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Abstract

Purpose: to propose a multivariate multi-step framework for a systematic assessment of the estimation
reliability and discriminability of Intravoxel Incoherent Motion (IVIM) model parameters.

Methods: Monte-Carlo simulations were generated on a range of SNRs and in different IVIM combinations
considering: i) a dense discretization with 24 b-values; ii) a discretization with 9 b-values. A state-of-the-art
Bayesian fitting method was adopted. The framework assessed: i) the best model between mono- and bi-
exponential, through the BIC index; ii) the fitting accuracyj; iii) the power in discriminating two different
IVIM parameters distributions of estimated coefficients, using a multivariate test. Exemplificative oncologic
cases were also presented.

Results: the bi-exponential fitting was reliable for perfusion fraction higher than 5%, with high accuracy in D
estimation, acceptable error for f, but high uncertainty in D*. The discrimination of two distributions is
generally feasible if differences in D values (at least 0.3 x103 mm?/s) are present; in the case of similar D
values, a minimal difference of 5% in f can be discriminated just in case of balanced sample size and dense
b-values discretization, whereas the impact of D* is quite negligible. These results were also supported by
clinical examples.

Conclusions: IVIM model is generally accurate in estimating diffusion, but uncertainties related to perfusion
estimation are not negligible and compromise the discrimination power when different populations should
be differentiated. The proposed framework should be adopted as interpretative guidelines to better

understand when IVIM model applied on real data can provide reliable findings.
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1. Introduction

Intravoxel Incoherent Motion (IVIM) MRI was firstly proposed in the '80s by Le Bihan et al. [1] for the
estimation of diffusion and perfusion tissue properties using diffusion-weighted MRI acquisitions. The idea
behind IVIM is that a bi-exponential description of the diffusion signal decay at different b-values is able to
characterize at the same time tissue diffusivity and tissue microcapillary perfusion. By its first appearance,
the IVIM technique has been adopted in numerous fields, especially in oncology, gaining particular interest
in the last decade, thanks to the advancements in MR hardware, pulse design and post-processing methods
[2]. The IVIM model has been widely adopted to characterize the perfusion-related properties of tumor and
normal tissues, and to distinguish groups characterized by different IVIM properties, which can occur, for
example, in the discrimination between different tissues (e.g. malignant vs. benign lesions), different
outcomes (e.g. pseudo-progression, radiation necrosis or recurrence), or different time-points in early
cancer treatment monitoring [3].

Thereafter, the estimation of the three IVIM coefficients (the true diffusion D, the perfusion fraction f and
the pseudo-diffusion D*) has been approached in different ways. The most common is the non-linear least-
squares (LSQ) fitting based on the Levenberg-Marquardt algorithm [4]. More recently, Bayesian methods
have been proposed to solve the parameters estimation in a probabilistic way [5], showing superior
performance in reducing errors and variability and in producing more regular maps, thus becoming the
state-of-the-art approach in this field. Variants of the original Bayesian approach were further proposed to
consider space-variant information, showing even higher accuracy and more regularized maps [6,7].
Currently, innovative methods based on deep neural networks have been proposed as a fast and accurate
alternative [8].

Unfortunately, the IVIM parameters estimation is intrinsically affected by problems related to the correct
model identification, to the estimation of inaccuracies and uncertainties, which may compromise the ability
of correctly discriminating different distributions. The main factors behind these difficulties can be found in
the SNR level and the amount of perfusion, which characterize the region of interest (ROIl) considered for
the analysis. A wide literature is present, trying to assess which are the major sources of error in IVIM
estimation, using analyses based on Monte Carlo simulations, that can provide a controlled framework,
thanks to the availability of ground truth, whilst taking into account variable uncertainty by averaging
simulated outcomes by a probability distribution [9,10,19-21,11-18]. These works evaluated IVIM
accuracy and uncertainty with respect to different factors, such as SNR [9—-13], b-values choice [14-18],
diffusion and perfusion tissue properties [10-13] and fitting methods [6,9,12,13,15,18-20]. A few works
have also faced the issues of the correct identification of the bi-exponential model [9,13,21], discussing
when the description of the MRI signal decay by a single exponential is instead preferable. On the contrary,
specific studies assessing the conditions when IVIM parameter posterior distributions would be

