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MOTIVATION
• The reliability of physiological parameters that are estimated from DCE-MRI experiments strongly depends on the choice of the analysis model.
• We have shown before that the simple Akaike information criterion facilitates the improvement of parameter estimates, in particular between the simple Tofts

model and the extended Tofts model [Rukat2014a]. Others reported the lack of a systematic benefit [Luypaert et al. 2012].
• Here we present promising results for weighted across-model averages, using the Watanabe-Akaike information criterion (WAIC) based on the full posterior

likelihood of the model.

PROCEDURE

Mimicking experimental constraints
• White noise (SNR=20, if not mentioned otherwise) is added to the signal with

due regard to the FLASH signal equation.
• Sampling intervals of 4s (2CXM) and 2.5s (MMID4) are chosen.
• If not mentioned otherwise the measurement time is set to 100s.
• The tissue response is simulated based on typical arterial input function in the

cephalic vein [Parker et al. 2006] and in a mouse tail [Moroz et al. 2012].

Figure 1: AIF
and typical
tissue
response
(here for the
2CXM) with
white noise.

Data simulation, approximating tissue physiology: MMID4

• The Multiple Path, Multiple Tracer, Indicator Dilution, 4 region
model (MMID4) [Kroll and Wilke 1996] provides the ground
truth tissue response, accounting for tissue heterogeneity and
flow dispersion.

• It resembles tissue physiology more closely than any of the
analysis models and as such mimics an experimental scenario.

• We simulate the following parameter combinations:
Ktrans [1/min] = 0.16, 0.18, 0.35, 0.47
plasma flow [ml/g/min] = 0.5, 1.2
fractional plasma volume = 0.001, 0.05
fractional interstitial volume = 0.4.

Data simulation with a simple analysis model: 2CXM

• The ground truth tissue response is given by the two-
compartment exchange model (2CXM, 4 free parameters).

• This model is also used fo fitting in the subsequent analysis.
This allows to isolate the effect of overfitting the data despite
the use of a fully accurate model.

• We simulate the following parameter combinations:
Ktrans [1/min] = 0.25, 0.45
plasma flow [ml/g/min] = 0.5, 1.5, 2.5
fractional plasma volume = 0.02, 0.08
fractional interstitial volume = 0.45

MCMC to approximate the parameter posterior

• We fit the two-compartment exchange model (2CXM, 4
free parameters) and the extended Tofts model (ETM, 3).

• Posterior distributions of the model likelihood and the
fit parameters are approximated by Markov chain Monte
Carlo (MCMC) sampling within the Stan Modeling Lan-
guage [Stan Dev. Team 2014].

• Convergence is assured by sampling until the scale reduc-
tion statistic (R̂) is smaller 1.05 (R̂ = 1.00 in most cases).

Calculation of the weigthed across-model average

• The Watanabe-Akaike information criterion (WAIC) is
based on the posterior predictive density [Watanabe
2012] and approximates the out-of-sample prediction er-
ror [Gelman2014b].

• Maximum likelihood estimates of the parameters are av-
eraged across different models, weighted by their WAIC
score [Burnham and Anderson 2004].

Iterate
(10x)

RESULTS
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Figure 2: Mean relative Ktrans deviation from the true value. Error bars show the mean SD of the
parameter posterior distributions. Left: averaged over eight MMID4 parameter sets under variation
of the acquistion time for a human and a mouse AIF (SNR=20). Right: averaged over twelve 2CXM
parameter sets under variation of the SNR for a human AIF (acq. time = 100s). x-jitter for visibility.

• In the regime of intermediate and high SNR/acqusition time WAIC-weighted Ktrans averages almost
always increase the parameter accuracy.

• WAIC-weighted Ktrans averages perform even better than the model that was used to simulate the
data and are thus shown to be successfull in weighing models based on their sole complexity.

• Only for data of low SNR/acquision time do the simpler model or the known true model outperform
WAIC-weighted Ktrans estimates.
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CONCLUSION

WAIC-weighted estimates improve Ktrans accu-
racy for the two-compartment exchange model and
the extended Tofts model in the regime of a rea-
sonably high SNR and acquisition time. This holds
true, even in the unrealistic case of a known true
tissue response model.
In most realistic scenarios, we expect the demon-
strated procedure to perform better than any fixed
model choice.


