV_FINAL2 runs the evidence input GUI and receives the input data. 
% It defines the Bayesian network for current deviation, then passes 
% analysis information to BNT_DIST for distribution-based Bayesian 
% network analysis.
% CDEV_FINAL2 manages theoretical scenarios for sensitivity analyses.
% CDEV_FINAL2 formats and displays the test results.

% Prompt to re-run existing data set before starting a new workspace.
% This is done by checking for the presence of identifying variables, 
if exist('cd2_95ci_o') & exist('sensitivity') & repeats ~= 'null' 

cdf_rerun = questdlg('Re-run last data set?',...
'Alert', 'Yes','No','No'); 

if strcmp(cdf_rerun, 'No') 
clear all
[node_data, sensitivity, repeats] = input_prompt2;

end
else

% Run input_prompt2 GUI if there is no prompt to re-run 
[node_data, sensitivity, repeats] = input_prompt2;

end

% Close GUI quietly if Cancel is pressed 
if repeats == 'null'

disp('>> Program cancelled.') 
return

else

% Display 
disp('>> 
disp ( [' 
disp([' 
disp([' 
disp([' 
disp([' 
disp([' 
disp([' 
disp(' ')
end

input data received from GUI 
Data accepted: ')

Mean I: ', num2str(node_data(1,1))])
Standard Deviation I: ', num2str(node
Mean B: ', num2str(node_data(1,2))])
Standard Deviation B: ', num2str(node
Mean E: ', num2str(node_data(1,3))])
Standard Deviation E: ', num2str(node
Repeats: ', num2str(repeats)])

data(2,1))]) 

data (2,2))]) 

data (2,3)) ])

% Start measuring time 
tic

% Declare global variables
global BNET; global I; global B; global IB 
global E; global CD; global N

% Function handles 
bnt = @bnt_dist;

% Define the structure of the Bayesian network for current deviation 
% Number of nodes.
N = 5;

% Create a NxN array of zeros to represent the network, 
dag = zeros (N,N);

% Name and number nodes in topological order.
1=1; B = 2; IB = 3; E = 4; CD = 5;

% Create branches between nodes. 
dag(l, 3) =1; dag(2, 3) = 1; 
dag (3, 5) =1; dag(4, 5) = 1;
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% All nodes are discrete with binary states. 
discrete_nodes = 1:N; 
node_sizes = 2*ones(l,N);

% Create network
BNET = mk_bnet(dag, node_sizes, 'discrete', discrete_nodes);

i- •k-k-k-k-k-k'k-k'k'k-k-k-k'k-k-k-k'k'k'k-k-k-k-k-k-k-k'k-k-k-k-k-kJc'k'k-k-k'k-k-k-k-k'k'k-k'k-k-k-k-k'k'k'k-k-k'k'k-k'k'k-k'k'k'k

% Multinode Analysis
■k-k-kic-k'k'k'k-k'k'k'k'k'fe'k'ir'k'te'k'k'k'k^r'M-k'k'k'k'k'k'k-k'k'k'k'k-k-k'k'k'k'k'k'k'k'kir-k'k'k'k'k'k'k'k'k'^'k'k-k'k'k’k'k'k

disp('>> Bayesian Analysis')

' Send data to bnt_dist and store results in "_o" ("original") variables 
[cd2_mean_o, cd2_std_o, cd2_95ci_o] = feval(bnt,node_data,repeats);

9- •k-k-k-k-k-k'k-k'k-k-k'k'k'k-k'k-k-k'k-k'k-k-k-k'k-k'k-k'k-k-k'k'k-k-k-k-k-k'k-k'k-k-k'k'k-k'k-k-k-k'k-k-k-k-k'k'k'k-k-k'k'k'k'k'k

Single Sensitivity Analysis
- •k'k-k-k'k-k'k'k-k'k'k'k'k-k'k-k'k’k-k'k'k-k-k'k'k'k'k-k'k-k-k-k-k'k'k'k-k-k'k'kie-k'kJe'k-k-k'k'k-k-k'k'k'k'k'k-k-k-k'k-k'k'k-k-k

switch sensitivity(1).type 
case 'singlesen'

% Print type of analysis to screen 
disp(['>> Single Sensitivity Analysis, node 

sensitivity(l).nodenames])

%%%----------- Fixed SD, variable Mean -----------%%%
% Start loop counter 
cdf_p = 1;

% Copy node_data to a temp variable for repeated overwriting 
node_data_tmp = node_data;

% Calculate min and max mean values for the original standard 
% deviation. This formula is derived from the Beta distribution 
% parametric equations. The inequality arises from the need to 
% keep alpha and beta positive.
cdf_kmin =(1-sqrt(1-*node_data_tmp(2,sensitivity(l).nodes)*2))/2; 
cdf_kmax =(1+sqrt(l-*node_data_tmp(2,sensitivity(l).nodes)*2) )/2;

% Store loop increment 
cdf_kincrement = 0.05;

% Get looplength for progress bar and array preallocation 
cdf_looplength = length(cdf_kmin:cdf_kincrement:cdf_kmax);

% Preallocate array to store results in cd2_mean_data 
% in these rows:
% 1: Mean of CD2
% 2: Standard Deviation of CD2

3: Confidence Interval length
4: Corresponding k value, to use as an x-axis 

cd2_mean_data = zeros(4,cdf_looplength);

% Inform the user that the mean loop has started 
disp('>> Processing mean loop...')

% Create a progress bar for the mean loop
cdf__h = timebar_upper ('Processing mean loop...','Progress') ;

% Commence loop
for cdf_k = cdf_kmin:cdf_kincrement:cdf_kmax

% Store k in node_data_tmp for function call 
% and cd2_mean_data for graphing 
node_data_tmp(1,sensitivity(1).nodes) = cdf_k; 
cd2_mean_data(4,cdf_p) = cdf_k;
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% The current SD/Mean combination is sent to BNT_DIST 
[cd2_mean_data(1, cdf_p) , cd2_mean_data(2,cdf_p), ... 
cd2_mean_data(3,cdf_p)] = feval(bnt, node_data_tmp,repeats) ;

% Upper progress bar is updated 
timebar_upper(cdf_h,cdf_p/cdf_looplength)

% Loop counter increased 
cdf_p = cdf_p + 1;

end

% Close completed progress bar 
close(cdf_h)
o o o ILIIU o o o

%%%----------  Fixed Mean, variable SD -----------%%%

% Reset loop counter 
cdf_p = 1;

% Reset node_data_tmp 
node_data_tmp = node_data;

% Calculate the maximum standard deviation value for the mean.
% This formula is derived from the Beta distribution parametric 
% equations. The inequality arises from the need to keep alpha 
% and beta positive.
cdf_kmax = sqrt(0.5*node_data_tmp(1, sensitivity(1).nodes)*...

(l-node_data_tmp(l,sensitivity(l).nodes)));

% Round cdf_max to 0.3 if it exceeds this value 
if cdf_kmax > 0.3, cdf__kmax = 0.3; end

% Store loop minimum and increment values 
cdf_kmin = 0.01; 
cdf_kincrement = 0.01;

% Get looplength for progress bar and array preallocation
cdf_looplength = length(cdf_kmin:cdf_kincrement:cdf_kmax);

% Preallocate array to store results in cd2_std_data 
% in these rows:

1: Mean of CD2
% 2: Standard Deviation of CD2
% 3: Confidence Interval length

4: Corresponding k value, to use as an x-axis 
cd2_std_data = zeros(4,cdf_looplength);

% Inform the user that the standard deviation loop has started 
disp('>> Processing standard deviation loop...')

% Create a progress bar for the standard deviation loop
cdf_h = timebar_upper('Processing standard deviation loop...',...

'Progress');

% Commence loop
for cdf_k = cdf_kmin:cdf_kincrement:cdf_kmax

% Store k in node_data_tmp for function call 
% and cd2_std_data for graphing 
node_data_tmp(2,sensitivity(1).nodes) = cdf_k; 
cd2_std_data(4,cdf_p) = cdf_k;

% The current SD/Mean combination is sent to BNT_DIST
[cd2_std_data(1,cdf_p), cd2_std_data(2,cdf_p),... 
cd2_std_data(3,cdf_p)] = feval(bnt, node_data_tmp,repeats);
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% Upper progress bar is updated 
timebar_upper(cdf_h,cdf_p/cdf_looplength)

% Loop counter increased 
cdf_p = cdf_p + 1;

end

% Close completed progress bar 
close(cdf_h)

%%%----------------------- End ---------------

9- 'k’k'k'k'k'k'k'k'k'k-k'k'k'k'k'k-k'k'k-k'k'k'k'k'k-k'k'k'k'k-k'k-k'k'k'k-k-k-k-k-k-k'k'k'k'k'k'k'k-k'k'k'k'k'k’k-k-k'k-k'k'k'k-k'kO
% Double Sensitivity Analysis
a + * + * + * + *** + * + **********************************-******************

case 'doublesen'
disp(['>> Double Sensitivity Analysis, nodes

sensitivity(1).nodenames, ' and ', sensitivity(2).nodenames])

%%%----------  Fixed SD, variable Mean -----------%%%
% Start loop counter 
cdf_p = 1;

% Copy node_data to a temp variable for repeated overwriting 
node_data_tmp = node_data;

% Calculate min and max k values for both nodes under analysis 
cdf_kmin =(1-sqrt(1-*node_data_tmp(2,sensitivity(l).nodes)A2))/2; 
cdf_kmax =(1 + sqrt(l-*node_data_tmp(2,sensitivity (1) .nodes)A2))/2; 
cdf_jmin =(1-sqrt(1-*node_data_tmp(2,sensitivity(2).nodes)A2))/2; 
cdf_jmax =(1+sqrt(l-*node_data_tmp(2,sensitivity(2).nodes)A2))/2;

% Store loop increments
cdf_kincrement = 0.05; 
cdf_jincrement = 0.05;

% Looplength is calculated by the number of different 
% combinations of 'k' and 'j', i.e. k*j
cdf_looplength = length(cdf_kmin:cdf_kincrement:cdf_kmax)*...

length(cdf_jmin:cdf_jincrement:cdf_jmax);

% Preallocate array to store results in cd2_mean_data 
% in these rows:
% 1: Mean of CD2
% 2: Standard Deviation of CD2
% 3: Confidence Interval length

4: Corresponding k value, to use as an x-axis 
5: Corresponding j value, to use as a y-axis 

cd2_mean_data = zeros(5,cdf_looplength);

% Inform the user that the mean loop has started 
disp('>> Processing mean loop...')

% Create a progress bar for the mean loop
cdf_h = timebar_upper('Processing mean loopProgress'); 
timebar_upper(cdf_h,0/cdf_looplength)

% Double sensitivity analyses all possible combinations 
% of two nodes, so two loops are required 
for cdf_k = cdf_kmin:cdf_kincrement:cdf_kmax

for cdf_j = cdf_jmin:cdf_jincrement:cdf_jmax

% Store k in node_data_tmp for function call 
% and cd2_mean_data for graphing 
node_data_tmp(1,sensitivity(1).nodes) = cdf_k;
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cd2_mean_data(4,cdf_p) = cdf_k;

% Store j in node_data_tmp for function call 
% and cd2_mean_data for graphing 
node_data_tmp(1,sensitivity(2).nodes) = cdf_j; 
cd2_mean_data(5,cdf_p) = cdf_j;

% The current SD/Mean combinations are sent to BNT_DIST 
[cd2_mean_data(1,cdf_p), cd2_mean_data(2,cdf_p),... 
cd2__mean_data (3, cdf_p) ] =feval (bnt, node_data_tmp, repeats) ;

% Upper progress bar is updated 
timebar_upper(cdf_h,cdf_p/cdf_looplength)

% Loop counter increased 
cdf_p = cdf_p + 1;

end
end

% Close completed progress bar 
close(cdf_h)

%%%----------------------- End ---------------------%%%

%%%----------- Fixed Mean, variable SD -----------%%%
% Reset loop counter 
cdf_p = 1;

% Reset node__data_tmp 
node_data_tmp = node_data;

% Calculate the maximum standard deviation values for 
% each mean of the two means. This formula is derived 
% from the Beta distribution parametric equations. The 
% inequality arises from the need to keep alpha and 
% beta positive.
cdf_kmax = sqrt(0.5*node_data_tmp(1,sensitivity(1).nodes)*...

