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Bayesian methods are commonly used and becoming 
more w idely accepted

• Appl icat ions

o FAA/ USAF in e stim ating  p robab ility of succe ss  of launch ve hic le s

o De lphi Autom otive  for ne w fue l inje c tion syste m s

o Scie nce -base d  Stockp ile  Ste wardship  p rogram  at LANL for nucle ar warhe ads

o Arm y for e s tim ating  re liab ility of ne w aircraft syste m s

o FDA for approving  ne w m e d ical de vice s

• Recent  High Profile Successes:

o During  the  se arch for Air France  447 (2009-2011), b lack box location

o The  Coast Guard  in 2013 found  the m issing  fishe rm an, John Ald ridge

o Use  in de fining  the  se arch are a for Malaysian Airline s  flight MH370 in 2014 by 
Australian gove rnm e nt
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Bayesian Stat ist ics 101
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We  have  a  syste m  com prise d  of 2 com pone nts: Com pone nt 1 and  
Com pone nt 2.

For e ach of the  two com pone nts , 10  pass/ fa il te sts  are  adm iniste re d  
and  re sults  are  re corde d . Com pone nt 1 fails  twice  and  Com pone nt 2

fails  ze ro tim e s.
 We  can calculate  the  re liab ility of e ach com pone nt, 𝑅𝑅1 and  𝑅𝑅2.
 We  also want an asse ssm e nt of the  syste m  re liab ility, assum ing  

the  com pone nts  work in se rie s .

𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑅𝑅1 ∗ 𝑅𝑅2 = 1 −
2

10
∗ 1 −

0
10

= 0.8 ∗ 1 = 0.8

** For the  purpose s of the  ne xt fe w slide s, focus on Com pone nt 1.
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Bayesian Stat ist ics 101

Your Baye sian analysis  is  just 3 s te ps away:

1. Construc t p rior from  prior inform ation
2. Construc t like lihood  from  te st data
3. Estim ate  poste rior d istribution using  Baye s The ore m

5
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Bayesian Stat ist ics 101: Priors
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The  p rior d is tribution of the  
re liab ility, fprior(R), is  constructe d  
from  pre vious data  or e xpe rt 
knowle dge . This  is  your firs t 
asse ssm e nt of the  syste m .

Say Com pone nt 1 was p re viously 
te ste d  and  faile d  3 out of 40  te sts : 
use  Be ta  d istribution.

𝑓𝑓𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝑅𝑅1) ∝ 𝑅𝑅1
𝒏𝒏𝒑𝒑𝑝𝑝(1 − 𝑅𝑅1)𝒏𝒏𝒑𝒑 1−𝑝𝑝

 𝑝𝑝 is  the  re liab ility e stim ate  and  𝑛𝑛𝑝𝑝 ≥
0 we ights  the  re le vance  of the  p rior 
te st data .

Careful  thought  should always be 
put  into the prior dist ribut ion!
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Bayesian Stat ist ics 101: Likel ihood
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Te sts  are  pe rform e d  and  the  re sulting  te st data  is  use d  in the  
like lihood  function, L(data |R).          

This is the same as in Classical Stat ist ics!

The  b inary te st data  of Com pone nt 1 follows a  Binom ial d is tribution 
with p robab ility of a  pass  of R1

𝐿𝐿 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑅𝑅1 ∝ 𝑅𝑅1𝑠𝑠1(1 − 𝑅𝑅1)𝑓𝑓1

𝑠𝑠1 is  the  num be r of succe sse s and  𝑓𝑓1is  the  num be r of fa ilure s  from  
Com pone nt 1.
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Bayesian Stat ist ics 101: Posterior Dist ribut ion