distinguishable, depending on the combinations of IVIM coefficients, SNR level, and the available sample



size, are not present in literature. A better understanding of the discriminating power of IVIM parameters
can be helpful to fully characterize the IVIM reliability and to give a key of interpretation to the results
found in clinics, where it is important to discriminate different tissues having even subtle differences in
terms of diffusion/perfusion properties. For this purpose, a multivariate approach considering the effects of
all the parameters simultaneously, instead of comparing the single IVIM coefficients between themselves,
deserves attention. Since the Bayesian method jointly estimates the IVIM parameters, thus being an
intrinsic multivariate approach, the discrimination of populations directly faced in a multivariate way seems
also more appropriate.

To fill the gaps described above, in this work we propose a framework that both includes traditional
accuracy assessments and predicts the ability in discriminating different distributions with a multivariate
approach, thus playing a relevant role in understanding if the conditions of SNR and diffusion/perfusion
levels can guarantee a reliable adoption of the IVIM model in the clinical practice.

Specifically, the proposed framework, based on Monte-Carlo simulations and on a state-of-the-art Bayesian
method [19], will allow i) the identification of the conditions when a bi-exponential model can correctly
capture the underlying bi-exponential IVIM signal decay; ii) the estimation of error and variability of IVIM
parameters in the conditions where the bi-exponential model can be reliably fitted; iii) the estimation of

the power of a multivariate test in discriminating two different sets of IVIM coefficients.

2. Methods

Monte Carlo Simulations

Monte Carlo simulations were performed to evaluate the performances of the Bayesian fitting methods at

various SNR and different combinations of IVIM coefficients. Simulated signals were generated following

the bi-exponential model expressed as:
S(b)

S(hy) (1—f)e PP + fe=bP" [1]

where b is the b value, S(bo) is the signal intensity at b value of 0 s/mm?, fis the fractional volume of active
capillary blood, D* is the perfusion-related diffusion coefficient (in mm?/s) and D is the diffusion coefficient
(in mm?/s).

A preliminary analysis was conducted on a dense set with 24 b-values (b =0, 10, 20, 30, 40, 50, 60, 70, 80,
90, 100, 150, 200, 250, 300, 350, 400, 450, 500, 600, 700, 800, 900, 1000 s/mm?), to assure an adequate
sampling of the underlying bi-exponential signal decay. In addition, a second analysis was carried out with a
limited number of 9 b-values, compliant to a typical clinical acquisition used in oncology (b = 0, 25, 50, 75,
100, 150, 300, 500, 800 s/mm?).

The true IVIM parameters used to generate the signals were the following: D from 0.0005 to 0.003 mm?/s

(10 equally spaced values), f from 0.025 to 0.5 (14 values, with a step of 0.025 for f<0.2 and a step of 0.05



for f>0.2), D* from 0.015 to 0.15 mm?/s (10 equally spaced values). S(bo) was set to 1. Different SNR levels
were generated (from 10 to 100 in 10 equally spaced steps), as described in Lanzarone et al. [6]. Rician
random noise was added to the model [22], to correctly deal with low SNR values.

One thousand simulations with random noise were generated for each IVIM coefficients combination and

each SNR.