(l-node_data_tmp(1,sensitivity(1).nodes))); 
cdf_jmax = sqrt(0.5*node_data_tmp(1,sensitivity(2).nodes )*...

(l-node_data_tmp(1,sensitivity(2).nodes)));

% Round cdf_kmax and cdf__jmax to 0.3 if they exceed this value
if cdf_kmax > 0.3, cdf_kmax = 0.3; end 
if cdf_jmax > 0.3, cdf_jmax = 0.3; end

% Store loop minimum values 
cdf_kmin = 0.01; 
cdf_jmin = 0.01;

% Store loop increments
cdf_kincrement = 0.01; 
cdf_jincrement = 0.01;

% Looplength is calculated by the number of different 
% combinations of 'k' and 'j', i.e. k*j
cdf_looplength = length(cdf_kmin:cdf_kincrement:cdf_kmax).

length(cdf_jmin:cdf_jincrement:cdf_jmax);

% Preallocate array to store results in cd2_std_data 
% in these rows:
% 1: Mean of CD2
% 2: Standard Deviation of CD2
% 3: Confidence Interval length

4: Corresponding k value, to use as an x-axis 
% 5: Corresponding j value, to use as a y-axis
cd2__std__data = zeros (5, cdf_looplength) ;
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% Inform the user that the standard deviation loop has started 
disp('>> Processing standard deviation loop...')

end

% Create a progress bar for the standard deviation loop
cdf_h = timebar_upper('Processing standard deviation loop...',...

'Progress');
timebar_upper (cdf__h, 0/cdf_looplength)

% Double sensitivity analysis analyses all possible 
% combinations of two nodes, so two loops are required 
for cdf_k = cdf kmin:cdf_kincrement:cdf_kmax

for cdf_j = cdf_jmin:cdf_jincrement:cdf_jmax

% Store k in node_data_tmp for function call 
% and cd2_mean_data for graphing 
node_data_tmp(2,sensitivity(1).nodes) = cdf_k; 
cd2_std_data(4,cdf_p) = cdf_k;

% Store j in node_data_tmp for function call 
% and cd2_mean_data for graphing 
node_data_tmp(2,sensitivity(2).nodes) = cdf_j; 
cd2_std_data(5,cdf_p) = cdf_j;

% The current SD/Mean combinations are sent to BNT_DIST
[cd2_std_data(1,cdf_p), cd2_std_data(2,cdf_p),... 
cd2_std_data(3,cdf_p)]=feval(bnt,node_data_tmp,repeats);

% Upper progress bar is updated
timebar__upper (cdf_h, cdf_p/cdf_looplength)

% Loop counter increased
cdf_p = cdf_p + 1;

end
end

% Close completed progress bar 
close(cdf_h)
%%%----------------------- End --------------------- %%%

load cdb_cd2_storage 

% Sort cdb_cd2_storage
cdb_cd2_storage_sorted = sort(cdb_cd2_storage); 

format short

% Display results of Multinode analysis 
disp('>> Results: ')
disp ( [ ' Mean of X: num2str(cd2_mean_o) ] )
disp( [ ' 95% Confidence Interval of the Mean of X:

num2str(cd2_mean_o - cd2_95ci_o),...
' - num2str(cd2_mean_o + cd2_95ci_o)]) 

disp([1 Standard Deviation of X: num2str(cd2_std_o)])
disp([' 95% of X values fall in the interval:

num2str(cdb_cd2_storage_sorted(round(0.025*... 
length(cdb_cd2_storage_sorted)))) ' - ' ...
num2str(cdb_cd2_storage_sorted(length(cdb_cd2_storage_sorted)... 
-round(0.025*length(cdb_cd2_storage_sorted))))]) 

disp([' ' num2str(length(cdb_cd2_storage_sorted(...
cdb_cd2_storage_sorted>0.5) ) / (length (cdb__cd2_storage_sorted/100) ) . . . 
*100) '% of X values are greater than 0.5.'])

disp(' ')
disp('>> Program finished.')
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% Stop measuring time. The "timetaken" variable will not 
% be cleared because it is referenced by "cdev_load" 
timetaken=toc;

% Display time taken in seconds or minutes 
if timetaken < 60

disp(['>> Total time taken: ', num2str(timetaken) , ' seconds.'])
else

disp(['>> Total time taken: ', num2str(timetaken/60) , ' minutes.'])
end

% If the analysis type is not Multinode, prompt to plot results, 
if sensitivity(1).type == 'singlesen'

disp(['>> Single Sensitivity analysis with node ',...
sensitivity(1).nodenames ':']) 

disp('>> Type "cdev_results" to plot results.') 
elseif sensitivity(1).type == 'doublesen' 

disp(' ')
disp([’>> Double Sensitivity analysis with nodes ',...

sensitivity(1).nodenames ' and ' sensitivity(2).nodenames ':']) 
disp('>> Type "cdev_results" to plot results.')

end

% Clear all temporary variables created by this program 
clear cdf *
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Appendix 8.9: Matlab program: BNT DIST

function [cd2_mean, cd2_std, cd2_95ci] = bnt_dist(node_data,repeats)
% BNT_DIST is a function for distribution-based Bayesian analysis.
% BNT_DIST receives 2 input arguments:

node_data: a 2x3 array whose first row contains mean values and 
% whose second row contains corresponding standard deviation values.
% The order of the columns is I, B, E.
% repeats: number of random number generations to be performed
% BNT_DIST returns 4 output arguments 
% cd2_mean: mean of CD2 results
% cd2_std: standard deviation of CD2 results
% cd2_95ci: length of 95% confidence interval

% Declare global variables
global BNET; global I; global B; global IB 
global E; global CD; global N

% Convert standard deviation to variance 
v = node_data (2, :) .A2;

% Calculate alpha and beta values to use as arguments to the Beta 
% distribution. The following equations are obtained by solving 
% simultaneously the Mean and SD parametric equations of the Beta 
% distribution.
b = node_data(1 ,:).*( (l-node_data(l,:)).A2)./v + node_data(1,:) -1; 
a = (b .* node_data(1,:))./(l-node_data(1,:));

% Pre-allocate array to store all cd2 values. 
cdb_cd2_storage = zeros(1,repeats) ;

•k'k'kjc-k-k-k'k'k-k-k-k-k'k'k-k-k'k-k'k-k'k-k-k-k'k'k'k'k-k-k-k-k-k ’k'k-k'k'k-k-k'k-k-k'k-k'k-k-k-k'k-k-k-k'k-k-k-k-k'k'k'k-k'k-k

Loop to calculate CD2
'k'k'k-k'k'k'k'k’k'k-k'k'k-k-k-k'k'k'k'k-k'k'k'k'k'k-k'k'k'k-k'k'k'k'k-k'k'k'k'k'k'k'k'k'k'k-k'k'k'k'k-k'k^c'k'k-k'k'k'tc'k'k'ic'k'^

% Create a progress bar for the Bnet loop
cdb_hh = timebar('Processing sub-loopProgress');
timebar(cdb_hh,0/repeats)

for cdb_p = 1:repeats

% Calculate random values from the Beta Distribution specified by a and b. 
% These values are used as prior probabilities for the 3 parent nodes, 
r = betarnd(a, b);

% Conditional Probability Tables stored as multidimensional arrays.
% The first three are Prior Probabilities using the r calculated above.
% Priors are in the format [FALSE TRUE]
BNET.CPD{I} = tabular o na o (BNET, I, [1-r (1) r(1) ] )
BNET.CPD{B} = tabular CPD (BNET, B, [1-r (2) r (2) ] )
BNET.CPD{E} = tabular CPD (BNET, E, [1-r (3) r(3) ] )

% Probabilities for nodes IB and CD are according to my definition of the 
% Current Deviation network.
BNET.CPD{IB} = tabular_CPD(BNET, IB, [1.0 1.0 1.0 0000 1.0]);
BNET.CPD{CD} = tabular_CPD(BNET, CD, [1.0 1.0 1.0 0 0 0 0 1.0]);

% Specify engine, then enter and evaluate evidence, 
engine = jtree_inf_engine(BNET);

% Enter no evidence, 
evidence = cell(l,N);
[engine] = enter_evidence(engine, evidence);
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% Calculate probability of CD2 and store in cd2_storage. 
marg = marginal_nodes(engine, CD, 1); 
cdb_cd2_storage(1,cdb_p) = marg.T(2);

% Update progress bar 
timebar(cdb_hh,cdb_p/repeats)

end

% Close completed progress bar 
close(cdb hh)

% ***************************************************-*************-* 
% Calculate output arguments
^ ■k-k-k-k'k'k'k-k'k-k-k-k'k-k-k'k-k-k-k'k'k'k'k-k'k-k-k'k'k'k'k-k-k'k-k-k-k'k-k'k'k-k'k'k-k'k-k'k-k'k'k-k-k'k'k'k-k-k'k-k'k-k+t-k'k

% cd2_mean = mean of all cd2 values calculated in the above loop 
cd2_mean = mean(cdb_cd2_storage);

% cd2_std = standard deviation of all cd2 values calculated above 
cd2_std = std(cdb_cd2_storage);

% 95% confidence interval
cd2_95ci = 1.96*(sqrt(cd2_mean*(l-cd2_mean)/repeats)); 

save cdb_cd2_storage cdb_cd2_storage
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Appendix 8.10; Matlab program: INPUTPR0MPT2
function varargout = input_prompt2(varargin)
% INPUT_PR0MPT2 M-file for input_prompt2.fig
% INPUT_PR0MPT2, by itself, creates a new INPUT_PR0MPT2 or raises the 
% existing singleton*.
Q.O

% H = INPUT_PR0MPT2 returns the handle to a new INPUT_PR0MPT2 or the 
% handle tothe existing singleton*.
% "

% INPUT_PR0MPT2('CALLBACK',hObject,eventData,handles,...) calls the 
% local function named CALLBACK in INPUT_PR0MPT2.M with the given 
% input arguments.

% INPUT_PR0MPT2('Property','Value',...) creates a new INPUT_PR0MPT2 
% or raises the existing singleton*. Starting from the left, property 
% value pairs are applied to the GUI before input_prompt2_0peningFunction 
% gets called. Anunrecognized property name or invalid value makes 
% property application stop. All inputs are passed to 
% input_prompt2_0peningFcn via varargin.

% *See GUI Options on GUIDE'S Tools menu. Choose "GUI allows only one 
% instance to run (singleton)".

% See also: GUIDE, GUIDATA, GUIHANDLES

% Begin initialization code - DO NOT EDIT 
gui_Singleton = 1; 
gui_State = struct('gui_Name',

'gui_Singleton',
'gui_OpeningFcn'
'gui_OutputFcn' ,
'gui LayoutFcn',
'gui_Callback', []);

if nargin & isstr(varargin(1})
gui_State.gui_Callback = str2func(varargin{1

end

mfilename, ... 
gui_Singleton, 
@input_prompt2 
@input_prompt2
[] , ...