8

Bayes Theorem

∝ 𝐿𝐿 𝑥𝑥 𝜃𝜃 𝑓𝑓 𝜃𝜃

𝑓𝑓 𝜃𝜃 𝑥𝑥 =
𝐿𝐿 𝑥𝑥 𝜃𝜃 𝑓𝑓 𝜃𝜃
∫ 𝐿𝐿 𝑥𝑥 𝜃𝜃 𝑓𝑓 𝜃𝜃
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Bayesian Stat ist ics 101: Posterior Dist ribut ion
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Baye s the ore m  is  use d  to find  the  poste rior 
re liab ility d istribution, fposte rior(R|data). The  
poste rior d is tribution is  the  p roduct of the  p rior 
d is tribution and  the  like lihood  function for a ll 
subsyste m s in the  unit

For our sm all e xam ple , choosing  the  Be ta  d is tribution as  a  p rior is  
ide al for a  fe w re asons: it e nsure s that 𝑅𝑅 is  be twe e n (0 , 1) and  it is  
the  “conjugate ” p rior for the  Binom ial d is tribution (i.e . the  m ath 
works out e asily)

𝑓𝑓𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑅𝑅1 ∝ 𝑅𝑅1𝑠𝑠1(1 − 𝑅𝑅1)𝑓𝑓1𝑅𝑅1𝒏𝒏𝒑𝒑𝑝𝑝(1 − 𝑅𝑅1)𝒏𝒏𝒑𝒑 1−𝑝𝑝

∝ 𝑅𝑅1
𝑠𝑠1+𝒏𝒏𝒑𝒑𝑝𝑝(1 − 𝑅𝑅1)𝑓𝑓1+𝒏𝒏𝒑𝒑(1−𝑝𝑝)
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Bayesian Stat ist ics 101: Posterior Dist ribut ion
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0 .86  (0 .76, 0 .95) 0 .75  (0 .58, 0 .89) 0 .70   (0 .54, 0 .85)

Classical  Est imate: 0.8 (0.55, 0.95)
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Bayesian Stat ist ics 101: Conjugate Priors
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Likelihood Parameter Prior Posterior 
Binomial(s+f, R) 0 ≤ R ≤ 1 Beta(a,b) 

a > 0, b > 0 
Beta(a’,b’) 
a’= a + s 
b’= b + f 

Poisson(λ) λ > 0 Gamma(a,b) 
a > 0, b > 0 

Gamma(a’,b’)  
a’ = a + n 
b’ = b + Σ t 

Exponential(λ) λ > 0 Gamma(a,b) 
a > 0, b > 0 

Gamma(a’,b’)  
a’ = a + n 
b’ = b + Σ t 

 

** For m ore  e xam ple s, se e  Conjugate  Priors  Wikipe d ia  page  or 
“Baye sian Re liab ility” pg  48
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When should we think about  using Bayesian techniques?

12

• To ob tain inte rval e stim ate s (cre d ib le  inte rvals) whe n the re  are  
ze ro fa ilure s
 Me an tim e  be twe e n fa ilure  for short te sts  or for highly re liab le  

syste m s
 Inte rval e stim ate s in kill-chain analysis  whe re  ze ro fa ilure s  occur a t 

any point a long  the  kill-chain

• If you are  asse ssing  a  com ple x syste m  m ission re liab ility
 LCS Exam ple  - Confide nce  inte rvals  are  not s tra ightforward  to 

ob ta in using  fre que ntis t m e thods, im possib le  with ze ro fa ilure s  in 
any sub -syste m

• If the re  is  re le vant p rior inform ation to be  incorporate d  in your 
analysis  – this  m ay inc lude  p re vious de ve lopm e ntal (or 
ope rational) te st data , e ng ine e ring  analyse s, or inform ation from  
m ode ling  and  sim ulation.
 MaxxPro LWB Am bulance  Exam ple
 BDS Exam ple
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• The  Littoral Com bat Ship  (LCS) are  a  ne w fam ily of surface  ships. 

• The  Capab ility De ve lopm e nt Docum e nt for LCS provide s a  
re liab ility re quire m e nts for four functional are as 

 Se a Fram e  Ope rations 
 Core  Mission
 Mission Package  Support 
 SUW Mission Package

Freedom Class Independence Class 

Case Study: LCS
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Case Study: LCS
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The  Capab ility De ve lopm e nt Docum e nt for LCS provide s a  
re liab ility thre shold  for Core  Mission functional are a .

