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Purpose: The development of advanced estimators for intravoxel incoherent
motion (IVIM) modeling is often motivated by a desire to produce smoother
parameter maps than least squares (LSQ). Deep neural networks show promise
to this end, yet performance may be conditional on a myriad of choices regard-
ing the learning strategy. In this work, we have explored potential impacts of
key training features in unsupervised and supervised learning for IVIM model
fitting.
Methods: Two synthetic data sets and one in-vivo data set from glioma patients
were used in training of unsupervised and supervised networks for assessing
generalizability. Network stability for different learning rates and network sizes
was assessed in terms of loss convergence. Accuracy, precision, and bias were
assessed by comparing estimations against ground truth after using different
training data (synthetic and in vivo).
Results: A high learning rate, small network size, and early stopping resulted
in sub-optimal solutions and correlations in fitted IVIM parameters. Extending
training beyond early stopping resolved these correlations and reduced param-
eter error. However, extensive training resulted in increased noise sensitivity,
where unsupervised estimates displayed variability similar to LSQ. In contrast,
supervised estimates demonstrated improved precision but were strongly biased
toward the mean of the training distribution, resulting in relatively smooth, yet
possibly deceptive parameter maps. Extensive training also reduced the impact
of individual hyperparameters.
Conclusion: Voxel-wise deep learning for IVIM fitting demands sufficiently
extensive training to minimize parameter correlation and bias for unsupervised
learning, or demands a close correspondence between the training and test sets
for supervised learning.
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1 INTRODUCTION

The intravoxel incoherent motion (IVIM)1 model for DWI
shows great potential to be an alternative to dynamic
susceptibility contrast (DSC) imaging for providing prog-
nostic perfusion-based cancer imaging biomarkers, which
can be used to characterize tumors and monitor treat-
ment response without the use of a contrast agent.2–4 The
IVIM model describes the attenuation of the MRI signal
as a bi-exponential function of the diffusion weighting (b
value). The IVIM model parameters of interest include a
diffusion coefficient (D) associated with the slow diffusion
of water molecules, a pseudo-diffusion coefficient (D*)
which is linked to the fast diffusion effect caused by cap-
illary microcirculation, and a perfusion fraction (f ) repre-
senting the signal contribution from the pseudo-diffusion
component. The IVIM model has shown promise in sev-
eral anatomies,3,5–7 including the brain.2,8,9 However, fit-
ting IVIM parameters remains challenging in the in-vivo
brain due to low SNR and low f .2,9,10

Several data-processing algorithms have been pro-
posed to improve the IVIM parameter estimation qual-
ity.11 New IVIM fitting approaches are typically com-
pared to conventional non-linear least squares (LSQ),
or a two-step segmented approach, which has been
shown in some studies to be less sensitive to noise than
LSQ, particularly for the pseudo-diffusion estimates.10,12

More advanced Bayesian inference algorithms have been
proposed, demonstrating improved precision and accu-
racy.13,14 However, these Bayesian approaches are typ-
ically very time-consuming, and may lead to biased
parameter estimates or features disappearing due to
over-smoothing.15

Recently, deep learning or deep neural networks
(DNNs) were introduced as a promising alternative for
IVIM fitting. These DNNs can either be trained unsu-
pervised, where the network is optimized on the error
between the estimated IVIM signal and the measured
signal; or trained supervised, where the network is opti-
mized on the error between the estimated parameters and
the ground truth parameters. The approach of unsuper-
vised learning, originally proposed by Barbieri et al.,16

allows the DNN to be trained directly on the in vivo
signals, without the need for labeled data. Kaandorp
et al.17 observed unexpected parameter correlations with
this unsupervised network, but resolved these by optimiz-
ing various hyperparameters (IVIM-NEToptim). However,
although IVIM-NEToptim showed promising results in the
pancreas,17 applying it to brain data showed poor anatomy
generalization and high D* values.18

In contrast, the approach of supervised learning for
IVIM fitting, originally proposed by Bertleff et al.,19 car-
ries the assumption that the in vivo test data is well

represented by the training data, which could limit
the network’s performance in terms of generalizabil-
ity. Gyori et al.20 performed an in-depth investigation
of the supervised approach for simple two-compartment
and three-compartment diffusion models based on the
spherical mean technique, and showed that these super-
vised approaches produce smooth parameter maps that
are significantly influenced by the training distribu-
tion, which could possibly lead to deceptive parameter
maps.