OpeningFcn, ... 
OutputFcn, ...

if nargout
[varargout(1: nargout}] = gui_mainfcn(gui_State, varargin(:}) ;

else
gui_mainfcn(gui_State, varargin{:});

end
% End initialization code - DO NOT EDIT

% --- Executes just before input_prompt2 is made visible.
function input_prompt2_0peningFcn(hObject, eventdata, handles, varargin)
% This function has no output args, see OutputFcn.
% hObject handle to figure
% eventdata reserved - to be defined in a future version of MATLAB 
% handles structure with handles and user data (see GUIDATA)
% varargin command line arguments to input prompt2 (see VARARGIN)

% Choose default command line output for input_prompt2 
handles.output = hObject;

% Update handles structure 
guidata(hObject, handles);

% UIWAIT makes input_prompt2 wait for user response (see UIRESUME) 
uiwait(handles.figure1);

% --- Outputs from this function are returned to the command line.
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function varargout = input_prompt2_OutputFcn(hObject, eventdata, handles! 
% varargout cell array for returning output args (see VARARGOUT);
% hObject handle to figure
% eventdata reserved - to be defined in a future version of MATLAB 
% handles structure with handles and user data (see GUIDATA)

% Get default command line output from handles structure 
% varargout(1} = handles.output;

% Assign output variables 
if handles.data.cancel == 0

varargout(l) = handles.data.node_data; 
varargout{2} = handles.data.sensitivity; 
varargout(3} = handles.data.repeats; 
delete(hObject)

% Set output variables to 'null' if the GUI was cancelled 
elseif handles.data.cancel == 1 

varargout(l) = 'null'; 
varargout{2} = 'null'; 
varargout(3} = 'null'; 
delete(hObject)

end

i 'k'k-k-k-k'k-k-k-k'k^e'k'k-k'k'k-k'k-k-k-k-k-k-k'k-k'k'k-k'k-k-k'k’k'fe'k-k'k'k-k-k-k-k'k-k’k'k'k-k'kir'k'k'k'k'k'k'k'k-k-k'k'k-k-k

% Analysis Selection
V •k-k-k'k-k'k-k-k'k'k'k-k-k-k-k'k'k-k-k-k-k-k-k-k-k'k'k'k'k'k-k'k-k'k-k-k'k-k'k'k-k'k-k-k-k-k'k-k'k-k-k-k-k'kie'k'k'k-k-k-k-k'k-k-k

% Multinode
% --- Executes on button press in multinode.
function multinode_Callback(hObject, eventdata, handles)

% Set non-Multinode GUI elements to hidden
off = [handles.singlesen, handles.doublesen]; 
info = [handles . singleinfo__text, handles . singleinfo_i .. . 

handles.singleinfo_b, handles.singleinfo_e,... 
handles.doubleinfo_text, handles.doubleinfo_i,... 
handles.doubleinfo_b, handles.doubleinfo_e]; 

mutual_exclude(off,info)

% Show Multinode description
set(handles.multiinfo_text, 'visible', 'on');

% Update GUI
guidata(hObject, handles);

% Single Sensitivity
% --- Executes on button press in singlesen.
function singlesen_Callback(hObject, eventdata, handles)

% Set non-Single Sensitivity GUI elements to hidden
off = [handles.multinode, handles.doublesen];
info = [handles.multiinfo_text, handles.doubleinfo_text,...

handles.doubleinfo_i, handles.doubleinfo_b,... 
handles.doubleinfo_e]; 

mutual_exclude(off,info)

% Show Single Sensitivity description and radio buttons 
singleinfo = [handles . singleinfo__text, handles . singleinfo_i,.. .

handles.singleinfo_b, handles.singleinfo_e]; 
set(singleinfo, 'visible', 'on');

guidata (hObject, handles);

% Double Sensitivity
% --- Executes on button press in doublesen.
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function doublesen_Callback(hObject, eventdata, handles)

% Set non-Double Sensitivity GUI elements to hidden
off = [handles.multinode, handles.singlesen];
info = [handles.multiinfo_text, handles.singleinfo_text,...

handles.singleinfo_i, handles.singleinfo_b,... 
handles.singleinfo_e]; 

mutual_exclude(off,info)

% Show Double Sensitivity description and checkboxes 
doubleinfo = [handles.doubleinfo_text, handles.doubleinfo_i.

handles.doubleinfo_b, handles.doubleinfo_e]; 
set(doubleinfo, 'visible', 'on');

guidata(hObject, handles);

-1 •k'k'k'k'k'k’k-k-k'k'k'k'k'k'k-k'k'k'k'k'k'k'kie'k-k’k'k'k-kic'k'k'k'k-k'k-k-k'k'k'k'k'k'k'k'k'kic'k-k'k'k'k'k-k'k-k'k'k'k'k-k'k-k

Sensitivity Analysis checkboxes, radioboxes and text

% Single Sensitivity, Node I
% --- Executes on button press in singleinfo_i.
function singleinfo_i_Callback(hObject, eventdata, handles) 
off = [handles.singleinfo_b, handles.singleinfo_e] ; 
mutual_exclude(off) ;

% Single Sensitivity, Node B
% --- Executes on button press in singleinfo_b.
function singleinfo_b_Callback(hObject, eventdata, handles) 
off = [handles.singleinfo_i, handles.singleinfo_e]; 
mutual_exclude(off);

% Single Sensitivity, Node E
% --- Executes on button press in singleinfo_e.
function singleinfo_e_Callback(hObject, eventdata, handles) 
off = [handles.singleinfo_i, handles.singleinfo_b] ; 
mutual_exclude(off);

% Double Sensitivity, Node I
% --  Executes on button press in doubleinfo_i.
function doubleinfo_i_Callback(hObject, eventdata, handles)

% Double Sensitivity, Node B
% --  Executes on button press in doubleinfo_b.
function doubleinfo_b_Callback(hObject, eventdata, handles)

% Double Sensitivity, Node E
% --- Executes on button press in doubleinfo_e.
function doubleinfo_e_Callback(hObject, eventdata, handles)

% Double Sensitivity, descriptive text
% --  Executes during object creation, after setting all properties.
function doubleinfo_text_CreateFcn(hObject, eventdata, handles)

Q. ■k-k-k-k-k'k-k'k'k'k'k'k'k-k'k-k'k'k'k-k'k'k'k'k'k'k'k'k'k-k-k'k-k'k-k'k-k-k-k'k-k'k'k'k'k'k'k'k'k-k'k'k'k'k'k'k-k-k'k-k'k'k'k'k'k

% Mean and Standard Deviation textboxes
Q. -k-k'k-k'k'k-k'k'k'k'k'k'k'k'k'k-k'k'k-k-k'k-k'k-k'k-k'k'k-k'k'k'k'k'k'k-k'k'k'k-k'k'k'k'k'k'k'k'k'k+r'k'k'k'k'k'k'k'k'k'k'k'fc'k'ko

% Node I
% --- Executes during object creation, after setting all properties.
function imean_CreateFcn(hObject, eventdata, handles) 
if ispc
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set(hObj ect, 'BackgroundColor', 'white');
else

set(hObj ect, 'BackgroundColor', ...
get ( 0, 'defaultUicontrolBackgroundColor' ) ) ;

end

function imean_Callback(hObject, eventdata, handles)
% Convert entered string to a number 
user_entry = str2double(get(hObject,'string'));

% Check that the entered string is numeric and between 0-1 
if isnan(user_entry)

errordlg('You must enter a numeric value for mean.',...
'Bad Input','modal')

elseif user_entry <= 0 | user_entry >= 1
errordlg('Mean must be a number between 0 and 1.','Bad Input','modal')

end

% --- Executes during object creation, after setting all properties.
function isd_CreateFcn(hObject, eventdata, handles) 
if ispc

set(hObj ect, 'BackgroundColor', 'white');
else

set(hObject,'BackgroundColor',...
get ( 0, 'defaultUicontrolBackgroundColor'));

end

function isd_Callback(hObject, eventdata, handles) 
% Convert entered string to a number 
user_entry = str2double(get(hObject,'string'));

% Check that the entered string is numeric and between 0-0.3 
if isnan(user_entry)

errordlg('You must enter a numeric value for standard deviation.',... 
'Bad Input','modal')

elseif user_entry < 0 I user_entry > 0.3
errordlg('Standard Deviation must be a number between 0 and 0.3.',... 

'Bad Input','modal')
end

% Node B
% --- Executes during object creation, after setting all properties.
function bmean_CreateFcn(hObject, eventdata, handles) 
if ispc

set(hObject,'BackgroundColor','white');
else

set(hObject,'BackgroundColor',...
get(0,'defaultUicontrolBackgroundColor'));

end

function bmean_Callback(hObject, eventdata, handles) 
% Convert entered string to a number 
user_entry = str2double(get(hObject, 'string'));

% Check that the entered string is numeric and between 0-1 
if isnan(user_entry)

errordlg('You must enter a numeric value for mean.',... 
'Bad Input','modal')

elseif user_entry <= 0 | user_entry >= 1
errordlg('Mean must be a number between 0 and 1.',... 

'Bad Input','modal')
end
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% --- Executes during object creation, after setting all properties.
function bsd_CreateFcn(hObject, eventdata, handles) 
if ispc

set(hObject,'BackgroundColor','white');
else

set(hObj ect, 'BackgroundColor', . . .
get(0,'defaultUicontrolBackgroundColor'));

end

function bsd_Callback(hObject, eventdata, handles) 
% Convert entered string to a number 
user_entry = str2double(get(hObject,'string'));

% Check that the entered string is numeric and between 0-0.3 
if isnan(user_entry)

errordlg('You must enter a numeric value for standard deviation.',... 
'Bad Input','modal')

elseif user_entry < 0 I user__entry > 0.3
errordlg('Standard Deviation must be a number between 0 and 0.3.',... 

'Bad Input','modal')
end

% Node E
% --- Executes during object creation, after setting all properties.
function emean_CreateFcn(hObject, eventdata, handles) 
if ispc

set(hObj ect, 'BackgroundColor', 'white');
else

set(hObj ect, 'BackgroundColor', ...
get (0, 'defaultUicontrolBackgroundColor'));

end

function emean_Callback(hObject, eventdata, handles) 
% Convert entered string to a number 
user_entry = str2double(get(hObject,'string'));

% Check that the entered string is numeric and between 0-1 
if isnan(user_entry)

errordlg('You must enter a numeric value for mean.',... 
'Bad Input','modal')

elseif user_entry <= 0 | user_entry >= 1
errordlg('Mean must be a number between 0 and 1.',... 

'Bad Input','modal')
end

o --- Executes during object creation, after setting all properties.
function esd_CreateFcn(hObject, eventdata, handles) 
if ispc

set(hObj ect, 'BackgroundColor', 'white ' );
else

set (hObject, 'BackgroundColor', ...
get(0,'defaultUicontrolBackgroundColor'));

end

function esd_Callback(hObject, eventdata, handles)
% Convert entered string to a number 
user_entry = str2double(get(hObject,'string'));

% Check that the entered string is numeric and between 0-0.3 
user_entry = str2double(get(hObject,'string')); 
if isnan(user_entry)

errordlg('You must enter a numeric value for standard deviation.',... 
'Bad Input','modal')

elseif user_entry < 0 | user_entry > 0.3
errordlg('Standard Deviation must be a number between 0 and 0.3.',... 

'Bad Input','modal')
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end

% Repeats listbox
% --- Executes during object creation, after setting all properties.
function repeats_CreateFcn(hObject, eventdata, handles) 
if ispc

set(hObj ect, 'BackgroundColor' , 'white ' ) ;
else

set(hObject, 'BackgroundColor', . . .
get(0,'defaultUicontrolBackgroundColor'));

end

% --- Executes on selection change in repeats.
function repeats_Callback(hObject, eventdata, handles)
% Hints: contents = get (hObject,'String') returns repeats contents as 

cell array contents{get(hObject,'Value')} returns selected 
% item from repeats

1 ■k-k'k-k-k'k'k'k'k-k'k'k'k'k'k'k'k'k'k'k'k'k-k-k-k'k-k'k'k-k'k-k-k'k'k'k-k-k-k'k-k-k-k'k'k'k'k-k-k'k'k'k'k'k'k-k'k-k'k'k'k'k-k'k'k

% OK Button
1 •k-k'k-k'k-k^'k'k'k'k-k^'k'k-k-k'k'k-k'k-k-k'k'k-k-k'k-k-k-k-k'k-k-k-k-k-k'k'k'k-k-k'k-k'k-k'k'k'k'k'k'k'k'k'k-k-k-k-k'k-k-k-k-k

% --- Executes on button press in ok_btn.
function ok_btn_Callback(hObject, eventdata, handles)

% Store entered data as numbers in node_data in this format:
% [ mean I, mean B, mean E ; sd I, sd B, sd E]
node_data = [str2num(get(handles.imean, 'String'))...

str2num(get(handles.bmean,'String'))... 
str2num(get(handles.emean,'String'));... 
str2num(get(handles.isd,'String'))... 
str2num(get(handles.bsd,'String'))... 
str2num(get(handles.esd,'String'))];

Set output format to "long", with 14 decimal places. This is necessary 
% for adjusting erroneous mean/SD pairs, 
format long

% Store means and SD in separate variables for easy reference 
mean = node_data (1, : ) ; 
sd = node_data(2,:);

% Calculate min and max allowable means for each standard deviation 
mean_min = (1-sqrt(1-8*sd.A2))/2; 
mean_max = (1+sqrt(l-8*sd.A2))/2;

% Calculate a maximum standard deviation for each mean 
sd__max = sqrt (0.5 . *mean. * (1-mean) ) ;

% Store node names 
node_names = ('i' 'b' 'e'];

% Check that mean/SD pair for each node is acceptable. If the mean is
% less than the minimum or greater than the maximum, send the node name
% and correct mean/sd values to the "fixpair" function. When the pair 
% is corrected, return to the GUI. This loop will be run each time OK
% is pressed, in case the user manually changes the numbers again.

for aa = 1:length(mean)
% Set a maximum limit of 0.3 on sd_max 
if sd_max(aa) > 0.3, sd_max(aa) = 0.3;end

% Create a "GUI address" for mean and sd to get and set values 
mean_handle = eval(['handles.' node_names(aa) 'mean']); 
sd handle = eval(['handles.' node names(aa) 'sd']);
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if mean(aa) <= mean_min(aa)
fixpair(node_names(aa), mean_min(aa),...

mean_handle, sd_max(aa), sd_handle)
return

elseif mean(aa) >= mean_max(aa)
fixpair(node_names(aa), mean_max(aa),...

mean_handle, sd_max(aa), sd_handle)
return

end
end

% Check that sufficient options have been selected.