The  targe t re liab ility for Core  Mission is  0 .80  in 720  hours .

Assum e  the  functional are a  is  a  se rie s  syste m : syste m  is  up  if 
a ll subsyste m s are  up .

Crit ical  Subsystem Total  System Operat ing 
Time

Operat ional  Mission 
Failures

Total Ship Comput ing 
Environment (ful l - t ime) 4500  hours 1

Sea Sensors and Controls 
(underway) 2000  hours 3

Communicat ions (ful l -t ime) 4500  hours 0

Sea Engagement Weapons 
(on-demand)

11 m issions 2
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On-de m and  syste m
 Assum e  no be lie f in the  re le vance  of p rior knowle dge , 
𝑛𝑛𝑝𝑝 = 0

Continuous syste m s
 The  Gam m a prior param e te r a is  se t to 1, g iving  large  

variance . To e nsure  the  50 th pe rce ntile  is  se t a t 
λ50=1/ MTBFgue ss , choose b=log(2)×MTBFgue ss

 MTBFgue ss chose n by solving  the  re liab ility function a t 
the  re quire m e nt

Guiding Principles in Prior Select ion:

• Start with the properties of the parameter of interest
• Decide on what prior information to use
• Allow for the analysis to change freely based on the data observed
• Priors specified at the system level, as opposed to mission level –

check impact on system prior

Case Study: LCS – Prior Assumpt ions
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Case Study: LCS – Prior Assumpt ions
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Possib le  Prior 1: Too m uch inform ation, if the  
p rior p robab ility of a  value  is  0 , no am ount of 

data  can m ove  the  poste rior MTBF the re !

Possib le  Prior 2: Too little  inform ation, for 
continuous m e asure s, fla t p riors  can be  
p rob le m atic whe n the re  are  fe w or ze ro 

fa ilure s .

Case Study: LCS – Prior Assumpt ions
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Possib le  Prior 3: Bound ing  the  p rior in case  the re  are  fe w 
fa ilure s , but e nsuring  e nough fle xib ility for the  data  to  spe ak 

for itse lf.

Case Study: LCS – Prior Assumpt ions
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Note the core 
mission prior is 

somewhat  
informat ive – We 
wil l  want  to check 
the impact  of this 

in the analysis

Case Study: LCS – Prior Assumpt ions
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• Eve n whe n we  choose  inde pe nde nt, conjugate  p riors  for 
e ach subsyste m  or com pone nt, the  com bine d  syste m  
re liab ility doe s  not have  an analytic  solution for its  
d is tribution!

• Sim ulate  value s  from  the  poste rior d is tribution via  MCMC

Basic MCMC algorithm

 Generate a value from each component/ subsystem 
rel iabil ity parameter posterior dist ribut ion.

 If  necessary, calculate rel iabil ity at  t ime t .
 Combine the component/ subsystem rel iabil it ies through 

the expression determined by the system st ructure.
 Repeat  many, many t imes.

Case Study: LCS – Posterior Computat ion
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Caste Study: LCS – Posterior Computat ion
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Classical
MTBOMF

Classical
Rel iabil ity at  

720hrs

Bayesian
MTBOMF

Bayesian
Rel iabil ity at  

720hrs

TSCE 4500  hrs
(1156 hrs , 42710  hrs)

0 .85
(0 .54,0 .98)

3630  hrs
(1179 hrs , 6753 hrs)

0 .73 
(0 .54,0 .90)

SSC 667 hrs
(299 hrs , 1814 hrs)

0 .33
(0 .09,0 .67)

697 hrs
(332 hrs , 1172 hrs)

0 .31 
(0 .11,0 .54)

Comm > 2796 hrs > 0 .77* 10320  hrs
(1721 hrs , 18210  hrs)

0 .83 
(0 .66,0 .96)

SEW 0 .82
(0 .58,0 .95)

0 .77
(0 .62,0 .91)

Core
Mission ????? 0 .15 

(0 .05, 0 .27)