Fitting methods

IVIM signals were fitted on both the dense and clinical b-values setup, using the Bayesian estimation
method implemented by Gustafsson et al. [19], by setting the priors and their hyper-parameters as the
default proposed by the authors. Based on the results presented by the authors, the fitting procedures
were as follows:

- Bi-exponential fit: the IVIM signal was fitted using the bi-exponential model (Eq.1) considering the
whole set of b-values and the three IVIM parameters and S(bo) were estimated. The uniform prior was
chosen for fand S(bo), whereas the lognormal prior was chosen for D and D*, defined as in Gustafsson et al.
[19]. The final parameter estimates were obtained by calculating the mean of the resulting marginalized
parameter posterior distributions. All prior distributions were set to zero outside the limits given by D: [0;
3x1073%) mm?/s, f: [0; 1], D*: [0; 0.15] mm?/s and S(by): [0; 1].

- Mono-exponential fit: the IVIM signal was fitted using the mono-exponential model (Eq.2)
considering the whole set of b-values and ADC and S(bg) were estimated, thus neglecting the perfusion
contribution

S(b) = S(by)ePAPC (2]

The lognormal prior was chosen for ADC and the uniform prior was chosen for S(bo), according to what
proposed by Gustaffson et al. for D and S(bo) in the bi-exponential fit. Both prior distributions were set to
zero outside the limits given by ADC: [0; 3x107%] mm?/s and S(bo): [0; 1]. Parameter estimates were obtained
by calculating the mean of the resulting marginalized parameter posterior distributions. The Matlab code

provided by Gustafsson et al. [19] was properly customized for this fit.

Multi-variate multi-step evaluation framework

The proposed framework, applied on simulated signals generated from 24 and 9 b-values, is composed by
three different assessments:
- The identification of the model that better fits the IVIM signal, through the Bayesian Information

Criterion BIC [23]. The BIC index was calculated for both mono- and bi-exponential fit using the formula:

BIC = kin(N) — 2In (L) (3]



where L is the maximized value of the likelihood function of the mono- and bi-exponential model, as
expressed in Gustafsson et al. [19], N is the number of measured data points and k is the number of
estimated parameters (k=2 for mono-exponential fit and k=4 for bi-exponential). The model presenting the
lowest BIC was then chosen. This analysis was performed for each of the 1000 simulations for every IVIM
coefficients combination. The percentage of signals where the bi-exponential model was preferred to the
mono-exponential was calculated for each IVIM parameters combination.
- The accuracy evaluation of IVIM coefficients estimation, in terms of coefficient of variation (CV) and

error, calculated as follows:

_std(fest)
mean(6,4t)

(4]

_ mean(Best) — Orrue
error = (5]
Otrue

where U, is the estimated IVIM coefficient (D, f or D*) and Ot is the true IVIM coefficient used to
simulate signals. This analysis was similar to what proposed in the literature in this context [6,7,19].

- The ability of understanding if two independent samples of estimated IVIM coefficients, given two
specific sets of true values, originate from the same distribution, through the energy test proposed by Aslan
and Zech [24], where the energy is a simple logarithmic function of the distances of the observations in the
multivariate space. The use of a multivariate test, generally not adopted in this context, was necessary due
to the joint estimation of D, f and D* in the Bayesian approach, and then to the need of taking correlations
into account. The power of the test was estimated using the permutation method to evaluate the
distribution under Hy: F (x) = G(x), by considering 100 pairs of independent random samples from the
distribution of the estimated IVIM coefficients obtained from simulations. This analysis was performed by
considering the possible combinations of IVIM coefficients derived from simulations with SNR60 (chosen as
a representative SNR, typically found in clinical images), and by testing both b-values sets and different
sample sizes (balanced with n=m=15 and unbalanced with n=10 and m=20), according to the number of
subjects that are typically found in IVIM clinical studies. The energy test was implemented by setting the
number of permutations equal to 1000 and the alpha value to 0.05.

Monte Carlo simulations, Bayesian fitting and all statistical analyses were performed using codes

implemented in MATLAB R2018a (The MathWorks, Natick, MA).

