- Complexity of hydrologic environments
- Multiple interpretations / mathematical descriptions

Bayesian model averaging = optimal way of combining the
predictions of several competing models and to assess their
joint predictive uncertainty.

ne maximum likelihood (VM arsion of Bayesian mode
averaging (MLBMA) Is compatible with ML methods of
model calibration (Neuman, 2003).

To test the ability of MLBMA based on both Occam’s and
variance windows to predrct air pressure from pneumatrc
injection tests conducted in a complex, highly
heterogeneous unsaturated fractured tuff near Superior,

Arizona.

The maximum likelihood Bayesian model averaging MLBMA
estimate of a variable A, conditioned on data set D, Is given

by

£[AID]= Y E[AIM,,D] p(M, |D)

Var[A|D] ZVar A|D,M;]p(M, |D)+Z( A|D,Mi]—E[A|D])2 p(M. | D)

Maximum likelihood Bayesian model averaging MLBMA s

based on estimating posterior probabilities P, = P;(M.|D) for
each alternative model.

where C IS a nnrmalmnn constant, I(‘ and IC.. are

Information criteria (either AIC AlCc, BIC or KIC) for"rre I-th
model and the minimum value among the models,
respectively.

Experience indicates that estimating P; in this way tends to
assign posterior probabilities of nearlv 1 to the best model
and nearly zero to all other models.

Tsal and LI (2008) proposed to rely on a broader variance
window

P. = C exp (-0.5 a AIC)

o IS selected subjectively by the analyst based on a desired
level of significance.
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- log permeability (log,,k) and log porosity (log,,¢) data
(from single-hole pneumatic packer tests)

- Cross-validation + MLBMA of 5 variogram models for
log,k and 4 for log,,¢ = selection of following models

The traditional Occam’s window approach in conjunction
with AIC, AICc, BIC and KIC assigns a posterior
probability of nearly 1 to the power model.

The variance window approach does the same when
applied in conjunction with AlIC, AICc or BIC but spreads
the posterior probability more evenly among the three
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- We parameterize log,,k and log,,¢ at selected pilot
points and at some single-hole measurement locations
and interpolate across the site via kriging.

- Pressure data from cross-hole pneumatic tests (lliman
et al. 1998). Pressure response recorded in 32 intervals.

Table 1 Cross-hole tests conditions at ALRS (Illman et al. 1998)
IIlJGCthl’l Interval
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* Only data from the ﬁrst stage was considered

- Values at pilot points are estimated by |oint inverse
simulation of cross-hole tests PP4 and PP5.

models when used in conjunction with KIC.

Model selection criteria and posterior probability for joint
calibration of tests PP4 and PP5.
Parameters at pilot points
Variogramparameters | 8 | 4 | 4 |
| AAIC, MICe, ABIC | 275 | 130 | 0
 Akic | 29 | 52 | 0
Pric %, =1

NLL = Negative log likelthood
AIC = Akaike; AICc = Modified Akaike; BIC = Bayesian; KIC = Kashyap.
Pjc = posterior probability based on model information criteria /C for a given
variance window (&= 1 corresponds to Occam’s window).

- Independent data set = PP6 and PP/
- Different location of injection =» different flow pattern

- Calibration yields a ML estimate of parameters b* and
covariance of estimation C,
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- We assume a Gaussian distribution with mean = b
and covariance C,

The lower the predictive logscore the higher the
amount of information recovered by the model In
the validation set.
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Predictive logscore

The percentage of observed data that fall within a given
prediction interval around average predicted pressure.

Average predictive coverag

- Use of Occam’s window led to selectrng the model with
the lowest fILLIIIU error with plubabllll.y' of close to 1 and

disregarding all remaining models.

- A variance window gave more evenly distributed
posterior probabilities based on KIC. Doing the same
based on AIC, AICc or BIC led to one model being
assigned a posterior probability of about 1.

- The results of the calibration were validated against an
iIndependent data set. Best results were obtained with a
model ranked second by KIC but very low by AIC, AlCc

Aand RIC

AU i,

- Predicted pressures using MLBMA were less accurate
than those obtained with some Individual models
because the individual model with the largest posterior
probability was the worst or second worst predictor In
both validation cases. In terms of predictive coverage,
MLBMA was far superior to any of the individual models
In one validation test and second to last in the other
validation test.

- We attribute these mixed results to inability of any of
our models to capture In a satisfactory manner the
complex nature of the ALRS fractured rock system and
pressure distribution in it with the available data.
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