*Zero failures occurred in the notional on-demand system data

Note the  im pact of 
the  p rior is  g re ate r in 

the  one  fa ilure  syste m

Full Mission m e an 
is  com parab le  with 

the  s im ple  point 
e s tim ate

TSCE: Total Ship Computing Environment
SSC: Sea Sensors and Controls
Comm: Communications
SEW: Sea Engagement Weapons

Many ways to think 
about calculating  

this , none  of which 
are  particularly 

satisfac tory

Case Study: LCS - Results
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Poste rior re liab ility as  a  
function of tim e  for TSCE 
(re d ), SSC (b lue ), and  
Com m unications (g re e n)

Case Study: LCS - Results
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Poste rior m e an and  80% 
inte rvals  for e ach subsyste m  
and  the  total syste m  re liab ility 
ove r  15 days (light b lue ) and  30  
days (dark b lue ) for the  notional 
e xam ple .

Case Study: LCS - Results
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• Avoids unre alis tic  re liab ility e stim ate s whe n the re  are  no obse rve d  
failure s. 

• In our notional e xam ple  (ze ro fa ilure s for the  Com m unications 
syste m ), the  Baye sian approach he lpe d  us solve  an othe rwise  
intrac tab le  p rob le m .

• Obtaining  inte rval e stim ate s is  s tra ightforward  for syste m  re liab ility 

 Fre que ntis t m e thods would  have  to e m ploy the  De lta  m e thod , Norm al 
approxim ations, or bootstrapp ing .

• Fle xib ility in de ve lop ing  syste m  m ode ls

 We  use d  a  se rie s syste m  for the  core  m ission re liab ility

 Many othe r syste m  m ode ls  are  possib le  and  we  can s till ge t full syste m  
re liab ility e stim ate s with inte rvals .

Case Study: LCS – Value of Bayesian Stat ist ics
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Case Study: MaxxPro LWB Ambulance 

• Prim ary m ission of an am bulance -
e quippe d  unit is  m e d ical e vacuation.

• Thre e  m e d ical Sold ie rs  cre w the  ve hicle : 
d rive r, ve hic le  com m ande r, and  
m e d ic/ gunne r.

• Holds two litte r patie nts , one  litte r patie nt 
and  two am bulatory patie nts , or four 
am bulatory patie nts .  

• The  am bulance  has a  ra il, trolle y, and  
hoist syste m  for litte r load ing / unload ing , 
and  m e d ical support e quipm e nt 
(m onitoring  e quipm e nt, intrave nous 
m anage m e nt syste m , oxyge n 
conce ntra tors , e tc .)

LWB Ambulance w ith 72” tal l  Soldier

Lit ter rail  and t rol ley system
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Case Study: MaxxPro LWB Ambulance

• MRAP ve hic le s have  a  re liab ility re quire m e nt of a t le ast 600  Me an 
Mile s Be twe e n Ope rational Mission Failure s (MMBOMF)

• 1 Ve hic le  availab le  for DT to d rive  1025 m ile s 
• 2 Ve hic le s availab le  in the  LUT that d rove  a  tota l of 3026 m ile s

• The re  we re  four OMFs in DT and  one  OMF in LUT
o 3 fla t tire s  and  1 a ir cond itione r fa ilure  in DT
o 1 fla t tire  in  LUT 

• Flat tire s  during  m issions re sult in OMFs, be cause  the  LWB 
Am bulance  doe s not carry a  usab le  jack and  spare  tire
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Case Study: MaxxPro - Model

Mode l:
𝑋𝑋1𝐷𝐷𝐷𝐷𝑙𝑙 ~ 𝐸𝐸𝑥𝑥𝑝𝑝 𝜆𝜆
𝑋𝑋𝑝𝑝𝐿𝐿𝐿𝐿𝐷𝐷𝑙𝑙 ~ 𝐸𝐸𝑥𝑥𝑝𝑝 𝛾𝛾𝜆𝜆

𝑖𝑖 = 1,2 𝑓𝑓𝑓𝑓𝑓𝑓 𝑣𝑣𝑣𝑣𝑣𝑖𝑖𝑣𝑣𝑣𝑣𝑣𝑣
𝑣𝑣 = 1,2, … ,𝑛𝑛𝑝𝑝𝑖𝑖 𝑓𝑓𝑓𝑓𝑓𝑓 𝑓𝑓𝑜𝑜𝑠𝑠𝑣𝑣𝑓𝑓𝑣𝑣𝑣𝑣𝑑𝑑 𝑓𝑓𝑑𝑑𝑖𝑖𝑣𝑣𝑓𝑓𝑓𝑓𝑣𝑣𝑠𝑠

