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Gender

Index of Relative
Socioeconomic Disadvantage

Hospital

Aboriginality
Emergency admission

Preventable illnesses

Previous DAMA
Age group
Rurality

ICD-10 diagnosis code
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No effect

Higher DAMA rate in more
disadvantaged areas

No effect

Increased DAMA rate for aboriginal
children

Higher for Emergency admission

?

Higher for previous DAMA
Increasing rate of DAMA with age

Increasing rate of DAMA with
remoteness

Larger effect for some diagnosis
subgroups



ICD10 Category of Admission Age distribution of Admissions
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What is our model for DAMA?
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Why use Bayesian methods?

1. Proper quantification of uncertainty from multiple sources

* Domain Knowledge
* Previous studies
* Low Sample size

2. Answers the question you really want answered:

What is the probability my model is accurate, given my experimental data?
rather than

How likely is my data to have been generated by my (possibly incorrect) model?

3. Confidence intervals and p-values are much easier to interpret and
understand in a Bayesian framework

4. More varied types of models can be explored and compared easily
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Bayesian Logistic regression
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Bayesian Logistic regression

y = base rate +; X age
+085 x IRSD + 3 X gender

+054 X which hospital

Variable
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Bayesian Logistic regression

yzln( b )
l—p

=In(Odds) ~ Odds =

Odds(this case)

Odds Ratio(tnis case) = Odds e |
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Q: What factors influence DAMAZ?

1. Bayesian MCMC using Polya-Gamma latent
variable technique, to find the posterior
probability of each covariate in the logistic
regression, using the R package ‘BayeslLogit’
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Q: What factors influence DAMAZ?

1. Bayesian MCMC using Polya-Gamma latent |
variable technique, to find the posterior
probability of each covariate in the logistic R
regression, using the R package ‘BayeslLogit’

Doing Bayesian

2. Estimate of each coefficient and Determination e e
of significance using MPDE, HDI and ROPE
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95% Highest Density Interval

95% HDI for the factor "Gender"

o
o
n

="
o}
L]

i
o
L]

Posterior Probability Density

=
o

0.1 0.0 o1
Beta {Gender)

The University of Sydney



Define a region of practical equivalence (ROPE) to zero effect
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Q: What factors influence DAMAZ?

1. Bayesian MCMC using Polya-Gamma latent
variable technique, to find the posterior
probability of each covariate in the logistic
regression, using the R package ‘BayeslLogit’

Doing Bayesian

2. Estimate of each coefficient and Determination Data Analveis
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Odds Ratio of Discharge Against Medical Advice
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Odds Ratio of Discharge Against Medical Advice
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Gender

Index of Relative
Socioeconomic Disadvantage

Hospital
Aboriginality

Emergency admission

Preventable illnesses

Previous DAMA

Age group

Rurality

ICD-10 diagnosis code
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No effect

Higher DAMA rate in more
disadvantaged areas

No effect

Increased DAMA rate for
aboriginal children

Higher for Emergency
admission

?

Higher for previous DAMA

Increasing rate of DAMA
with age

Increasing rate of DAMA
with remoteness

Larger effect for some
diagnosis subgroups

No effect

No effect

OR = 4.7 (4.2-5.6)

OR = 1.7 (1.3-2.1)
OR = 0.7 (0.6-0.8)

No effect

OR=2(1.2-3.0)

No effect

No effect

Large effect for Mental health:
OR=3.3(2.3-4.8)
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Take away messages

Doing the analysis in a Bayesian framework
allows proper quantification of uncertainty
and makes interpretation of results easier.

Further study needs to be done to analyze
the link between mental health and DAMA,
and the link between CALD and DAMA, in
order to understand and prevent discharge
against medical advice.
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Appendix - why not p-values?
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What is a p-value?

Pr(D|H;)

The probability of getting data as extreme
(or more extreme) than you got,

given the assumption that your hypothesis
(or your model) Hi is true
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What do we really want?
Pr(H,|D)

The probability that your hypothesis (or
your model) Hi is true

Given that you got the data that you got

sity of Sydney
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Pr(D|H,)Pr(H,)

Pr(H,|D)

Pr(D)
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Likelihood of the data given the hypothesis

PI‘(D‘Hl)
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Prior belief about the hypothesis

PI‘(Hl)



Posterior probability of the hypothesis given the data

Pr(H,|D)
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Pr(D)

Chance of this evidence occurring
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But this is difficult to compute directly

So in the end we approximate by calculating thousands of different
options and computing to see how they compare relative to one
another.
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Readmission Delay
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Patient Trajectories
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How long is each patient stay?
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