% Prompt to select an analysis type if none has been selected 
if get(handles.multinode,'Value') == 0 & ... 

get(handles.singlesen,'Value') == 0 & ... 
get(handles.doublesen,'Value') == 0 
errordlg('You must select a type of analysis.','Bad Input','modal') 
return

end

% Prompt to select a node for single sens, analysis if none is selected 
if get(handles.singlesen,'Value')

if get(handles.singleinfo_i,'Value') == 0 & ... 
get(handles.singleinfo_b,'Value') == 0 & ... 
get(handles.singleinfo_e,'Value') == 0 
errordlg(['You must select a node for the '...

'Single Sensitivity Analysis.'],'Bad Input','modal')
return

end
end

% Check that the correct number of nodes are selected for double
o sensitivity analysis
if get(handles.doublesen,'Value')

doublenodes_index = [get(handles.doubleinfo_i,'Value')...
get(handles.doubleinfo_b,'Value')... 
get(handles.doubleinfo_e,'Value')];

% If no nodes are selected 
if sum(doublenodes_index) == 0

errordlg(['You must select 2 nodes for the '...
'Double Sensitivity Analysis.'],'Bad Input','modal')

return
% If only 1 node is selected
elseif sum(doublenodes_index) == 1

errordlg(['You must select 2 nodes for the '...
'Double Sensitivity Analysis.'],'Bad Input','modal')

return
% If all 3 nodes are selected
elseif sum(doublenodes_index) == 3

errordlg(['You may only select 2 checkboxes for the '...
'Double Sensitivity Analysis.'],'Bad Input','modal')

return
end

end
% Use 1,2,3 for I,B,E respectively so that it's not necessary to 
% translate letters into values later.
% sensitivity.type - stores type of analysis
% sensitivity.nodes - stores the node number: 1,2,3 for I,B,E
% sensitivity.nodenames - stores node names: I,B,E

% Multinode
if get(handles.multinode,'Value') 

sensitivity.type = 'multinode';
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% Single Sensitivity
elseif get(handles.singlesen,'Value') 

sensitivity.type = 'singlesen'; 
if get(handles.singleinfo_i,'Value') 

sensitivity(1).nodes = 1; 
sensitivity(1).nodenames = 'I'; 

elseif get(handles.singleinfo_b,'Value') 
sensitivity(1).nodes = 2; 
sensitivity(1).nodenames = 'B'; 

elseif get(handles.singleinfo_e,'Value') 
sensitivity(1).nodes = 3; 
sensitivity(1).nodenames = 'E';

end

% Double Sensitivity
elseif get(handles.doublesen,'Value') 

sensitivity.type = 'doublesen'; 
if get(handles.doubleinfo_i,'Value') & ... 

get (handles.doubleinfo_b, 'Value') 
sensitivity(1).nodes = 1; 
sensitivity (1). nodenames = 'In
sensitivity (2) . nodes = 2; 
sensitivity(2).nodenames = 'B'; 

elseif get(handles.doubleinfo_i,'Value') & ...
get (handles.doubleinfo_e, 'Value') 

sensitivity(1).nodes = 1; 
sensitivity(1).nodenames = 'I'; 
sensitivity(2).nodes = 3; 
sensitivity(2).nodenames = 'E'; 

elseif get(handles.doubleinfo_b,'Value') & ... 
get(handles.doubleinfo_e,'Value') 

sensitivity(1).nodes = 2; 
sensitivity(1).nodenames = 'B'; 
sensitivity(2).nodes = 3; 
sensitivity(2).nodenames = 'E';

end
end

% Get selected repeats
val = get(handles.repeats,'Value'); 
string_list = get(handles.repeats,'String'); 
repeats = str2num(string_list{val});

% Store in handles.data the data to be passed to M file 
handles.data.node_data = node_data; 
handles.data.sensitivity = sensitivity; 
handles.data.repeats = repeats;

% Set cancelled flag to 'O' (i.e. false)
handles.data.cancel = 0;

% Update GUI and resume uiwait. 
guidata(hObject, handles); 
uiresume
O

% Reset Button
Q- •k'k-k'k'k'k-k-k'k-k'k-k-k-k-k'k-k-kJc-k'k-k-k-k'k-k'k-k-k-k-k-k-k-k-k'k-k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'kic'k'k'k'k'k
o

% --- Executes on button press in reset_btn.
function reset_btn_Callback(hObject, eventdata, handles)

% Reset mean and SD fields to 0.5 and 0.2887 respectively
set([handles.imean, handles.bmean, handles.emean], 'String', '0.5') 
set([handles.isd, handles.bsd, handles.esd],'String','0.2887')

% Reset repeats listbox to default. 'Value' is the index of the list 
set(handles.repeats,'Value',1)
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% Set all radio buttons and info fields to hidden 
off = [handles.multinode,handles.singlesen, handles.doublesen]; 
info = [handles.singleinfo_text, handles.singleinfo_i... 

handles.singleinfo_b, handles.singleinfo_e,... 
handles.doubleinfo_text, handles.doubleinfo_i,... 
handles.doubleinfo_b, handles.doubleinfo_e,... 
handles.multiinfo_text]; 

mutual exclude(off,info);

^ ********************************************************-********* 
% Cancel Button
9- •k-k-k-k-k'k'k-k-k'k'k-k-k'k'k-k-k-k-k'k-k'k-k'k-k-k-k-k'k-k-k-k'k-k-k-k-k'k'k-k-k-k'k-k'k-k-k'k'k-k-k'k-k-k'k-k'k'k'k-k-k-k-k-k'kO

% --- Executes on button press in cancel_btn.
function cancel_btn_Callback(hObject, eventdata, handles)
% Set cancelled flag to '1' (i.e. true)
handles.data.cancel = 1;

% Update GUI and resume uiwait. 
guidata(hObject, handles); 
uiresume

% --- Executes when user attempts to close figurel.
function figurel_CloseRequestFcn(hObject, eventdata, handles)
% This ensures the GUI responds the same way to close requests 
% (such as from Alt-F4 or the Close Window button) as it does to the 
% Cancel button.

% Set cancelled flag to '1', or true, 
handles.data.cancel = 1;

% Update GUI and resume uiwait. 
guidata(hObject, handles); 
uiresume

9- •k-k'k-k-kk-k'k-k'k-k'kic'k-k-k'k'k'k-k-k'k-k'k'k'k'k-k-k-k'fc-k'kic-k-k-k'k'k'k-k-k-k-k'k'k'k-k'k'k'k-k'k'k'k-ir'k'k-k'k-k'k-k-k-kO
% Additional Functions
9- ■k-kk-k-k'k'k’-k'k-k'k-k-k-kk'kk-k'k'k'kk-k-k'k'k'k'k'k-k'k'k'k'k-k'k-k'k'k-kk'k'k-k'k'k'k'k-k-kk-k'kk'k-k'k-k'k-k-k'k'k-k-kO
% MUTUAL_EXCLUDE function
% Allows radio buttons and description fields to be mutually exclusive. 
% Any radio buttons stored in 'off' are deselected and any GUI fields 
% stored in 'info' are hidden. If only one input argument is supplied,
% it is assumed to contain radio buttons, 
function mutual__exclude (off, info) 
if nargin == 1

set(off,'Value',0)
else

set(off,'Value',0)
set(info,'visible','off')

end

% FIXPAIR function
% Informs the user that a bad mean/SD pair has been entered and prompts 
% them to correct the mean or SD with the nearest acceptable value, 
function fixpair(node_name, new_mean, mean_handle, new_sd, sd_handle)

% Create the 4 separate lines of dialog text. Mean and SD are presented 
% with the default precision used by num2str to avoid long sentences, 
qstringl = ['The mean/SD combination for node ' ...

upper(node_name) ' is invalid.']; 
qstring2 = ['For your SD of ' get(sd_handle,'String') ...

228



8. Appendices

', the nearest valid mean is ' num2str(new_mean) '.']; 
qstring3 = ['For your mean of ' get(mean_handle,'String') ...

', the nearest valid SD is ' num2str(new_sd) 
qstring4 = ['Please select the appropriate action:'];

% Construct question dialog text, using whitespace for new lines 
qstring = (qstringl ' ' qstring2 qstring3 ' ' qstring4 ' '};

answer = questdlg(qstring,'Bad Mean/Standard Deviation Combination',...
'Change Mean','Change SD','Cancel','Cancel');

% If the user selects to change the mean or SD, set the GUI field to 
% 0.00000000000001 above or below the minimum or maximum value. This is 
% because the exact minimum/maximum value would still yield a zero value 
% for alpha or beta, 
if strcmp(answer, 'Change Mean')

% If mean < minimum, set mean to minimum + le-14 
if str2num(get(mean_handle,'String')) < new_mean

set(mean_handle,'String',num2str(new_mean + 0.00000000000001,14))

% Else if mean is > maximum, set mean to maximum - le-14 
elseif str2num(get(mean_handle,'String')) > new_mean

set(mean_handle,'String',num2str(new_mean - 0.00000000000001,14))
end

elseif strcmp(answer, 'Change SD')
set(sd_handle, 'String', num2str(new_sd-0.00000000000001, 14 ) )

elseif strcmp(answer, 'Cancel') 
return

end
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Appendix 8.11 Matlab program: CDEV RESULTS

% CDEV_RESULTS graphs single and double sensitivity results.

% Get screen resolution to size 2 plots on the screen 
cdr_screensize = get (0, 'Screensize');

% w = width/2, minus 5 pixels for padding 
cdr_w = cdr_screensize(3)/2-5;

% Find h according to aspect ratio of plot window 
cdr_h = cdr_w / 1.15;

% Display results according to the type of analysis 
switch sensitivity(1).type

% Single Sensitivity Analysis 
case 'singlesen'

9- Jc-k-k'k-k-k-k'k-k-k'k-k-k'k-k'k-k-k-k-k-k-k-k'k'k'k'k-k-k-k'k-k-k'k-k-k-k-k-k-k-k-k-k-k-k-k-k'k-k'k'k'k'k'k'k'k'k'k-kic-k-kO
1. 2D plot of Single Sensitivity Analysis, Mean vs Mean

9- ■k'k'k'k-k'k-k-k'k'k'k'k'k'k'kr'k-k'k'k'k'k'k'k'k'ic'k'tc-k-k'k'k'k-k-k-k'kJe'k'k'k'k'k'ic-k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'kO

% Create figure
cdr_fl = figure('Position',.. .

[0 (cdr_screensize(4)-cdr_h)/2 cdr_w cdr_h],...
'Name','Single Sensitivity Analysis',...
'NumberTitle','off');

% Plot graph, using 95% Confidence Intervals for errorbars 
errorbar(cd2_mean_data(4,:), cd2_mean_data(1,:), cd2_mean_data(3,:))

% Axis and title labels
xlabel(['Mean of P(', sensitivity(l).nodenames, ')']) 
ylabel('Mean of \itX')
title(['Sensitivity of the Mean of \itX\rm '...