𝜆𝜆~𝐺𝐺𝑑𝑑𝐺𝐺𝐺𝐺𝑑𝑑 𝑑𝑑𝜆𝜆, 𝑜𝑜𝜆𝜆 , 𝛾𝛾~𝐺𝐺𝑑𝑑𝐺𝐺𝐺𝐺𝑑𝑑 𝑑𝑑𝛾𝛾, 𝑜𝑜𝛾𝛾 ,
𝑑𝑑𝜆𝜆 = 𝑜𝑜𝜆𝜆 = 𝑑𝑑𝛾𝛾 = 𝑜𝑜𝛾𝛾 = 0.001

Poste riors:
𝜆𝜆|𝛾𝛾,𝑋𝑋 ~ 𝐺𝐺𝑑𝑑𝐺𝐺𝐺𝐺𝑑𝑑(𝑛𝑛1𝑫𝑫𝑫𝑫 + 𝑛𝑛1𝑳𝑳𝑳𝑳𝑫𝑫 + 𝑛𝑛2𝑳𝑳𝑳𝑳𝑫𝑫 + 𝑑𝑑𝜆𝜆, 𝑑𝑑1𝑫𝑫𝑫𝑫𝑐𝑐 + 𝛾𝛾 𝑑𝑑1𝑳𝑳𝑳𝑳𝑫𝑫𝑐𝑐 + 𝑑𝑑2𝑳𝑳𝑳𝑳𝑫𝑫𝑐𝑐 + 𝑜𝑜𝜆𝜆)
𝛾𝛾|𝜆𝜆,𝑋𝑋 ~ 𝐺𝐺𝑑𝑑𝐺𝐺𝐺𝐺𝑑𝑑(𝑛𝑛1𝑳𝑳𝑳𝑳𝑫𝑫 + 𝑛𝑛2𝑳𝑳𝑳𝑳𝑫𝑫 + 𝑑𝑑𝛾𝛾, 𝜆𝜆 𝑑𝑑1𝑳𝑳𝑳𝑳𝑫𝑫𝑐𝑐 + 𝑑𝑑2𝑳𝑳𝑳𝑳𝑫𝑫𝑐𝑐 + 𝑜𝑜𝛾𝛾)

Mode ling  Ve hicle
Failure
Mile s

Estim ating  
MMBF

Change  from  DT to LUT
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Case Study: MaxxPro – Posterior Computat ion
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Case Study: MaxxPro - Results
Greater  precision in the est imate 

of  MMBOMF  during LUT
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Case Study: MaxxPro - Results

It  is always a good idea to check the sensit ivity of your prior 
assumpt ions on your results!!
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Case Study: MaxxPro – Value of Bayesian Stat ist ics

• Inste ad  of assum ing  that te sting  is  e quivale nt in DT and  
LUT, we  le ve rage  inform ation across the  two phase s. The  
m ode l a llows for a  change  (incre ase  or de cre ase ) in the  
fa ilure  ra te  from  DT to the  LUT.

• A se nsitivity analysis is  pe rform e d  to asse ss the  
robustne ss of the  m ode l.  Me an Mile s Be twe e n 
Ope rational Mission Failure  (MMBOMF) inte rval e stim ate s 
are  com parab le  until we  add  the  e quivale nt of one  fa ilure  
of inform ation. 