Illustrative oncologic cases

In-vivo images were selected considering different tumors with specific tissue composition and presenting
different diffusion and perfusion characteristics. They were collected from retrospective studies approved
by the local ethics committee and already published in previous works [25,26], and for this reason, any

novel clinical inference will not be obtained from these analyses. Exemplificative in-vivo images were only



chosen to provide a biological interpretation of findings obtained using simulated data, thus helping in
understanding in which biological scenarios the IVIM model could be reliably adopted. One patient affected
by a myxoid soft tissue tumor (STT) and three patients affected by a head-and-neck (HN) squamous cell
carcinoma were examined on a 1.5-T system (Optima MR 450w, GE Healthcare, Milwaukee, WI, USA). DWI
was obtained by single-shot echo-planar imaging with the following parameters: acquisition matrix,
128x128; field of view, 28—44 cm; TR= 2000-4500 ms; TE= 74—77 ms; slice thickness, 5mm; intersection
gap, 1mm. Nine different b-values (b= 0, 25, 50, 75, 100, 150, 300, 500 and 800 s/mm?) were used, the
same as in the simulated clinical setup, with all diffusion-sensitizing gradients applied in three orthogonal
directions.

For the STT case, the primary tumor volume was analyzed, whereas, for HN cancer patients, the largest
metastatic lymph nodes (LN) were considered. One HN case was used to characterize the cystic and non-
cystic sub-regions of LN. Other two representative patients with regional failure (RF) and regional control
(RC) were selected to show the potential ability of IVIM-DWI at baseline to predict/discriminate the long-
term response of cervical LNs to chemo-radiotherapy (CRT). For more details, please see the work of Marzi
et al. [26]. Specifically, we selected a myxoid STT because is characterized by a large free water
compartment and exhibits a high water molecule mobility; a HN lymph node with two clearly separated
cystic and solid regions, because they are characterized by high and low water molecule mobility,
respectively; lastly, the two HN LNs showed a different amount of necrosis (that is related to a high water
mobility as a result of a reduced cell density), whose role may explain the different response to
radiotherapy and may be of particular interest to the clinicians.

The volumes of interest (VOI) were manually contoured to identify the cystic and non-cystic regions of the
HN LN, the central slices of the STT tumor, and the whole volume of the two HN LNs related to treatment
response. The median value of the IVIM signals across the voxels for each b-value was fitted, considering
that the median is less affected by outliers and skewed data than the mean; in this case, it is possible to
have a synthetic description of the IVIM properties in the whole VOI. In addition, IVIM coefficients were
also estimated voxel-by-voxel, to obtain parametric maps. SNR of the ROl was estimated as (mean(Sro) —
mean(Spack))/std(Spack), Where Sror and Spack Were the signal intensity within the ROl and a region in the

background, respectively.

3. Results

In this section, the results of the analyses carried out with the 9 b-values setup are extensively presented to
more easily relate the findings obtained from simulations to the exemplificative oncologic cases. Results of

the dense setup simulation (24 b-values) analyses can be found in the Supporting Information.



Bi-exponential model suitability
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Figure 1. Visual representation of the effect of SNR, D, f and D* in the choice of the best model to fit the IVIM signal.
Intensity values indicate the percentage of simulated signals (on a total of 1000 simulations) where the bi-exponential
model fits the IVIM signal better than the mono-exponential (BICbi < BICmono). On the main axes variations in f and SNR
are reported, whereas each cell presents variations in D and D* (see the box on the right as an example). Data are
simulated with 9 b-values.

Bi-exponential vs. mono-exponential model

From the results of BIC index, it was highlighted that the bi-exponential model was preferred to the mono-
exponential in most of parameters combinations, as shown in Fig.1, where yellow squares represent
combinations with at least 80% of simulated signals with bi-exponential BIC index lower than the mono-
exponential. The bi-exponential signal underlying the IVIM model cannot be satisfactorily fitted by the bi-
exponential curve when SNR and perfusion fraction are very low (e.g. SNR<30 and f <0.05). On the contrary,
at higher SNRs and f values the biexponential model is always the best choice. In the other conditions, where
most of the clinically expected situations are generally located, the considerations are more complex, and
the combinations of the parameters should be taken into account as shown in Fig.1. For example, when
f=0.075, a SNR>80 and D lower than 1.3x10® mm?/s were needed to fit a biexponential model whereas
considering f=0.1, a SNR of at least 60 was needed; for £>0.125 a SNR of 40 was sufficient. In general, lower

D values allowed a better bi-exponential fit, whereas the impact of D* was quite negligible.