'to the Mean of P(', sensitivity(1).nodenames, ')'])

% Plot Multinode results on the same graph 
% This is displayed as a red star ('r*') 
hold on
plot(node_data (l,sensitivity(l) .nodes),cd2_mean_o, ...

'r*','MarkerSize',12,'LineWidth',2) 
hold off

% Set axis scales 
axis([0,1,0,1.0])

9. ■k'k-k-k-k-k-k-k-k'k'k'k-k-k-k'k-k'k-k'k-k'k-k-k-k'k-k-k-k-k'k-k'k'k'k'k'k-k-k^c'k'k-k'k-k'k-k-k-k'k-k'k'k-k'k'fc'k'k-k'k-k-k

% 2. 2D plot of the Single Sensitivity Analysis, Mean vs SD
0- -k'k'k'k'k-k-k-k'k'k'k'k'kJc-k-k-k'k'k'k'k-k'k'k'k'k'k'k-k'k'k-k-k'k-k'k-k'k'k-k-k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'kJc'tc'k'k'k

% Create figure
cdr_f4 = figure('Position',.. .

[0 (cdr_screensize(4)-cdr_h)/2 cdr_w cdr_h],...
'Name','Single Sensitivity Analysis',...
'NumberTitle','off');

% Plot graph, using 95% Confidence Intervals for errorbars 
errorbar(cd2_std_data(4,:), cd2_std_data(1,:), cd2_std_data(3,:))

% Axis and title labels
xlabel(['Standard Deviation of P(' sensitivity.nodenames, ')']) 
ylabel('Mean of \itX\rm')
title(['Sensitivity of the Mean of \itX\rm to the ',...
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'Standard Deviation of P(' sensitivity.nodenames, ')'])

% Plot Multinode results on the same graph 
% This is displayed as a red star ('r*') 
hold on
plot(node_data(2,sensitivity(l).nodes), cd2_mean_o,...

'r*','MarkerSize',12,'LineWidth',2) 
hold off

% Set axis scales 
axis ([0,0.3,0,1])

9- **************************************************************O

% 3. 2D plot of the Single Sensitivity Analysis, SD vs Mean
% ******************************************************* *******

% Create figure
cdr__f3 = f igure ('Position.

[cdr_w+10 (cdr_screensize(4)-cdr_h)/2 cdr_w cdr_h],... 
'Name','Single Sensitivity Analysis',...
'NumberTitle','off');

% Plot graph
plot(cd2_mean_data(4,:),cd2_mean_data(2,:))

% Axis and title labels
xlabel(['Mean of node P(' sensitivity.nodenames, ')'])
ylabel('Standard Deviation of \itX\rm')
title(['Sensitivity of the Standard Deviation of \itX\rm 

'to the Mean of P(' sensitivity.nodenames, ')'])

% Plot Multinode results on the same graph 
% This is displayed as a red star ('r*') 
hold on
plot (node_data (1, sensitivity (1) . nodes) , cd2_std__o, . . .

'r*','MarkerSize',12,'LineWidth',2) 
hold off

% Set axis scales 
axis ( [0, 1,0, 0.3] )

**************************************************************

4. 2D plot of the Single Sensitivity Analysis, SD vs SD 
^ **************************************************************

% Create figure
cdr_f2 = figure('Position.

[cdr_w+10 (cdr_screensize(4)-cdr_h)/2 cdr_w cdr_h],... 
'Name','Single Sensitivity Analysis',...
'NumberTitle','off');

% Plot graph
plot(cd2_std_data(4,:),cd2_std_data(2,:))

% Axis and title labels
xlabel(['Standard Deviation of P(', sensitivity(1).nodenames, ')'])
ylabel('Standard Deviation of \itX\rm')
title(['Sensitivity of the Standard Deviation of \itX\rm '...

'to the Standard Deviation of P(',... 
sensitivity(1).nodenames, ')'])

% Plot Multinode results on the same graph 
% This is displayed as a red star ('r*') 
hold on
plot(node_data(2,sensitivity(l).nodes), cd2_std_o,...

'r*','MarkerSize',12,'LineWidth',2) 
hold off
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% Set axis scales 
axis([0,0.3,0,0.3])

% Double Sensitivity Analysis 
case 'doublesen'

^ -k-k'k-k'k-k-k'k'k-k'k'k'k'k'k'k-k-k'k'k'k'k-k-k'k'k'k-k-k'k'k'k'k'k-k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k

% 1. 3D plot of the Double Sensitivity Analysis, Mean vs Mean, Mean
^ -k-k'k'k'k'k-k'k'k-k-k'k'k'k'k'k'k'k'k'k'k'k'k'k-k-k-k-k'k'k-k'k'k'k-k'k-k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k'k-k

% Create figure
cdr_fl = figure('Position', . . .

[0 (cdr_screensize(4)-cdr_h)/2 cdr_w cdr_h],...
'NameDouble Sensitivity Analysis: Mean',...
'NumberTitle','off');

% Create 3D mesh
% Assign. variables to X

cdr x = cd2 mean data (4
cdr _y = cd2 mean data (5
cdr z = cd2 mean data (1

% Define vectors of uniformly spaced points between min/max values 
cdr_xiv = linspace(min(cdr_x), raax(cdr_x) , 50); 
cdr_yiv = linspace(min(cdr_y) , max(cdr_y), 50);

% Create rectangular grid and interpolate the data into cdr_xi|yi|zi 
[cdr_xi, cdr_yi, cdr_zi] = ...

griddata (cdr__x, cdr_y, cdr_z, cdr_xiv, cdr_yiv');

% Plot the original data 
plot3(cdr_x, cdr_y, cdr_z, 'k')

% Plot interpolated mesh over the original data 
hold on
surf(cdr_xi, cdr_yi, cdr_zi,'FaceAlpha',0.99)

colormap(summer) 
grid on

% Plot Multinode data on the mesh as a red star
plot3(node_data(l,sensitivity(l).nodes),...

node_data(l,sensitivity(2).nodes), cd2_mean_o,...
'r*', 'MarkerSize',12, 'LineStyle' , 'LineWidth',2)

hold off

% Set axis sea
axis([ 0,1,0,1,

% Axis and tit
xlabel ( ['Mean
ylabel (['Mean
zlabel ('Mean o
title( ['Sensit

'to the
' ) and

les
0,1])

le labels
of P(', sensitivity(1).nodenames, ')'])
of P(', sensitivity(2).nodenames, ')'])
f \itX\rm')
ivity of the Mean of \itX\rm '...
Means of P(', sensitivity(1).nodenames,... 
P(', sensitivity(2).nodenames, ')'])

9r •k-k-k'k'k-k-k'k'k-kie-k-k-k'k-kie'k-k-k-k-k-k-k-k'k'k-k-k'k'k-k-k'k-k-k-k'k-k'k-k-k-k-k-k'k'kie'k'k-k'k'k'k-k-k'k'k-k'k'k-k-k'k-k

% 2. 3D plot of the Double Sensitivity Analysis, Mean vs SD, SD 
^ *****■*■*•***-****•****•■*•********•****-**********************************•

% Create figure
cdr_fl = figure('Position',...

[0 (cdr_screensize(4)-cdr_h)/2 cdr_w cdr_h],... 
'Name','Double Sensitivity Analysis: Mean',...
'NumberTitle','off');
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% Create 3D mesh
% Assign variables to x, y, z axes 
cdr_xsd = cd2_std_data(4,:); 
cdr_ysd = cd2_std_data(5,:); 
cdr^zsd = cd2_std_data(1,:);

% Define vectors of uniformly spaced points between min/max values 
cdr_xivsd = linspace(min(cdr_xsd), max(cdr_xsd), 50); 
cdr_yivsd = linspace(min(cdr_ysd), max(cdr_ysd), 50);

% Create rectangular grid and interpolate the data into cdr_xi|yi|zi 
[cdr_xisd, cdr_yisd, cdr_zisd] = ...

griddata(cdr_xsd, cdr_ysd, cdr_zsd, cdr_xivsd, cdr_yivsd');

% Plot the original data
plot3(cdr_xsd, cdr_ysd, cdr_zsd, 'k')

% Plot interpolated mesh over the original data 
hold on
surf(cdr_xisd, cdr_yisd, cdr_zisd)

colormap(summer) 
grid on

% Set axis scales 
axis([0,0.3,0,0.3,0,1])

% Plot Multinode data on the mesh as a red star 
plot3(node_data(2,sensitivity(l).nodes),...

node_data(2,sensitivity(2).nodes), cd2_mean_o,...
'r*','MarkerSize',12,'LineStyle','LineWidth',2) 

hold off

% Axis and title labels
xlabel(['Standard Deviation of P(', sensitivity(1).nodenames, ')'])
ylabel(['Standard Deviation of P(', sensitivity(2).nodenames, ')']) 
zlabel('Mean of \itX\rm')
title(['Sensitivity of the Mean of \itX\rm '...

'to the Standard Deviations of P(',sensitivity(1).nodenames,... 
') and P(', sensitivity(2).nodenames, ')'])

^ *****************************************************************
% 3. 3D plot of the Double Sensitivity Analysis, SD vs Mean, Mean
9- 'k'k'k'k-k'kie-k-k'k-k-k-k-k'k'k-k'k-k'k'k-k-k-k-k'k-k-k-k-k'k'k'k'k'k'k-k'-k-k-k-k-k'k-k-k-ie'Je'ie'k'k-k'k'k'k'k'k'k'k'k'k'k'k'k-k'kO

% Create figure
cdr_f2 = figure('Position',...

[cdr_w+10 (cdr_screensize(4)-cdr_h)/2 cdr_w cdr_h],... 
'Name',['Double Sensitivity Analysis: ',...
'Standard Deviation'] , ...
'NumberTitle','off');

% Create 3D mesh
% Assign variables to x, y, z axes 
cdr_x = cd2_mean_data(4,:); 
cdr__y = cd2_mean_data (5, :) ; 
cdr_z = cd2_mean_data(2,:);

% Define vectors of uniformly spaced points between min/max values 
cdr_xiv = linspace(min(cdr_x), max(cdr_x), 50); 
cdr_yiv = linspace(min(cdr_y), max(cdr_y), 50);

% Create rectangular grid and interpolate the data into cdr_xi|vi|zi 
[cdr_xi, cdr_yi, cdr_zi] = ...

griddata(cdr_x, cdr_y, cdr_z, cdr_xiv, cdr_yiv');
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% Plot the original data 
plot3(cdr_x, cdr_y, cdr_z, 'k')

% Plot interpolated mesh over the original data 
hold on
surf(cdr_xi, cdr_yi, cdr_zi)

colormap(summer) 
axis tight 
grid on

% Set axis scales 
axis([0,1,0,1,0,0.31)

% Plot Multinode data on the mesh as a red star 
plot3(node_data(l,sensitivity(l) .nodes) , . . .

node_data(l,sensitivity(2).nodes), cd2_std_o,...
'r*','MarkerSize',12,'LineStyle','LineWidth',2) 

hold off

% Axis and title labels
xlabel(['Mean of P(', sensitivity(1).nodenames, ')'])
ylabel(['Mean of P(', sensitivity(2).nodenames, ')'])
zlabel('Standard Deviation of \itX\rm')
title(['Sensitivity of the Standard Deviation of \itX\rm '...

'to the Means of P(', sensitivity(1).nodenames,...
') and P(', sensitivity(2).nodenames, ')'])

^ kkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkk

% 4. 3D plot of the Double Sensitivity Analysis, SD vs SD, SD
^ kkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkkk

% Create figure
cdr_f2 = figure('Position.

