Quantifying perfusion in conditions of rapidly changing blood flow and vascular volume: A novel tracer kinetic model
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Introduction: DCE MRI is widely used for assessing tissue perfusion noninvasively, using indicator dilution theory (1), which models
tissue enhancement as a convolution between the arterial input function and impulse response function. This approach requires that the
system of interest is time-invariant during data acquisition, which is fulfilled in most situations. However, the convolution approach
does not work when perfusion changes dramatically during the measurement period, such as skeletal muscle perfusion during
exercise-recovery. Exercise-induced hyperemia is an important index of muscle ischemia in PAD patients (2, 3). With exercise, over a
few minutes, muscle perfusion can change 3-5 fold, as a result of factors such as an increase in arterial blood velocity and muscle
capillary recruitment. In this study, we propose a new tracer kinetic model where both blood inflow and vascular volume can vary
during the measurement. We tested the identifiability of the model parameters with numerical simulations.

Theory: For a system with a variable flow rate, the impulse | Hyperemia simulation: We simulated post-cuffing hyperemia of

response function varies depending on when the tracer is injected. | calf muscle for both healthy and severe PAD subjects. To reflect

For an individual transit pathway, physiologically different conditions of perfusion, peak perfusion

£y vy = fttex v(t)dt, then ty = ftfex (@ .Y ) dr [1] (Fp) .apd time to peak (TTP) parameter values were varied for a

en ) en \ Fp V(7) modified gamma variate function, as well as vascular

where vy, Fy, Vo, t, are constant velocity, flow, vascular volume compliance s (Table 1). AIF and IRF for resting state were

and the transit time, and 7, and 7., are times for entry and exit for | p ined from patient data. Three levels of Gaussian noise were
variable flow F(t). Us1'ng' vascular comphan'ce s to reflect varying | (oqteqd: 10%, 20% and 50% of “resting” tissue perfusion curve.

vascular volume we eliminated the volumes in Eq. [1], We first tested whether parameters s and variable flow F(t)
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ty = ften [Fo T @ /D) /Fo_l)] dr. [2] | can be reliably estimated from the simulated data. For

For an impulse input, variable flow rate does not change the order | COmparison, conventional convolution was applied to the same
that the tracers exit the system via different pathways, so the | datd, to estimate a constant flow F". Fitting residue, i.e.
accumulated output function of constant flow and of variable flow | difference between data and model fit, was computed for each

relate by H(t,n, tex) = H(ty). Replacing t, by Eq. [2], simulation trial to evaluate the goodness of fit.
~ t [F(O 1 Table 1. True parameter values and the estimates in simulation
Aot =1 (I, [ ogamnl 47) 1) Healthy sm07 |TTpoz0s] P W
Integrating Eq. [3] for all arterial input, True value ' ml/min/100g
t ~ Estimates (50% noise) | 0.68+0.11 25.6+6.4 88.2+114
T(t) = [, F(x) - AIF(r) - (1 = H(z, t))dr [4] ST P p—— T—
where T is tissue concentration vs time curve from MRI data. True value S * | ml/min/100g
Estimates (50% noise) | 0.30+0.04 36.9+£5.2 504454
Results: At 10% noise level, all parameters could be estimated with less o o amuteraaa] ‘
. . 04 o —— varying-flow fit 80 === Constant flow by convolution
than 1% error. With 50% noise level (Table 1), for all parameters except “-mconeontt |, /\
for TTP of healthy subject, the standard deviations, indicating the precision, |£"* Sw

were 10%-15% of their respective true values, and the averages were less
than 10% different from the true values.

Fig. 1 shows examples of curve fitting and flow estimates with the two
methods. By forcing a constant flow rate, the conventional convolution
approach was not able to fit the data well (residues of 61.4% and 30.1% | () ° P e " (b)) e
for healthy and for PAD, Fig 1. (a,c), dashed line), whereas the flow- 0035
varying model resulted in better fits (7.7% and 16.9% Fig 1. (a,c), red line)
Conclusion: We describe a novel tracer kinetic model capable of analyzing
DCE MRI data acquired during conditions of varying flow and vascular
volume. Beyond quantifying muscle hyperemia for PAD patients, the value
of the estimating perfusion in the setting of varying flow and vascular
compliance may have value in other applications as well.
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