With the dense setup, acting as an ideal sampling, lower requirements for SNR and f were needed to have a

meaningful bi-exponential fit (see Supporting Information Figure S1).



Error in f estimation
b) ‘ - ; 1
20 L 08
a) Error in D estimation 06
40 A
0.4
02 50 0.2
£ 60 0
0]
0.1 70 0.2
0.4 %103 [mm?/s]
80 05
% 0 08 ~16
90 0.8 3
15 75 150 x10°
01 100 - ? T f T -1 D+ [mm?/s]
0.050.075 0.1 0.125 0.150.175 0.2 0.25 03 035 04 045 0.5
fvalues
02 .
) Error in D* estimation ;
[
30 4 |- 08
100 - — —— 03 i
05 08 11 13 16 19 22 24 27 3 40 4 . 0.6
D values [mm2f5 X 10'3] L 0.4
50 = 0z
0.025
% oo f 0
- 02 7]
70 — L 0.2 X
0.5 x10#  [mm?/s]
15 75 150 x10° o - 04 05
D" [mm?/s] 06
1.6
90 — L 0.8 °
- 3
100 -+ 4 0025 02 05
0015 003 0045 006 0075 009 0105 012 0135 015 f
Dstar values [mm /s]

Figure 2. Errors for D, f and D* estimation. On the main axes, variations in the main parameter and SNR are reported,
whereas each cell presents variations in the other two parameters (see the little box near the main figure). Data are
simulated with 9 b-values.

Accuracy of Parameters Estimation by bi-exponential fit

In Fig. 2-3 results of accuracy of D, f and D* estimation were shown in terms of CV and error, for data
simulated using the clinical setup (9 b-values), considering the regions where bi-exponential model was
generally preferred to the mono-exponential. From these figures, it can be highlighted that D was always
accurately estimated with low variability for every combination of IVIM coefficients and every SNR. CV and
error were always below 0.3 and in most cases below 0.05. A tendency of having larger variability was
showed for very low SNR, lower D and f, whereas larger underestimation was registered for lower SNR and
higher D values (see Fig.2a and Fig.3a).

Conversely, results about f estimation highlighted very high variability and errors for low perfusion fractions
(f<0.075), even at high SNRs, with the worst performance for high D values. An accurate estimation of f
required f>0.075 (and for the case of f=0.075, SNR of at least 80 and D values lower than 1.6x10-3 mm?/s
are needed). For high f values (f>0.125), CV and error were generally low (average CV: 0.08+0.07, average
error: -0.02+0.13). Again, the effect of D values was larger than the effect of D* values (see Fig.2b and
Fig.3b).

Finally, regarding D* estimation, Fig.2c and Fig.3c showed that maximum errors are lower than for f.
However, minimum variability and error were generally higher than for D and f, even in the best cases (high

SNR, high f and low D). Error was lower for high SNRs, low D* values and high f values, which however



should represent an unrealistic combination of D* and f values, considering that both the perfusion-related
parameters are in theory positively related to the tissue microvascularity.

Similar to the choice of bi-exponential or mono-exponential model, simulations with 24 b-values have led
to better fitting performance, as expected, lowering uncertainties and errors in the most critical conditions,
whereas maintaining similar results for the most precise and accurate situations (see Supporting

Information Figures S2-S3).
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Figure 3. CV for D, f and D* estimation. On the main axes, variations in the main parameter and SNR are reported,
whereas each cell presents variations in the other two parameters (see the little box near the main figure). Data are
simulated with 9 b-values.