[cdr_w+10 (cdr_screensize(4)-cdr_h)/2 cdr_w cdr_h],... 
'Name',['Double Sensitivity Analysis:
'Standard Deviation'],...
'NumberTitle' , 'off');

% Create 3D mesh
% Assign variables to x, y, z axes 
cdr_xsd = cd2_std_data(4 , :) ; 
cdr_ysd = cd2_std_data(5, :) ; 
cdr_zsd = cd2_std_data(2, :) ;

% Define vectors of uniformly spaced points between min/max values 
cdr_xivsd = linspace(min(cdr_xsd), max(cdr_xsd) , 50); 
cdr_yivsd = linspace(min(cdr_ysd), max(cdr_ysd) , 50);

% Create rectangular grid and interpolate the data into cdr_xi|yi|zi 
[cdr_xisd, cdr_yisd, cdr_zisd] = ...

griddata(cdr_xsd, cdr_ysd, cdr_zsd, cdr_xivsd, cdr_yivsd');

% Plot the original data
plot3(cdr_xsd, cdr_ysd, cdr_zsd, 'k')

% Plot interpolated mesh over the original data 
hold on
surf(cdr_xisd, cdr_yisd, cdr_zisd, 'FaceAlpha' , 0.99)

colormap(summer) 
grid on
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% Plot Multinode data on the mesh as a red star 
plot3(node_data(2,sensitivity(l).nodes),...

node_data(2,sensitivity(2).nodes), cd2_std_o,...
'r*','MarkerSize',12,'LineStyle','-','LineWidth’,2) 

hold off

% Set axis scales 
axis([0,0.3,0,0.3,0,0.3])

% Axis and title labels
xlabel(['Standard Deviation of P(', sensitivity(1).nodenames, ')'])
ylabel(['Standard Deviation of P(', sensitivity(2).nodenames, ')'])
zlabel('Standard Deviation of \itX\rm')
title(['Sensitivity of the Standard Deviation of \itX\rm '...

'to the Standard Deviations of P(',sensitivity(1).nodenames,... 
') and P(', sensitivity(2).nodenames, ')'])

end

% Clear all temporary variables from this program 
clear cdr *
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Appendix 8.12 Matlab program: CDEVSAVE

% CDEV_SAVE saves the current deviation workspace.
% CDEV_SAVE prompts the user for their name and a short description of 
% the current case before saving their responses, together the current 
% workspace, in two separate date- and timestamped files. The filenames 
% are of the form:
% yyyy-mm-dd-(HH-MM-SS)-workspace.mat
% yyyy-mm-dd-(HH-MM-SS)-description.txt
ao

% They serve two main functions:
% (1) The workspace can be restored at any point in the future.
% (2) The description file can be used as a searchable index of cases.

% Get current time and replace character with
cds_timestamp = strrep(datestr(now,13),':','-');

% Load savedir in case it has been cleared 
load savedir

% Store filenames for the workspace and description file 
CDS_workspacepath = (savedir, '\’, datestr(now,29),...

'-(', cds_timestamp, ')-workspace', '.mat'];
CDS_descriptionpath = [savedir, '\', datestr(now,29),...

'-(', cds_timestamp, ')-description', '.txt'];

% Prompt for information about the case 
cds_saveprompt = {'Operator''s name',...

'Enter a short description for the case.'}; 
cds__saveprompttitle = 'Case Information'; 
cds_savepromptnumlines= [1; 3];

case__info = inputdlg (cds_saveprompt, cds_saveprompttitle, . . .
cds_savepromptnumlines);

% Terminate program if save dialog is cancelled 
if length(case_info) == 0

disp('>> Save cancelled.') 
clear cds_* 
clear CDS_* 
return

end

% Copy the case description into a new variable, cds_p 
cds_p = case__inf o ( 2 };

% In case there are carriage returns in the description field, we must 
% construct an fprintf command that will separate each row into its own 
% variable. There will be no impact if there are no carriage returns. 
cds_row_args = 'cds_p(1,:)';

for cds_j = 2:size(cds_p,1)
cds_row_args = [cds_row_args ', cds_p(' num2str(cds_j) ',:)'];

end

% Construct fprintf command and store it in 's'
cds_s = ['fprintf(cds_h,''%s\n'', ', cds_row_args, ')'];

% Open file, write information for each input field and close the file. 
% 'wt': w is for writing, t is for text mode 
cds_h = fopen(CDS_descriptionpath,'wt');

% A junk variable, cdst_junk, is used to catch the status reports 
% returned by fprintf and fclose
cds_junk = fprintf(cds_h,'Operator: %s',case_info(1});
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% Write the type of analysis to file 
if sensitivity(1).type == 'multinode' 

cds_junk = fprintf(cds_h,...
'\n\nAnalysis: Multinode, %.0f repeats', repeats); 

elseif sensitivity(1).type == 'singlesen' 
cds_junk = fprintf(cds_h,...

'\n\nAnalysis: SingleSensitivity, %.0f repeats', repeats); 
elseif sensitivity(1).type == 'doublesen' 

cds_junk = fprintf(cds_h,...
'\n\nAnalysis: DoubleSensitivity, %.0f repeats', repeats);

end

% Write runtime to file 
if timetaken < 60

cds_junk = fprintf(cds_h,'\n\nRun Time: %.2f seconds',timetaken); 
elseif timetaken > 60 & timetaken < 3600 

cds_t = timetaken/60;
cds_junk = fprintf(cds_h,'\n\nRun Time: %.2f minutes',cds_t); 

elseif timetaken > 3600
cds_t = timetaken/3600;
cds_junk = fprintf(cds_h,'\n\nRun Time: %.2f hours',cds_t);

end

cds_junk = fprintf(cds_h,'\n\nDescription:\n'); 
cds_junk = eval(cds_s); 
cds_junk = fclose(cds_h);

% Clear all temporary variables from this program. Clear at this point 
% so the cds_* variables aren't present when the workspace is saved, 
clear cds_*

% Save workspace file, 
save(CDS_workspacepath);

% User feedback
disp([’>> Workspace saved to: ' CDS_workspacepath])
disp([’>> Description file saved to: ', CDS_descriptionpath])

% Clear remaining CDS_* variables 
clear CDS *

237



8. Appendices

Appendix 8.13 Matlab program: CDEV LOAD

% CDEV_LOAD provides an interface to previous current deviation analyses. 
% CDEV_LOAD allows the user to load a specific workspace, or search 
% for keywords that have been saved in descriptive text files.

% If previous results are still in the workspace, ask to save it before 
% loading the next workspace.
if exist('BNET') & exist('node_data') & exist('cd2_mean_o')

cdl_qstringl = ['Do you want to save existing data first?']; 
cdl_qstring2 = ['Note: Answering "No" will clear the current ',...

'workspace.'];
cdl_question = {cdl_qstringl ' ' cdl_qstring2 ' '};

cdl_savefirst = questdlg(cdl_question, 'Alert', 'Yes', 'No',...
'Cancel', 'Yes');

if strcmp(cdl_savefirst, 'Yes') 
cdev_save

elseif strcmp(cdl_savefirst, 'No') 

else
disp('>> Load cancelled.') 
clear cdl_*
return

end
end

% Save temporary workspace in case it has to be restored 
save cdl_workspacetemp.mat

% Clear workspace 
clear all

% Load savedir in case it was just cleared above 
load savedir

% Prompt to Load or Search for a workspace
cdl_qstr='Do you want to load a specific workspace, or search for one?'; 
cdl_loadorsearch = questdlg(cdl_qstr, 'Alert', 'Load', 'Search',...

'Cancel', 'Load');
% If Load was selected... 

if strcmp(cdl_loadorsearch, 'Load')
[cdl_selectedfile, cdl_selectedpath] = ...

uigetfile([savedir '\*.mat'],'Load Workspace File');

cdl_loadfile = [cdl_selectedpath cdl_selectedfile];

if cdl_selectedfile == 0 & cdl_selectedpath == 0
disp('>> Load cancelled, previous workspace has been restored.')
load cdl_workspacetemp.mat
delete cdl_workspacetemp.mat
clear cdl_*
return

end
% Else if Search was selected
elseif strcmp(cdl_loadorsearch, 'Search')

% Search for a keyword in text files in the savedir (and 
% subdirectories) and store the results in cdl_searchresult

% Prompt for a keyword to search for in the savedir and its 
% subdirectories.
cdl_keyword = inputdlg('Enter one search term:');
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% Terminate program if the search is cancelled by the user 
if length(cdl_keyword) == 0

disp('>> Search cancelled, previous workspace has been restored.') 
load cdl_workspacetemp.mat 
delete cdl_workspacetemp.mat 
clear cdl_*
return

end

% Perform search
cdl_searchresult = mf ilegrep(cdl_keyword{1}, savedir, 1);

% Search will retrieve .txt files, so replace with .mat 
cdl_searchresult = strrep(cdl_searchresult, . . .

'description.txt','workspace.mat');

% If only one search result, store it directly in cdl_loadfile 
if length(cdl_searchresult) == 1

cdl_loadfile = cdl_searchresult{1, 1} ;

% If there are multiple search results, display them in a listbox 
elseif length(cdl_searchresult) > 1

[cdl_searchchoice, cdl__searchchoiceok] = ...
list dlg('Liststring',cdl__s ear chresult, . . .

'SelectionMode','single',...
'Name','Search Results',...
'ListSize',[300 160]);

% Terminate if the listbox selection is cancelled by user 
if cdl_searchchoiceok == 0
disp('>> Load cancelled, previous workspace has been restored.') 
load cdl_workspacetemp.mat 
delete cdl^workspacetemp.mat 
clear cdl_*
return

end

% Store the listbox choice in cdl_loadfile 
cdl_loadfile = cdl_searchresult{cdl_searchchoice, 1} ;

% Terminate if there are no search results
elseif length(cdl_searchresult) == 0 

disp('>> No search results.') 
load cdl_workspacetemp.mat 
delete cdl_workspacetemp.mat 
clear cdl_* 
return

end

% Terminate if program is cancelled at the load/search prompt
else

disp('>> Load cancelled.') 
load cdl_workspacetemp.mat 
delete cdl_workspacetemp.mat 
clear cdl_* 
return

end

% Load workspace 
load(cdl_loadfile)

% Display information about the loaded workspace 
disp(' ')
disp('>> Loaded Workspace Information:') 
disp([' Filename: ', cdl_loadfile])
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disp([' Operator''s Name: case_info{1}])
disp([' Case Description: ' , case_info{2}(1,:)])

% Formatting if the case description contains carriage returns 
% Uses a for loop to display successive lines from 2 onwards 
if size(case_info{2},1) > 1

for cdl_a = 2:size(case_info{2},1)
disp([' ', case_info{2}(cdl_a,:)])

end
end

Display input data
disp ( 
disp ( 
disp ( 
disp ( 
disp ( 
disp 
disp 
disp 
disp 
disp (

Input Data:' 
Mean I: '
Standard 
Mean B: 1

, num2str(node_data(1,1 
Deviation I: ', num2str 
, num2str(node data(1,2

Standard Deviation B 
Mean E:
Standard Deviation E:

) ) ] ) 
(node 
) ) ] ) ' 

num2str(node 
num2str(node data(l,3))]) 

num2str(node
Repeats: num2str(repeats) ] )

data(2,1))]) 

data (2,2))]) 

data (2,3))])

% Sort cdb_cd2_storage
cdf_cdb_cd2_storage = sort(cdb_cd2_storage); 

format short

% Display results of Multinode analysis 
disp('>> Results: ')
disp( [ ' Mean of X: ', num2str(cd2_mean_o) ])
disp([' 95% Confidence Interval of the Mean of X:

num2str(cd2_mean_o - cd2_95ci_o), ' -
num2str(cd2_mean_o + cd2_95ci_o)]) 

disp([' Standard Deviation of X: ', num2str (cd2__std_o) ] )
disp([ ' 95% of X values fall in the interval:

num2str(cdb_cd2_storage_sorted(round(0.025*... 
length(cdb_cd2_storage_sorted)))) ' - ' ...
num2str(cdb_cd2_storage_sorted(length(cdb_cd2_storage_sorted)... 
-round(0.025*length(cdb_cd2_storage_sorted))))]) 

disp([' ' num2str(length(cdb_cd2_storage_sorted(...
cdb_cd2_storage_sorted>0.5))/(length(cdb_cd2_storage_sorted/100))... 
*100) '% of X values are greater than 0.5.'])

disp(' ')
disp('>> Program finished.')