Based on these observations, we hypothesize that
the performance of both unsupervised and supervised
approaches for IVIM fitting is strongly influenced by the
choice of both training data and network hyperparame-
ters; hence, we identify the need to test and compare the
limitations of both approaches. In this work, we explore
the impact of learning rate, network size, training length,
and training distribution on the convergence behavior of
the unsupervised and supervised DNN loss terms, and on
the accuracy of the parameter estimates. We also explore
the impact of a suite of other hyperparameters on the final
loss terms. We demonstrate the possible pitfalls associated
with early stopping, training length, and different training
data distributions, using both simulations and in-vivo data
from glioma patients.

2 METHODS

2.1 In vivo data and preprocessing

We analyzed in vivo data from 28 glioma patients, which
had been acquired and used in previous studies.2,18,21

Those studies were approved by the local ethics commit-
tee at the University of Lausanne, and patient consent
was waived. Data were acquired using a 3T MRI scanner
(Trio, Verio, or Skyra; Siemens, Erlangen, Germany). A
Stejskal-Tanner diffusion-weighted spin-echo EPI pulse
sequence was used with 16 b values: 0, 10, 20, 40, 80, 110,
140, 170, 200, 300, 400, 500, 600, 700, 800, 900 mm2/s
in three orthogonal directions, and the correspond-
ing trace was calculated (no averaging). A total of 20
patients were included from one study2 with scan param-
eters: TR = 4000 ms, TE = 99 ms, FOV = 297× 297 mm2,
acquisition matrix = 256× 256, with varying slices
(9-21), and receiver bandwidth = 1086 Hz/pixel. A total
of eight patients were included from another study21

with scan parameters: TR = 4000 ms, TE = 93 ms,
FOV = 270× 270 mm2, acquisition matrix = 225× 225,
with 20 slices, and receiver bandwidth = 1106 Hz/pixel.
In addition, both studies used slice thickness = 4 mm,
in-plane resolution of 1.2× 1.2 mm2, 75% partial Fourier
encoding, parallel imaging with an acceleration factor of
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314 KAANDORP et al.

2, and fat was suppressed with a spectrally selective satu-
ration routine. The total acquisition time for both studies
was 3 min and 7 s.

To pre-process the DWI data, we first removed back-
ground voxels by using both a manual threshold, as used in
previous studies,2,21 and a Gaussian filter, which removed
other background artifacts, including ghosting artifacts.
Data were normalized to the SNR of the white matter
(WM) of each patient, defined as the ratio of mean to stan-
dard deviation, estimated for a homogeneous region of
interest (ROI), which had an SNR of approximately 30.

2.2 Networks

We initially implemented the original DNN architecture
of Barbieri et al.16 in PyTorch. The network architecture
was a multi-layer perceptron with three hidden layers
and exponential linear unit (ELU) activation functions.22

The network input consisted of the measured DWI sig-
nal S(b) at each b value, and the network output consisted
of the three IVIM parameters plus an extra parameter
S0, the signal at b = 0. These parameters were further
constrained by absolute value functions to avoid the pos-
sibility of exploding gradients due to negative output,
and scaled (but not constrained) to appropriate physical
ranges: 0≤ S0 ≤ 1, 0≤ D ≤ 3× 10−3 mm2/s, 0≤ f ≤ 50%,
and 3× 10−3 ≤D*≤ 100× 10−3 mm2/s (corresponding to
network output 0–1). The upper scaling value of D is
approximately equal to the self-diffusion coefficient of free
water.23