Power in discriminating different IVIM coefficients distributions

In Fig.4 a schematic overview of the estimated power of the energy test in two different scenarios in a
subset of combinations was presented. The power represents the probability of correctly discriminating
two distributions of estimated IVIM coefficients, generated from two different sets of IVIM parameters, in a
multivariate way (i.e. by considering the three coefficients D, f and D* jointly). Considering the balanced
sample size, the discrimination between two distributions is always possible with high power, when the
two samples present differences in D values of at least 0.3x103 mm?/s, independently from f and D* values,
even using a small sample size (15 subjects per group, Fig. 5a). In case the two distributions present similar
D values (see the large boxes along the diagonal in Fig. 5a), low power can be found when small differences
in f values were present; the contribution of D* in discriminating the two distributions was negligible.

The choice of adopting an unbalanced, small sample size (10 subjects in one group and 20 in the other)
decreased the power of the test, making more difficult the discrimination of two distributions presenting

10



similar D values, but different f values (Fig. 5b). With increasing D values, the discrimination became

difficult even in case of different D values (D = 0.0013 mm?/s in one group and 0.0016 mm?/s in the other

one) and with differences in f of 0.025-0.05.

As for the role of D*, if the two distributions presented similar D and f values, it can’t help in distinguishing

the two samples, independently of its value and sample size.

Again, the adoption of the dense setup generally increased the discrimination power, both in case of

balanced and unbalanced sample size (see Supporting Information Figure S4).
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Figure 5. Example of a HN lymph node, where the cystic portion and non-cystic region were represented in top and
central rows respectively, and of the myxoid STT tumor (last row) with the corresponding D map (A, E, 1), f map (B, F,
L), D* map (C, G, M) and the mono- and bi-exponential fitting estimated on the median signal within the ROI (D, H, N).

Illustrative oncologic cases

The mono-exponential fit was preferred in the cystic portion of an HN metastatic lymph node (BICmono = -64,
BICyi = -62), due to the very low vascularization, whereas the bi-exponential fit was better than the mono-
exponential in the non-cystic region (BICmono=-51, BIC,=-58). The estimated SNR in the two regions was 100
and 80 for the cystic and non-cystic node, respectively. The estimated IVIM coefficients were: D=0.0027
mm?/s, f=0.066, D*=0.036 mm?/s in the cystic region, and D=0.00093 mm?/s, f=0.189, D*=0.008 mm?/s in
the non-cystic region (see Fig.5A-H). However, the analysis on simulated data associated to these values
highlighted that the perfusion fraction may be overestimated of about 80% for D=0.0017 mm?/s, f=0.075,
D*=0.015 mm?/s and SNR=70. Instead, in the non-cystic region, the corresponding error related to the

estimated IVIM coefficients were lower than 2% for D and f and of 5% for D*.
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The case of myxoid STT, which is characterized by abundant free water in the extracellular spaces [27], was
shown in Fig.5I-N, and the estimated IVIM coefficients were: D=0.0017 mm?/s, f=0.115, D*=0.0093 mm?/s,
with an estimated SNR of 70. The statistical analysis highlighted that the bi-exponential model seemed to
better fit the median signal within the ROl than by the mono-exponential (BICmono = -60, BIC,; = -80).
However, as in the case of the cystic region, the perfusion fraction may be highly overestimated.

Finally, IVIM maps and the corresponding estimated signal for the cases of HN LN presenting regional
control and regional failure after CRT were reported in Supporting Information Fig.S5. The RC case was
characterized by D and f values lower than the RF case and D* values higher than RF (D=0.00056 mm?/s,
f=0.102, D*=0.011 mm?/s for RC LN; D=0.0013 mm?/s, f=0.131, D*=0.005 mm?/s for RF LN, with an average
SNR of 70). The application of the energy test on simulated signals from these two combinations reported a

discrimination power of 0.95 with the balanced sample size, and of 0.88 with the unbalanced sample size.

