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Evidence-based



Sutton & Higgins (2008) Recent developments in meta-analysis. Statistics in Medicine
Sutton & Abrams (2001). Bayesian methods in meta-analysis and evidence synthesis. Statistical Methods in Medical 
Reserach
Weed (2005) Weight of Evidence: A review of Concept and Methods. Risk Analysis

Meta-analysis

Statistical technique to combine results from 
multiple independent studies

Consider differences in quality in studies
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Meta-analysis

Spiegelhalter and Best (2003). Bayesian approaches to mulitple sources of evidence and 
uncertainty in complex cost-effectiveness modelling. Statist. Med.

Charnley Stanmore
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http://www.environmentalevidence.org/compl
eted-reviews/how-effective-is-greening-of-
urban-areas-in-reducing-human-exposure-to-
ground-level-ozone-concentrations-uv-
exposure-and-the-urban-heat-island-effect



GRADE
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Underlying methodology Quality rating

Randomized trials; or double-upgraded observational 
studies.

High

Downgraded randomized trials; or upgraded observational 
studies.

Moderate

Double-downgraded randomized trials; or observational 
studies.

Low

Triple-downgraded randomized trials; or downgraded 
observational studies; or case series/case reports.

Very low



Other quality dimensions in the 
GRADE system

• Inconsistency

• Indirectness

• Publication bias

• Imprecision
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training.cochrane.org



Imprecision – not what you think – but
almost
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From Guyatt et al

Confidence intervals capture the extent of imprecision –
mostly

To a large extent, CIs inform the impact of random error
on evidence quality. Within the frequentist (in contrast to 
Bayesian) framework, the CI represents that range of
results which, were an experiment repeated numerous
times and the CI recalculated for each experiment, a 
particular proportion of the CIs (typically 95%), would
include the true underlying value.

Conceptually easier than this defintion is to think of the 
CI as the range in which the trugh plausibility lies. 
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When considering the quality of evidence, the 
issue is whether the CI around the estimate of
treatment effect is sufficiently narrow. If it is 
not, we rate down the evidence quality by one
level.

Even if CIs appear satisfactorily narrow, when
effects are large and both sample size and 
number of events are modest, consider the 
rating down for imprecision.
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From Guyatt et al



Example of Evidence Synthesis –
managing the soil capital

YieldNitrogen

Soil
organic
carbon

Management

Link to ongoing systematic review

Which in-field interventions work to 
increase soil organic carbon?

http://environmentalevidencejournal.biomedcentral.com/articles/10.1186/s13750-015-0049-0
http://environmentalevidencejournal.biomedcentral.com/articles/10.1186/s13750-015-0049-0


A systematic
review starts 
with a careful
literature search

13



14

link

Example of meta-analysis in an 
Evidence Synthesis - Biomanipulation

http://www.environmentalevidence.org/completed-reviews/what-is-the-influence-of-a-reduction-of-planktivorous-and-benthivorous-fish-on-water-quality-in-temperate-eutrophic-lakes


Back to modeling
Bayesian Evidence Synthesis
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Bayesian Evidence Synthesis

1. Complex cost-effectiveness models, in particular discrete-state discrete-
time Markov models, which are being increasingly used to make predictions 
of the consequences of a particular intervention
2. Probabilistic sensitivity analysis in cost-effectiveness, in which 
distributions are put over uncertain parameters
3. Bayesian approaches to cost-effectiveness, in particular using Markov 
chain Monte Carlo (MCMC) methods, to incorporate evidence from a single 
source (e.g. data arising from a clinical trial) with appropriate propagation of 
parameter uncertainty;
4. The synthesis of evidence from multiple sources in a form of generalized 
meta-analysis. There will usually be insufficient randomized evidence to fully 
inform a model that takes into account long-term consequences of an 
intervention. A generalized synthesis would allow the use of evidence from 
studies of different designs, possibly including the controversial practice of 
combining randomized and non-randomized evidence.
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Spiegelhalter and Best (2003). Bayesian approaches to mulitple sources of evidence and 
uncertainty in complex cost-effectiveness modelling. Statist. Med.



BES – the statistical model

Spiegelhalter and Best (2003). Bayesian approaches to mulitple sources of evidence and 
uncertainty in complex cost-effectiveness modelling. Statist. Med.

Charnley Stanmore



BES – the system model
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BES – the decision analysis

19



BES – integrated model

Ades et al. (2006). Bayesian methods for 
evidence synthesis in cost-effectiveness
analysis. Pharmacoeconomics
Spiegelhalter and Best (2003). Bayesian 
approaches to multiple sources of evidence 
and uncertainty in complex cost-
effectiveness modelling. Stat Med
Jackson et al. (2015). Calibration of complex 
models through Bayesian evidence synthesis: 
a demonstration and tutorial. Med Decis
Making
Sahlin and Jiang (2015). Bayesian Evidence 
Synthesis and the quantification of 
uncertainty in a Monte Carlo simulation. J of 
Risk and Reliability