The networks were trained either unsupervised or
supervised. The unsupervised networks were trained
using a loss term equal to the mean-squared error
(MSE) between the input signal S(b) and the esti-
mated IVIM signal Snet(b), denoted in this manuscript as
“signals-MSE”:

signals-MSE =  (S(b), Snet(b)) =
∑

b∈B
‖S(b) − Snet(b)‖2

(1)
where

Snet(b) = S0
(

f e−bD∗ + (1 − f )e−bD) (2)

and B is the set of b values. The supervised networks were
trained using a loss term equal to the MSE between the
output parameters ̂𝜃net of the network and the normalized
IVIM parameters ̂𝜃 (scaled between 0 and 1), denoted in
this manuscript as “parameters-MSE”:

parameters-MSE = 
(
̂
𝜃,
̂
𝜃net

)
=

∑

S0,D,F,D∗

‖‖‖
̂
𝜃 − ̂𝜃net

‖‖‖
2
. (3)

2.3 Training and test data

In addition to the in vivo data described in Section 2.1, two
synthetic data sets were considered for the training and
testing of the networks. For the synthetic data, parame-
ter combinations were drawn from the two distributions
described below. IVIM signals were simulated using Eq. 2
for the same set of b values as the in vivo data. Rician
noise was added to the signals such that when S0 = 1 the
SNR was 200. The following three data sets were used for
training and testing:

1 Uniform distribution (synthetic): IVIM signals were
simulated uniformly with the following parameter
ranges: 0≤ S0 ≤ 1, 0≤D≤ 3× 10−3 mm2/s, 0≤ f ≤ 50%,
and 3× 10−3 ≤D*≤ 100× 10−3 mm2/s (i.e., identical to
the scaling range of the output of the network). The uni-
form test set consisted of 100 000 randomly generated
IVIM signals.

2 Patient distribution (synthetic): To provide a realis-
tic patient distribution, we sampled IVIM parameter
combinations obtained from conventional model fitting
applied to the in vivo data. We performed a segmented
fit using the Levenberg–Marquardt algorithm for each
patient, where we first fitted D for b> 200 s/mm2 and
afterward fitted f and D* using all b values while fixing
D. S0 was derived from the normalized b= 0 image. The
upper bound for the segmented fit of f was 100%, while
the upper bounds of S0, D and D* were unconstrained.
All parameters were constrained to a lower bound of
0. We then simulated IVIM signals using the param-
eter combinations obtained from the segmented fit.
We only included parameter combinations for which
D*≤ 100× 10−3 mm2/s. Segmented fitting was chosen
over LSQ because it was found to be more robust to
noise.

3 In vivo data from glioma patients, as described in
Section 2.1.

For the patient-derived data ((2) and (3) above), we
used 20 subjects for training and 8 subjects for test-
ing. Figure 1 displays the parameter distributions for the
synthetic test sets, which illustrates that the range and
weighting of parameters differed considerably between the
two synthetic test sets. Training was performed with 500
batches per epoch and batch size 128 using an Adam opti-
mizer,24 similar to previous work,17 for 50 000 epochs. Note
that alternative hyperparameters were also considered, as
described in Section 2.4.2 below. Training and testing were
performed on a single core of an Intel Xeon Gold 6226R
CPU, with each training of 50 000 taking approximately
16.5 h (1.18 s per epoch).
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KAANDORP et al. 315

F I G U R E 1 Normalized distributions for each IVIM parameter for the uniform distribution synthetic test set and the patient distribution
synthetic test set. The histograms were normalized so that the area under the curve is 1 (i.e., density curve). For S0, D, and f , the upper 0.1%
of the patient distribution test set is not displayed for visualization purposes. The dotted lines represent the parameter means for each test set.