% Display time taken in seconds or minutes 
if timetaken < 60

disp(['>> Total time taken: ', num2str(timetaken), ' seconds.'])
else

disp(['>> Total time taken: ', num2str(timetaken/60), ' minutes.'])
end

% If the analysis type is not Multinode, prompt to plot results, 
if sensitivity(1).type == 'singlesen'

disp([’>> Single Sensitivity analysis with node ',...
sensitivity(1).nodenames ':']) 

disp('>> Type "cdev_results" to plot results.') 
elseif sensitivity(1).type == 'doublesen' 

disp(' ')
disp([’>> Double Sensitivity analysis with nodes ',...

sensitivity(1).nodenames ' and ' sensitivity(2).nodenames ':']) 
disp('>> Type "cdev_results" to plot results.')

end

% Clear all temporary variables from this program 
clear cdl *
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% Clear CDS_* variables remaining from "cdev_save" 
clear CDS_*_

% Delete temporary workspace if it still exists 
delete cdl_workspacetemp.mat

241



9. Bibliography

9. Bibliography
1. Drysdale D. An Introduction to Fire Dynamics, 2nd Edition. Wiley; 1999.

2. DeHaan JD. Kirk's fire investigation. Upper Saddle River, N.J.: Brady; 2006.

3. Australian Standard 1940, The Storage and Handling of Flammable and 
Combustible Liquids. 2004.

4. Redsicker DR, O'Connor JJ. Practical Fire and Arson Investigation: Second 
Edition. CRC-Press; 1996.

5. Icove DJ, DeHaan JD. Forensic Fire Scene Reconstruction. Prentice Hall; 
2003.

6. Babrauskas V. Peacock RD. Heat Release Rate: The Single Most Important
Variable in Fire Hazard. Fire Safety Journal. 1992. 18.

7. Babrauskas V. Development of the cone calorimeter - A bench-scale heat
release rate apparatus based on oxygen consumption. Fire and Materials. 1984. 
8(2):81 -95.

8. Janssens ML. Measuring rate of heat release by oxygen consumption. Fire 
Technology. 1991.27(3):234-249.

9. Clayton Huggett. Estimation of rate of heat release by means of oxygen 
consumption measurements. Fire and Materials. 1980. 4(2):61-65.

10. National Fire Protection Association Technical Committee on Fire 
Investigations. NFPA 921. guide for fire and explosion investigations. Quincy, 
Mass.: The Association; 1995.

11. Babrauskas V. Estimating room flashover potential. Fire Technology. 1980. 
16(2):94-103.

12. Yu KSS. Flashover and backdraught. Fire Fmgineers Journal. 1992. 
52(167):27-29.

13. ASTM-E 1387-01 (Standard Test Method for Ignitable Liquid Residues in 
Extracts from Fire Debris Samples by Gas Chromatography).

14. ASTM-E 1618-01 (Standard Test Method for Ignitable Liquid Extracts by Gas 
Chromatography-Mass Spectrometry).

15. Stauffer E, Lentini JJ. ASTM standards for fire debris analysis: a review. 
Forensic Science International. 2003. 132(1 ):63-67.

16. Lentini JJ. Scientific Protocols for Fire Investigation. CRC; 2006.

242



9. Bibliography

17. Pert AD, Baron MG, Birkett JW. Review of Analytical Techniques for Arson 
Residues. Journal of Forensic Sciences. 2006. 51(5): 1033-1049.

18. Noon RK. Forensic engineering investigation. Florida: CRC Press; 2001.

19. Babrauskas V. Charring rate of wood as a tool for fire investigations. Fire 
Safety Journal. 2005. 40(6):528-554.

20. Conner L, Chin S, Furton KG. Evaluation of field sampling techniques 
including electronic noses and a dynamic headspace sampler for use in fire 
investigations. Sensors and Actuators B: Chemical. 2006. 116(1-2):121-129.

21. Almirall JR, Furton KG. Analysis and Interpretation of Fire Scene Evidence. 
CRC; 2004.

22. Frontela L. Pozas JA, Picabea L. A comparison of extraction and adsorption 
methods for the recovery of accelerants from arson debris. Forensic Science 
International. 1995. 75(1): 11-23.

23. Furton KG, Almirall JR. Bi M, Wang J, Wu L. Application of solid-phase 
microextraction to the recovery of explosives and ignitable liquid residues from 
forensic specimens. Journal of Chromatography A. 2000. 885(1-2):419-432.

24. Tan B, Hardy JK, Snavely RE. Accelerant classification by gas 
chromatography/mass spectrometry and multivariate pattern recognition. 
Analytica Chimica Acta. 2000. 422(1 ):37-46.

25. Cooke RA, Ide RH. Principles of fire investigation. Leicester, England: 
Institution of Fire Engineers; 1985.

26. Beland B. Electrical Damages - Cause or Consequence? Journal of Forensic 
Sciences. 1984. 29:747-761.

27. Babrauskas V. How Do Electrical Wiring Faults Lead to Structure Ignitions? 
Fire and Arson Investigator. 2002. 52(3):39-45.

28. New South Wales Fire Brigades. New South Wales Fire Brigades Annual
Statistical Report 2001/02 [Internet]. 2001. Available from:
http://www.nswtb.nsw.gov.au/education/publications/statisticsreport_0102.pdf

29. NSW Fire Brigades Statistical Research. Fires in the home 1987-1995. 1996.

30. U.S. Fire Administration / National Fire Data Center. All Structure Fires in 
2000. Topical Fire Research Series. 2004. 3(8)

31. U.S. Fire Administration / National Fire Data Center. Residential Structure 
Fires in 2000. Topical Fire Research Series. 2004. 3(9)

243



9. Bibliography

32. Office of the Deputy Prime Minister (ODPM). Fire Statistics United Kingdom, 
2002. London: Office of the Deputy Prime Minister Publications; 2004.

33. Office of the Deputy Prime Minister (OPDM). Fires in the Home: findings from 
the 2002/3 British Crime Survey. London: ODPM Publications; 2004.

34. Twibell JD. Reporting of Electrical Fires Hides True Picture. Fire Prevention. 
1995. 282:13-15.

35. Butler J, Orr T. Following the wrong leads. Fire Prevention. 1993. 264:26-27.

36. Beland B. Comments concerning electricity as the cause in the fire statistics. 
Fire and Arson Investigator. 1987. 37(4):22-27.

37. Carper KL. Forensic engineering. New York: Elsevier; 1989.

38. Babrauskas V. Ignition Handbook: Principles and Applications to Fire Safety 
Engineering, Fire Investigation, Risk Management and Forensic Science. Fire 
Science Pub; 2003.

39. Germer LH. Electrical Breakdown between Close Electrodes in Air. J. Appl. 
Phys. 1959. 30(1 ):46-51.

40. Beland B. Examination of Electrical Conductors Following a Fire. Fire 
Technology. 1980. 16(4):252-258.

41. Beland B. Arcing phenomenon as related to fire investigation. Fire Technology. 
1981. 17(3): 189-201.

42. Bernstein T. Electrical Fires: Causes, Prevention and Investigation. In: 
Electrical Hazards and Accidents: Their Cause and Prevention. New York: Van 
Nostrand Reinhold; 1991. p. 116-134.

43. Twibell JD. Electricity and Fire. In: Fire Investigation. New York: Taylor & 
Francis; 2004.

44. Yereance R. Electrical Fire Analysis. Springfield: Charles C. Thomas; 1987.

45. Smith LE, McCoskrie D. What causes wiring fires in residences? Fire Journal. 
1990. 84(1): 19-24.

46. Hall JR, Bukowski R, Gomberg A. Analysis of electrical fire investigations in 
ten cities. Washington, DC: National Bureau of Standards; 1983.

47. Beland B. Considerations on arcing as a fire cause. Fire Technology. 1982. 
18(2): 188-202.

48. Ettling BY. Glowing connections. Fire Technology. 1982. 18(4):344-349.

244



9. Bibliography

49. Ettling BV. Arc Marks and Gouges in Wires and Heating at Gouges. Fire 
Technology. 1981. 17(1):61.

50. Beland B. Heating of damaged conductors. Fire Technology. 1982. 18(3):229- 
236.

51. Beland B. The Overloaded Circuit as a Fire Source. Fire and Arson 
Investigator. 1981.31:13-18.

52. Beland B. Some Fires of Electrical Origin. Fire and Arson Investigator. 1986. 
37(2):37-38.

53. Rakosnik R. Fire Investigation: Mennonite Church. Fire Engineering. 2001. 
154:113-114.

54. Goodson M, Perryman T, Colwell K. Effects of Polyurethane Foam Systems on 
Wiring Ampacity. Fire and Arson Investigator. 2002. 52(4):47-50.

55. Theriault MG, Theriault AJ. Effects of mineral wool insulation on electric 
cables in buildings. Fire Technology. 1992. 28(3):228-239.

56. Popular Extension Cord Reels Can Be Real Dangerous. Fire Findings. 1994. 
2(1): 13.

57. Ettling BV. A Guide for Interpreting Damage to Electrical Wires. Fire and 
Arson Investigator. 1986. 37(2):46-47.

58. Billings M, Smith A, Wilkins R. Tracking in Polymeric Insulation. Electrical 
Insulation, IEEE Transactions on. 1967. EI-2(3): 131-137.

59. Wilkins R, Billings M. Effect of Discharges between Electrodes on the Surface 
of Organic Insulation. Proc. IEE. 1969. 116:1777-1784.

60. Babrauskas V. Mechanisms and modes for ignition of low-voltage, PVC- 
insulated electrotechnical products. Fire and Materials. 2006. 30(2): 151-174.

61. Ettling BV. Electrical Wiring in Building Fires. Fire Technology. 1977. 
13:317-325.

62. Beland B. Mechanical behaviour of copper conductors in relation to fire 
investigation. Fire and Arson Investigator. 1997. 47(4):8-9.

63. Delplace M, Vos E. Electric Short Circuits Help the Investigator Determine 
Where the Fire Started. Fire Technology. 1983. 19(3): 185-191.

64. Gray DA, Drysdale DD, Lewis FAS. Identification of Electrical Sources of 
Ignition in Fires. Fire Safety Journal. 1983. 6(2): 147-150.

245



9. Bibliography

65. Levinson DW. Copper Metallurgy as a Diagnostic Tool for Analysis of the 
Origin of Building Fires. Fire Technology. 1977. 13:211-222.

66. Anderson RN. Surface Analysis of Electrical Arc Residues in Fire 
Investigation. Journal of Forensic Sciences. 1989. 34(3):633-637.

67. Flowitt DG. The Surface Analysis of Copper Arc Beads - A Critical Review. 
Journal of Forensic Sciences. 1997. 42(4):608-609.

68. Howitt DG. The chemical composition of copper arc beads; a red herring for 
the fire investigator. Fire and Arson Investigator. 1998. 48(3):34-39.

69. Henderson R, Manning C, Barnhill S. Questions concerning the use of carbon 
content to identify ‘'Cause" v.v “Result” beads in fire investigations. Fire and 
Arson Investigator. 1998. 48(3):26-27.

70. Masui M. Possibility of Carbon Inclusion in the Molten Mark of Polyvinyl 
Chloride Insulated Cords due to a Fire. Trans. IEEE Japan. 1992. 112A( 1 ):78- 
79.

71. Babrauskas V. Fires due to Electric Arcing: Can ‘Cause' Beads Be 
Distinguished from ‘Victim' Beads by Physical or Chemical Testing? In: Fire 
and Materials 2003. London: Interscience Communications Ltd.; 2003.

72. Kolmogorov AN. Foundations of the theory of probability. New York: Chelsea 
Publishing Company; 1956.

73. von Mises R. Probability. statistics and truth. London: William Hodge; 1939.

74. Neapolitan RE. Learning Bayesian Networks. Prentice Flail; 2004.

75. DeGroot MFI. Probability and Statistics. Reading, Mass.: Addison-Wesley 
Pub. Co.; 1986.

76. Kahneman D, Slovic P, Tversky A. Judgment under uncertainty : heuristics 
and biases. Cambridge ; New York :: Cambridge University Press,; 1982.

77. Winkler R. The assessment of prior distributions in Bayesian analysis. 
American Statistical Association. 1967. 62:776-800.