4. Discussion

In this work, a multi-step and multivariate framework for a systematic assessment of the estimation
reliability and discriminability of IVIM model parameters was presented, based on the bi-exponential
Bayesian fitting of data generated by Monte-Carlo simulations, with respect to different SNRs and
combinations of diffusion and perfusion properties.

The main innovation provided in this work is the application of the multivariate energy test to assess the
capability of discriminating different independent distributions characterized by different triplets of IVIM
parameters. To our knowledge, this kind of analysis has not been performed on IVIM data, where the
univariate approach is generally preferred, and can be relevant and helpful to understand if different
tissues or different patients’ groups can be discriminated using the bi-exponential IVIM decay. Considering
that the IVIM parameters are jointly estimated in a Bayesian approach, the use of multivariate analysis
should be always preferred in this case. Furthermore, the analysis of the discrimination power is
fundamental for the choice of the adequate sample size.

Anyway, the first step of this framework was to verify if the IVIM decay can be adequately fitted by a bi-
exponential model and, in case of affirmative response, which is the associated reliability in terms of
accuracy and variability. These aspects, already faced in literature, are relevant in the clinical practice,
when IVIM is used for tissue characterization, and an accurate estimation of the perfusion-related
properties is required. The simulation-based analysis carried out in this work has shown that the bi-
exponential fitting performed generally better than mono-exponential, except for very low SNR and very
low f values: in this case, the estimation of the perfusion component was mostly unreliable, suggesting the
adoption of a simpler mono-exponential model and thus neglecting the occurrence of micro-vascular
contribution. In our work, the approach used in previous works [13,21] was generalized and adapted to the
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specific Bayesian fitting method. Furthermore, the application of BIC test for the selection of the
appropriate model could be easily applied also on real data, and not only on simulations, thus becoming an
effective method to verify the opportunity of adopting the IVIM model in any clinical application. The
suitability of the bi-exponential fitting model is generally not verified, when IVIM is used in clinical research.
Moreover, our simulations highlighted that, even when the bi-exponential fitting is statistically preferable,
this does not guarantee an accurate and precise estimation of the IVIM coefficients. In fact, in certain cases
(f values approximately lower than 7.5%, even with high SNR), the bi-exponential fit leads to unacceptable
estimation errors, with the perfusion fraction often over-estimated and the pseudo-diffusion under-
estimated. Even in this case, our results are in line with the wide literature already present in this context;
in fact, difficulties in the accurate and precise estimation of f and D* values at low SNR and for low
perfusion contribution have been reported since the first publications about IVIM [9-12].

From our analysis, it can be noted that the multivariate discrimination of two samples can be always
possible, even if a relatively small sample size is considered, if differences in D values of at least 0.0003
mm?/s are present. In case D was similar in the two groups, f impacted on the ability to discriminate: in the
best case (dense b-values setup and balanced sample size), even subtle differences of 0.05 can distinguish
the two distributions, especially when the perfusion fraction increases. These thresholds in D and f can
vary, depending on the b-values discretization (the 9 b-values setup lowered the test power) and mainly on
the sample size (the unbalanced case presented lower power than the balanced); this can lead, for
example, to the inability of discriminating two populations with large variations in f and D* and similar
values of D, or two populations with small variations in f and D* and non-negligible differences in D (0.0013
and 0.0016 mm?/s).

The oncologic cases, providing some examples of different IVIM signals related to specific biological
properties, highlighted the utility of our simulation framework in understanding if the adoption of the IVIM
model provides reliable estimation in relation to the specific clinical situation. In fact, the cystic node,
characterized by a prevalence of liquid component and very low micro-vascularity, represents a case with
very high diffusion and very low perfusion. This leads towards the mono-exponential fitting, indicating that
IVIM effects cannot be reliably captured in the case of high diffusion and low perfusion. The case of myxoid
lesion confirmed that, even if the bi-exponential fit was statistically better than the mono-exponential,
estimation errors can lower the IVIM reliability. The bi-exponential fitting estimated a f value of 0.11, whilst
the expected perfusion was lower, as this kind of lesion is in general almost completely avascular [25]. On
the contrary, the bi-exponential fit on the non-cystic region of the HN LN, having higher vascularization,
was able to accurately estimate diffusion and perfusion properties.