• Use  of d iffuse  p riors  doe s not inc lude  a  lot of inform ation, 
but can be  troub le som e  with fe w failure s.
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Fundam e ntals  of Baye sian Analysis
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Case Study: BDS

• The  Bio-che m ical De te ction Syste m  analyze s e nvironm e ntal 
sam ple s and  ide ntifie s  che m ical, b iolog ical, rad iolog ical age nts . 
Each subsyste m  is  com prise d  of a  colle ction of com pone nts  of 
various se nsitivity.

• KPP pe rform ance  re quire m e nt for e ach subsyste m : detect  85-90%
of sam ple s that com e  into the  lab . 

• Multip le  Tie rs  of te sting
o Tie r 2 (ve ndor te sting )

 5 com pone nts: ~2000  tria ls
o Tie r 3 (ve ndor te sting )

 8 com pone nts: ~3600  tria ls
o DT/ OT (gove rnm e nt te sting )

 80-90  tria ls  on m ultip le  
com pone nts

 Final call m ade  by ope rator
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• DT/ OT: set  concentrat ion levels, comparat ively smal l  sample size 

• Standard logist ic regression on the Tier 3 data could be 
problemat ic

• All  detect ions or non-detect ions

• Baye sian approach with a  d ispe rse d  p rior:

𝑣𝑣𝑓𝑓𝑙𝑙𝑖𝑖𝑑𝑑 𝑃𝑃𝐷𝐷 = 𝛽𝛽1 ∗ 𝑣𝑣𝑓𝑓𝑛𝑛𝑣𝑣 + 𝛽𝛽2𝑠𝑠𝑚𝑚𝑠𝑠𝑝𝑝𝑝𝑝𝑚𝑚 + 𝛽𝛽3
𝑚𝑚𝑎𝑎𝑠𝑠𝑎𝑎𝑠𝑠

𝛽𝛽1,𝜷𝜷𝟐𝟐,𝜷𝜷𝟑𝟑 ~ 𝑀𝑀𝑓𝑓𝑣𝑣𝑑𝑑𝑖𝑖𝑣𝑣𝑑𝑑𝑓𝑓𝑖𝑖𝑑𝑑𝑑𝑑𝑣𝑣 𝑁𝑁𝑓𝑓𝑓𝑓𝐺𝐺𝑑𝑑𝑣𝑣(𝟎𝟎,𝑾𝑾)

» Explic itly forc ing  a  de pe nde nce  on conce ntration.

» Le ve rage  all de vice  runs to le arn about e ach age nt/ m atrix 
com bination pe rform ance  curve .

Case Study: BDS
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Case Study: BDS – Posterior Computat ion
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Case Study: BDS – Posterior Computat ion
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Case Study: BDS – Posterior Computat ion
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Case Study: BDS – Posterior Computat ion

arm lib rary: bayesglm is  a  s im ple  a lte ra tion of g lm that use s an approxim ate  
EM algorithm  to update  the  re g re ssion coe ffic ie nts  a t e ach s te p  using  an 
augm e nte d  re g re ssion to re p re se nt the  p rior inform ation.
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Case Study: BDS – Posterior Computat ion

MCMCpack lib rary: functions to pe rform  Baye sian infe re nce  using  poste rior 
s im ulation for a  num be r of s ta tis tical m ode ls , a ll m ode ls  re turn coda m cm c
ob je cts  that can the n be  sum m arize d  using  the  coda package .
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Com pone nt: Che m ical 
De te ctor 1
Age nt:  Che m ical A
Matrix: Soil, Swab

Chemical A (mg)

Case Study: BDS - Results
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Che m ical De te c tor 2 Biolog ical De te c tor 1

Chemical B (mg) Biological A (pfu, cfu, ng/ml)

Case Study: BDS - Results
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Che m ical De te c tor 3 Che m ical De te c tor 4
Chemical C (mg)

Chemical A (ug)
Chemical B (ug)
Chemical C (ug)
Chemical C (ug)
Chemical D (ug)
Chemical E (ug)
Chemical F (ug)

Case Study: BDS - Results
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Case Study: BDS – Value of Bayesian Stat ist ics

• Tie r 2 and  Tie r 3 p roduce d  a  lot of data  which we  can le ve rage  to 
m ake  inform e d  de cisions.