2.4 Evaluation

2.4.1 Simulations: Learning rate
and network size

We tested the impact of the learning rate and net-
work size for the different strategies of unsupervised and
supervised learning using the uniform distribution syn-
thetic data set. We compared initially the performance
of four networks by considering two different num-
bers of hidden units (16, 64) and two different learning
rates (1× 10−3, 1× 10−4). For each network, we computed
the signals-MSE (unsupervised loss), parameters-MSE
(supervised loss) and Spearman’s correlation coefficient
between the pseudo-diffusion parameters (𝜌(D*,f )) at the
end of each epoch. Previous work17 demonstrated that
DNNs may predict erroneous correlations between the
pseudo-diffusion parameters; hence, it is important to test

for correlations in assessing the performance of the net-
works. The stability of the networks was assessed in terms
of the convergence of signals-MSE or parameters-MSE
on the test set, and the hyperparameters corresponding
to the most stable network were used in all subsequent
analyses. For the most stable network, we evaluated the
suitability of the early-stopping criterion used in previous
approaches16,17 which is triggered when the test loss does
not improve over 10 epochs.

2.4.2 Simulations: Hyperparameters

We also investigated the influence of several other hyper-
parameters on the loss values at the early-stopping point
and at the last epoch (Epoch-50000). We trained and tested
networks that differed by one hyperparameter with respect
to the baseline network that had been declared the most
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316 KAANDORP et al.

stable (Section 2.4.1; see also Section 3.1). Here we assessed
both learning strategies (unsupervised, supervised) using
the uniform distribution synthetic data set. The different
hyperparameters that were examined included (baseline
in square parentheses): batch size ([128], 256, 512), activa-
tion function ([ELU], ReLu, sigmoid), number of hidden
units (16, [64], 128), batch normalization ([without], with),
dropout ([0%], 10%, 20%), number of hidden layers (2, [3],
4, 5, 6), optimizer ([Adam], SGD, RMSProp), and learning
rate (1× 10−3, [1× 10−4], 1× 10−5).

2.4.3 Simulations: Learning strategy
and training distribution

Using the hyperparameters corresponding to the most sta-
ble network (Section 2.4.1), four further networks were
trained by considering the two different learning strate-
gies (unsupervised, supervised) and the two synthetic data
sets (uniform distribution, patient distribution). These
four networks were considered in all subsequent analy-
ses. These networks were tested on the patient distribution
test set to assess generalizability. For each network, we
computed the signals-MSE, parameters-MSE, Spearman’s
𝜌(D*,f ), and normalized MSE per parameter at the end of
each epoch.

2.4.4 Simulations: Training length

The performance of the four networks was further evalu-
ated at different validation points during training by com-
paring the estimated parameters with the ground truth
for individual data points of the uniform distribution test
set. To enable further qualitative assessment, parameter
maps and root-mean-square error (RMSE) maps were gen-
erated for each network from the synthetic patient data.
Here, the RMSE was calculated between the expected
DWI signal for the estimated parameters and the ground
truth DWI signal. Four different validation points were
used: (i) early stopping; (ii) when D*-MSE was at a mini-
mum (Min(D*-MSE)); (iii) Epoch-5000; (iv) the last epoch
(Epoch-50000), representing extensive training. Compar-
isons were also made to parameter maps estimated by
LSQ using the Levenberg–Marquardt algorithm, and a
segmented approach as described in Section 2.3.

2.4.5 In vivo

To demonstrate that our simulations are comparable to
real in vivo data, we evaluated the performance of the four
networks (i.e., trained on synthetic data) on the in vivo

glioma patient data, together with an additional unsuper-
vised network that was directly trained on the in vivo sig-
nals. We computed the signals-MSE and 𝜌(D*,f ) at the end
of each epoch. In order to provide a fair assessment of the
bulk of the data, we performed a correction for outliers by
excluding voxels lying within the top 0.7% of signals-MSE,
chosen to mimic classical outlier detection.25 These vox-
els contained signals that were poorly represented by a
bi-exponential function, and therefore represented sig-
nal behavior not seen by the four networks during
training.