Looking at the case of HN metastatic LNs with different treatment response, RF LN presented higher D
values with respect to RC LN, as also reported in a previous work considering the whole population [28].

This may reflect a larger necrotic component with lower tumor oxygenation, leading to a higher probability
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of local failure in treatment response. This large difference in D (0.00056 and 0.0013 mm?/s) was sufficient
to discriminate the two groups, as shown by our simulations with 9 b-values and unbalanced sample size,
even if fand D* presented smaller variations. In fact, as reported in Marzi et al., the interpretation of
perfusion contribution in this population is more challenging, due also to the larger uncertainty and error
associated with fand D* estimation.

The multivariate analysis may be particularly exploited when the two considered groups present similar D
values. This is the case, for example, of the discrimination of malignant and benign lesions in renal tumor
[29]; in this work, authors didn’t find significant differences in D, but they can discriminate the two
populations using f, as highly different (0.15 and 0.24) in the two groups. By performing our simulation
analysis using these values, we found a discrimination power of 80%, considering an unbalanced sample
size of n=42 and m=14.

A possible limitation of this work is the choice of the clinical b-values discretization, as optimized for
specific clinical applications. Using other b-values discretization strategies, as it is common in literature, will
certainly affect the absolute values in the choice of the best fitting model, accuracy evaluation and
discrimination ability; however, we are confident that the proposed framework of statistical analysis
adopted in different conditions can report similar trends. Anyway, results obtained on the 24 b-values,
having more points to sample the IVIM curve, may show the highest accuracy that could be reached by the
adopted fitting method.

The analysis adopted in this paper was designed considering the applications in oncology: the range of IVIM
coefficients, SNR and b-values adopted for simulations were chosen as able to cover the large part of
possible scenarios about different types of tumor and oncologic aims (tumor diagnosis and prognosis,
prediction of treatment response for tumor and normal tissues). Simulations have been conducted
considering all the possible combinations of the three IVIM coefficients in the chosen ranges. However,
some combinations can be unrealistic in biological conditions (such as the conditions with high f and low D*
or vice versa). In addition, the illustrative oncologic cases here shown can be used to verify and interpret
the results obtained by simulations only in a limited number of conditions. Anyway, this type of approach
and the large part of the results can be extended to other clinical applications, where IVIM has been

already shown as promising, as in stroke [30] or in the evaluation of muscle perfusion during exercise [31].

5. Conclusion

The proposed framework should be adopted as interpretative guidelines to better understand when IVIM
model applied on real data can provide reliable findings. In fact, the adopted fitting model (mono- vs. bi-

exponential), the estimation accuracy, and the discrimination power can affect the suitability of the IVIM

parameters. The in-depth evaluation of IVIM signal fitting presented in this work confirmed that low SNR

and low perfusion-related parameters make the IVIM model unreliable. In general, IVIM model is accurate
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for the assessment of the diffusion component, but uncertainties related to perfusion estimation are not

negligible and must be considered when relative comparisons of different populations are performed. A

crucial point is that the multivariate analysis based on energy test may help in identifying the clinical

scenarios, depending on the sample size, in which it is possible to discriminate two groups, characterized by

different IVIM properties. Our findings may help in discussing the clinical results that will be found when

the IVIM model is adopted, by relating the biological hypothesis on the tissue microvasculature to the

intrinsic statistical uncertainty of model identification. This could be particularly helpful in case of

differential diagnosis, where tumor subtypes may be characterized by similar diffusion properties, but

different perfusion-related contributions.
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