Ullrika Sahlin 20

Unknown
parameters 
of interest Expected

utility

Data II 

Parameters 

Data I 

Parameters

Decision 
model

Statistical
model



Unknown
parameters 
of interest Expected

utility

Data II 

Parameters 

Data I 

Parameters

Decision 
model

Statistical
model

BES – integrated model

Ades et al. (2006). Bayesian methods for 
evidence synthesis in cost-effectiveness
analysis. Pharmacoeconomics
Spiegelhalter and Best (2003). Bayesian 
approaches to multiple sources of evidence 
and uncertainty in complex cost-
effectiveness modelling. Stat Med
Jackson et al. (2015). Calibration of complex 
models through Bayesian evidence synthesis: 
a demonstration and tutorial. Med Decis
Making
Sahlin and Jiang (2015). Bayesian Evidence 
Synthesis and the quantification of 
uncertainty in a Monte Carlo simulation. J of 
Risk and Reliability
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BES – integrated model

Ades et al. (2006). Bayesian methods for 
evidence synthesis in cost-effectiveness
analysis. Pharmacoeconomics
Spiegelhalter and Best (2003). Bayesian 
approaches to multiple sources of evidence 
and uncertainty in complex cost-
effectiveness modelling. Stat Med
Jackson et al. (2015). Calibration of complex 
models through Bayesian evidence synthesis: 
a demonstration and tutorial. Med Decis
Making
Sahlin and Jiang (2015). Bayesian Evidence 
Synthesis and the quantification of 
uncertainty in a Monte Carlo simulation. J of 
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BES – integrated model
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Bayesian Evidence Synthesis is a 
framework to calibrate complex models
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BES – another way to illustrate it

2016-09-03 Ullrika Sahlin 25



Robust

• Suggestions of the meaning of robust:
• A robust estimate/decsision is insensitive to outliers
• A robust e/d is insensitive to uncertainty
• Consequences of a robust decision remains in a acceptable 

range
• A robust decision strategy performs well (in a wider context

[the meaning of well may include both the outcome and 
principles of cautiousness] under to widely varying
conditions [in the system I pressume]

• A robust decision strategy applies cautionary principles and 
is sensitive to new knowledge (e.g. adapts to the state of a 
dynamical system or consider any reductions of uncertainty
if that can improve overall performance)
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Generalized 
BAYESIAN ANALYSIS 𝑃𝑟, 𝑃𝑟 -> 𝐸𝑈, 𝐸𝑈

Pr -> EU
BAYESIAN 
ANALYSIS

Robust analysis ”=” bound by 
sensitivity analysis to choise of prior



Robust meta-analysis

Spiegelhalter and Best (2003). Bayesian approaches to mulitple sources of evidence and 
uncertainty in complex cost-effectiveness modelling. Statist. Med.

Charnley Stanmore



Chemical hazard assessment
Species 

community

EC50

Species 
Toxicity

Proportion 
Affected
Species

Hazardous
concentration



A chemical hazard assessment as a 
Bayesian Evidence Synthesis

• Decision problem

• Utility function

• System model

• Data generating model

• Data

• Priors

• Quality parameter
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A chemical hazard assessment as a 
Bayesian Evidence Synthesis

• Decision problem: Set a treshold - Find the largest
acceptable concentration in the environment

• Utility Loss function - LINearEXponential
• System model – Species sensitivity to the substance follows

a Normal distribution
• Data generating model – estimates are the result of

different ecotoxicoloigcal studies. These are subject to 
variability which are more similar withing species than
between species

• Data – K species, with repeated measurements for some of
them

• Priors 
• Quality parameter – weight on every toxicity data
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LINEX loss function
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Hickey, G. L., Craig, P. S., & Hart, A. (2009). On the application of loss functions in 
determining assessment factors for ecological risk. Ecotoxicology and Environmental 
Safety, 72(2), 293-300. 



Outline first exercise

• Study the code in stan_hazardassessment.R
• Draw the DAG of the model
• Generate artficial toxcity data
• Learn about the mean and standard deviation of

the SSD by MCMC-sampling from the Bayesian
model

• Find hazardous concentration which minimize
expected loss

• Use code in the file: 
environmentalhazardassessment.R
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• Use your own seed

35

## Generate artificial toxicity data from a SSD with mu 
and sigma
ssd_data <- generate_data(mu = 2,sigma = 1,K = 
4,s_sizes=1,seed = 1975)

• Run the mcmc sampling using

model = stan(model_name="model", model_code = 
code_ssd, data=dat,

iter = 10000, chains = 4, verbose = FALSE)



Are we retrieveing the original 
parameters?
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ppcheck_plot_toxicity(stanmodel=model,ssd_data)



The most important variables
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System, Decision treshold and Loss
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Outline second exercise

• Do a sensitivity analysis agains 1, 2 or 3!
• 1) Priors on mu and sigma (hyperparameters as well as 

distribution)
• 2) Quality weights on toxicity data (letting a w be close to 

zero means that it gives that data point very little influence
in the model)

• 3) Choices of the alpha in the loss function
• Use e.g. the function robusthazardassessment which is in 

the R-file ssdcode.R
• How could one find a robust decision (i.e. treshold for the 

concentration allowed)?
• How would a code for preposterior analysis or prior 

predictive analysis to find suitable priors look like?
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Outline third exercise

• Build your own (Robust) Bayesian Evidence
Synthesis

• Simple system

• Use mulitple sources of data with different 
quality

• Include a decision analysis

• Solve the decision problem
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