78. Pitman J. Probability. New York: Springer-Verlag; 1993.

79. Hogarth RM. Cognitive Processes and the Assessment of Subjective Probability 
Distributions. Journal of the American Statistical Association. 1975. 
70(350):271-289.

80. Berger JO. Statistical decision theory and Bayesian theory. New York: 
Springer-Verlag; 1985.

246



9. Bibliography

81. Jensen FV. Bayesian networks basics. AISB Quarterly. 1996. 94:9-22.

82. Lindley DV. Probability. In: The use of statistics in forensic science. New 
York: Ellis Horwood; 1991. p. 27-50.

83. Coupe VMH, van der Gaag LC, Habbema JDF. Sensitivity analysis: an aid for 
belief-network quantification. The Knowledge Engineering Review. 2000. 
15(3):215-232.

84. Aitken CGG, Taroni F. Statistics and the Evaluation of Evidence for Forensic 
Scientists. Wiley; 2004.

85. Lindley DV. Foundations. In: Subjective Probability. Chichester: Wiley; 
1994.

86. Bayes RT. An Essay Toward Solving a Problem in the Doctrine of Chances. 
Philosophical Transactions of the Royal Society of London. 1763. 53:370-418.

87. Thompson WC, Schumann EL. Interpretation of Statistical Evidence in 
Criminal Trials: The Prosecutor's Fallacy and the Defense Attorney's Fallacy. 
Law and Human Behaviour. 1987. 11(3): 167-187.

88. Good IJ. Probability and the Weighing of Evidence. London: Charles Griffin &
Co. Ltd.; 1950. '

89. Good IJ. Weight of evidence and the Bayesian likelihood ratio. In: The use of 
statistics in forensic science. New York: Ellis Florwood; 1991.

90. Korb KE, Nicholson AE. Bayesian Artificial Intelligence [Internet]. Boca
Raton. FL: Chapman & Hall/CRC; 2004. Available from:
http://www.csse.monash.edu.au/bai/

91. Castillo E, Gutierrez JM, Hadi A. Expert systems and probabilistic network 
models. New York: Springer-Verlag; 1997.

92. Cowell RG, Dawid AP, Lauritzen SL, Spiegelhalter DJ. Probabilistic networks 
and expert systems. New York: Springer; 1999.

93. Jensen FV. Bayesian networks and decision graphs. New York: Springer; 
2001.

94. Kadie CM, Hovel D, Horvitz E. MSBNx: A Component-Centric Toolkit for 
Modeling and Inference with Bayesian Networks. Microsoft Research Technical 
Report MSR-TR-2001-67. 2001.

95. Jensen FV. An introduction to Bayesian networks. London: UCL Press; 1996.

247



9. Bibliography

96. Bednarski M, Cholewa W, Frid W. The Sensitivity Analysis of Bayesian 
NetM’orks. In: Symposium on Methods of Artificial Intelligence. Gliwice, 
Poland: 2003.

97. Biedermann A, Taroni F, Semadeni C, Davison AC. Bayesian Inference for 
Fire Investigations in Forensic Science. 2003.

98. Lauritzen SL, Spiegelhalter DJ. Local Computations with Probabilities on 
Graphical Structures and their Application to Expert Systems (with discussion). 
Journal of the Royal Statistical Society, Series B. 1988. 50(2): 157-224.

99. Pearl J. Probabilistic Reasoning in Intelligent Systems: Networks of Plausible 
Inference. San Francisco: Morgan Kaufmann Publishers, Inc.; 1988.

100. Sahin F. A Bayesian Network Approach to the Self-organization and Learning 
in Intelligent Agents. 2000.

101. Heckerman D, Mamdani A, Wellman M. Real-world applications of Bayesian 
networks. Communications of the ACM. 1995. 38(3):24-30.

102. Halpern JY. Reasoning about uncertainty. Cambridge, Mass.: MIT Press; 
2003.

103. Wright S. Correlation and causation. Journal of Agricultural Research. 1921. 
20:557-585.

104. Gammerman A. Computational Learning and Probabilistic Reasoning. 
England: John Wiley & Sons Ltd; 1996.

105. Beinlich I, Suermondt FI. Chavez R, Cooper G. The ALARM monitoring system. 
In: Second European Conference on Artificial Intelligence in Medicine. 1992. 
p. 689-693.

106. Gamez JA, Moral S, Salmeron A. Advances in Bayesian networks. Berlin ; 
New York :: Springer,; 2004.

107. Horvitz E, Breese J, Heckerman D, Hovel D, Rommelse K. The Lumiere 
project: Bayesian user modeling for inferring the goals and needs of software 
users. In: Fourteenth Conference on Uncertainty in Artificial Intelligence. 
Madison, WI: Morgan Kaufmann; 1998. p. 256-265.

108. Taroni F, Aitken CGG, Garbolino P. DeFinetti's subjectivism, the assessment of 
probabilities and the evaluation of evidence: a commentary for forensic 
scientists. Science and Justice. 2001.41(3): 145-150.

109. Taroni F, Aitken CGG. Interpretation of scientific evidence. Science and 
Justice. 1996. 36:290-292.

248



9. Bibliography

110. Taroni F, Aitken CGG. Probabilistic reasoning in the law. Part 1: assessment 
of probabilities and explanation of the value of DNA evidence. Science and 
Justice. 1998. 38:165.

111. Taroni F, Aitken CGG. Probabilistic reasoning in the law. Part 2: assessment 
of probabilities and explanation of the value of trace evidence other than DNA. 
Science and Justice. 1998. 38:179.

112. Taroni F, Champod C, Margot P. Forerunners of Bayesianism in early forensic 
science. Jurimetrics. 1998. 38:183-200.

113. Champod C, Taroni F. Interpretation of Fibres Evidence: The Bayesian 
Approach. In: Robertson J, Grieve M, editor(s). Forensic examination of fibres. 
London: Taylor & Francis; 1999.

114. Evett IW. A Bayesian approach to interpreting footwear marks in forensic 
casework. Science and Justice. 1998. 38(4):241-247.

115. Evett IW. What is the probability that this blood came from that person? A 
meaningful question? Journal of the Forensic Science Society. 1983. 23:35-39.

116. Curran JM, Hicks T, Buckleton J. Forensic interpretation of glass evidence. 
Florida: CRC Press LLC; 2000.

117. Walsh KA, Buckleton J, Triggs CM. A practical example of glass 
interpretation. Science and Justice. 1996. 36:213-218.

118. Evett IW. Bayesian Inference and Forensic Science: Problems and
Perspectives. The Statistician. 1987. 36(2-3):99-105.

119. Buckleton J, Walsh K. Knowledge-based systems. In: Aitken CGG, Stoney 
DA, editor(s). The use of statistics in forensic science. New York: Ellis 
Horwood; 1991. p. 186-206.

120. Aitken CGG, Gammerman A. Probabilistic reasoning in evidential assessment. 
Journal of the Forensic Science Society. 1989. 29(5):303-316.

121. Dawid AP, Evett IW. Using a graphical method to assist the evaluation of 
complicated patterns of evidence. Journal of Forensic Sciences. 1997. 42:226
231.

122. Curran JM, Triggs CM, Buckleton J, Walsh KA, Flicks T. Assessing transfer 
probabilities in a Bayesian interpretation of forensic glass evidence. Science 
and Justice. 1998. 38(1): 15-21.

123. Taroni F, Biedermann A, Garbolino P, Aitken CGG. A general approach to 
Bayesian networks for the interpretation of evidence. Forensic Science 
International. 2004. 139(1):5-16.

249



9. Bibliography

124. Garbolino P, Taroni F. Evaluation of scientific evidence using Bayesian 
networks. Forensic Science International. 2002. 125(2-3): 149-155.

125. Evett IW, Gill P, Jackson G, Whitaker J, Champod C. Interpreting Small 
Quantities of DNA : The Hierarchy of Propositions and the Use of Bayesian 
NetM’orks. Journal of Forensic Sciences. 2002. 47:520-530.

126. Aitken CGG, Taroni F, Garbolino P. A graphical model for the evaluation of 
cross-transfer evidence in DNA profiles. Theoretical Population Biology. 2003. 
63(3): 179-190.

127. Aitken CGG, Gammerman A, Zhang G, Connolly T, Bailey D, Gordon R, et al. 
Bayesian Belief Networks with an Application in Specific Case Analysis. In: 
Gammerman A, editor(s). Computational Learning and Probabilistic Reasoning. 
England: John Wiley & Sons Ltd; 1996.

128. Oatley GC, Ewart BC. Crimes analysis software: fins in maps’, clustering and 
Bayes net prediction. Expert Systems with Applications. 2003. 25(4):569-588.

129. Fenton N, Neil M. The Jury Observation Fallacy and the use of Bayesian 
Networks to present Probabilistic Legal Arguments. Mathematics Today. 2000. 
36(6): 180-187.

130. Mortera J, Dawid AP, Lauritzen SL. Probabilistic expert systems for DNA 
mixture profiling. Theoretical Population Biology. 2003. 63:191-205.

131. Dawid AP, Mortera J, Pascali VL, van Boxel DW. Probabilistic expert systems 
for forensic inference from genetic markers. Scandinavian Journal of Statistics. 
2002. 29:577-595.

132. Cowell RG. FIN EX: a Probabilistic Expert System for forensic identification. 
Forensic Science International. 2003. 134(2-3): 196-206.

133. Biedermann A, Taroni F, Delemont O, Semadeni C, Davison AC. The
evaluation of evidence in the forensic investigation of fire incidents (Part I): an 
approach using Bayesian networks. Forensic Science International. 2005. 
147(1 ):49-57.

134. Biedermann A, Taroni F, Delemont O, Semadeni C, Davison AC. The
evaluation of evidence in the forensic investigation of fire incidents. Part II. 
Practical examples of the use of Bayesian networks. Forensic Science 
International. 2005. 147(1 ):59-69.

135. Beland B, Fortier C. Arc tracking in relation to fire investigation. Fire and 
Arson Investigator. 1995. 45.

136. Soong TT. Fundamentals of probability and statistics for engineers. Hoboken,
NJ: Wiley; 2004. '

250



9. Bibliography

137. Aitken CGG. Sampling - How Big a Sample? Journal of Forensic Sciences. 
1999. 44:750-760.

138. Curran JM, Triggs CM, Buckleton J. Sampling in Forensic Comparison 
Problems. Science and Justice. 1998. 38:101-107.

139. Tsokos CP. Probability distributions : an introduction to probability theory 
with applications. Belmont, Calif. :: Duxbury Press,; 1972.

140. Roussas GG. A course in mathematical statistics. San Diego, California: 
Academic Press; 1997.

141. Hugin Lite 6.4. http://www.hugin.com. 2004.

142. Murphy K. Bayes Net Toolbox [Internet]. 2004. Available from: 
http://www.cs.ubc.ca/~murphyk/Software/BNT/bnt.html

143. Murphy K. The Bayes Net Toolbox for Matlab. Computing Science and 
Statistics. 2001. 33.

144. European Network of Forensic Science Institutes (ENFSI). Guidelines on
Representative Drug Sampling [Internet]. 2004. Available from:
http://www.enfsi.org/

145. Carlin BP, Louis TA. Bayes and empirical bayes methods for data analysis. 
London: Chapman & Flall/CRC; 2000.

146. Smith JQ. Decision analysis: a Bayesian approach. London: Chapman and 
Hall; 1988.

147. The R Project for Statistical Computing, http://www.r-project.org/2005. 2005.

148. Murphy K. Proposed design for gR. a graphical models toolkit for R2005
[Internet]. 2003. Available from:
http://www.ai.mit.edu/~murphyk/Papers/gr03.pdf

149. Neil M, Fenton N, Nielson D. Building large-scale Bayesian networks. The 
Knowledge Engineering Review. 2000. 15(3):257-284.

251


	Title Page
	Acknowledgements
	Table of Contents
	List of Figures
	List of Tables
	Abstract
	1. Fire Science and Fire Investigation
	2. Probability Background
	3. Creating a Bayesian network for current deviation
	4. Types of Bayesian network analysis
	5. Software Analysis
	6. Results and Discussion
	7. Conclusions
	8. Appendices
	9. Bibliography