• By knowing  the  conce ntrations of age nts  within various m atrice s that 
e ach com pone nt can de te c t, we  can de te rm ine  conce ntrations that 
the  syste m  of de vice s m ight be  e asy or d ifficult for the  ope rators  to 
ide ntify in DT/ OT.

• This analysis  can se rve  as the  basis for the  analysis  of the  DT/ OT 
data .
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Fundam e ntals  of Baye sian Analysis

Case  Study: Littoral Com bat Ship

Case  Study: MaxxPro LWB Am bulance

Case  Study: Bio-che m ical De te c tion Syste m

Discussion
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Discussion: When Is it  Worth the Effort?

 Inc lusion of p rior inform ation from  prior te sting , m ode ling  and  
sim ulation, or e ng ine e ring  analyse s only whe n it is  re le vant to 
the  curre nt te st. We  do not want to b ias the  re sults .

 Eve n whe n inc lud ing  p rior inform ation, the  p rior m ust have  
e nough variab ility to a llow the  e stim ate s to m ove  away from  
what was p re viously se e n if the  data  support such value s.

 We  can use  ve ry fle xib le  m ode ls  for m any type s of te st data  
(e .g . kill chains, com ple x syste m  struc ture s, linking  EFFs to SA) 
and  ob tain e stim ate s m ore  re ad ily than with the  fre que ntis t 
parad igm . The  m ode l and  assum ptions have  to m ake  se nse  for 
the  te st a t hand .
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Discussion: Other Resources

For othe r R package s that p rovide  e asy to im ple m e nt tools  and  short 
but inform ative  how to guide s with e xam ple s, se e  

https:/ / c ran.r-p roje c t.org / we b / vie ws/ Baye sian.htm l

As with any new stat ist ical method, it  is important  to 
have an expert  review your work the f irst  few t imes you 

apply these techniques. 
There are many ways to accidental ly do bad stat ist ics!

https://cran.r-project.org/web/views/Bayesian.html

	Bayesian Data Analysis in R
	Slide Number 2
	Slide Number 3
	Classical versus Bayesian Statistics
	Bayesian Statistics 101
	Bayesian Statistics 101
	Bayesian Statistics 101: Priors
	Bayesian Statistics 101: Likelihood
	Bayesian Statistics 101: Posterior Distribution
	Bayesian Statistics 101: Posterior Distribution
	Bayesian Statistics 101: Posterior Distribution
	Bayesian Statistics 101: Conjugate Priors
	When should we think about using Bayesian techniques?
	Slide Number 14
	Slide Number 15
	Case Study: LCS
	Case Study: LCS – Prior Assumptions
	Case Study: LCS – Prior Assumptions
	Case Study: LCS – Prior Assumptions
	Case Study: LCS – Prior Assumptions
	Case Study: LCS – Prior Assumptions
	Case Study: LCS – Posterior Computation
	Caste Study: LCS – Posterior Computation
	Case Study: LCS - Results
	Case Study: LCS - Results
	Case Study: LCS - Results
	Case Study: LCS – Value of Bayesian Statistics
	Slide Number 28
	Case Study: MaxxPro LWB Ambulance 
	Case Study: MaxxPro LWB Ambulance
	Case Study: MaxxPro - Model
	Case Study: MaxxPro – Posterior Computation
	Case Study: MaxxPro - Results
	Case Study: MaxxPro - Results
	Case Study: MaxxPro – Value of Bayesian Statistics
	Slide Number 36
	Case Study: BDS
	Slide Number 38
	Case Study: BDS – Posterior Computation
	Case Study: BDS – Posterior Computation
	Case Study: BDS – Posterior Computation
	Case Study: BDS – Posterior Computation
	Case Study: BDS – Posterior Computation
	Case Study: BDS - Results
	Case Study: BDS - Results
	Case Study: BDS - Results
	Case Study: BDS – Value of Bayesian Statistics
	Slide Number 48
	Discussion: When Is it Worth the Effort?
	Discussion: Other Resources