Performance was also assessed qualitatively for the in
vivo glioma patient data by generating parameter maps
and RMSE maps at the early-stopping point, Epoch-5000
and Epoch-50000. These maps were compared to param-
eter maps estimated by LSQ, the segmented approach,
the four networks from Section 2.4.3 at Epoch-50000, and
IVIM-NEToptim.17 IVIM-NEToptim was applied as in the
original article,17 with the exception that the range of the
S0 parameter was 0–2 instead of 0.7–1.3 to encompass the
signal scaling in this study.

An additional important consideration is to assess the
impact that the individual fitting approaches may have on
the quantitative values of each parameter for certain tis-
sue types of interest. Hence, for each IVIM parameter, we
pooled the voxel-wise estimates for in vivo tumor regions
of all patients (one patient was excluded as no tumor mask
was available) and compared the distribution of parame-
ter estimates for each fitting approach at the early-stopping
point and at Epoch-50000.

3 RESULTS

3.1 Simulations: Learning rate
and network size

Figure 2 shows the loss curves of the first 5000 epochs
for both the unsupervised and supervised learning strate-
gies trained and tested on the uniform distribution using
different network size and learning rate. For both learn-
ing strategies, using fewer hidden units reduced conver-
gence speed, whereas higher learning rate resulted in
spiky convergence of the loss term, which could result in
sub-optimal solutions, particularly in unsupervised learn-
ing. Therefore, the network containing hidden units = 64
and learning rate = 1× 10−4 was considered the most sta-
ble in both strategies, and was used in all subsequent
analyses.

Early stopping (patience = 10 epochs) resulted in
sub-optimal solutions prior to true convergence, at
epoch 237 for unsupervised learning and epoch 118
for supervised learning (Figure 2). Furthermore, the
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KAANDORP et al. 317

F I G U R E 2 Test curves showing the metrics signals-MSE, parameters-MSE, and Spearman’s 𝜌(D*,f ) for unsupervised (left) and
supervised (right) networks with different number of hidden units (16, 64) and learning rate (1× 10−3, 1× 10−4), trained and tested on
synthetic data from the uniform distribution, and evaluated over 5000 epochs. For the most stable network, the red square highlights where
the test loss did not improve over 10 consecutive epochs and the early-stopping criterion used in prior work16,17 would have ended the
training, which results in sub-optimal convergence, as well as correlated parameters for the unsupervised case at epoch 223 (𝜌(D*,f ) = 0.62).

pseudo-diffusion parameters were correlated for unsu-
pervised learning (𝜌(D*,f ) = 0.62). Extending training
resolved these correlations and reduced parameters-MSE.
However, training substantially longer resulted in
increased parameters-MSE. For supervised learning, both

parameters-MSE and signals-MSE decreased with longer
training length. As expected, unsupervised learning
yielded lower signals-MSE (unsupervised loss), whereas
supervised learning yielded lower parameters-MSE
(supervised loss) in all cases.
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318 KAANDORP et al.

F I G U R E 3 Performance of the networks that differed by one hyperparameter with respect to the baseline network that had been
declared the most stable in the previous analysis in Figure 2 (see Sections 2.4.1 and 3.1). Results are shown for both learning strategies
(unsupervised and supervised) when trained on the uniform distribution and evaluated at the early-stopping point and after training for
50 000 epochs (Epoch-50000). Details about the hyperparameters considered and the baseline set can be found in Section 2.4.2. The blue
dashed line represents the loss for the baseline network at Epoch-50000. The values printed above the plots are the loss values at the
early-stopping point (red) and at Epoch-50000 (blue) that could not be displayed within the chosen range of the plot. The SGD optimizer had
no early-stopping point.

3.2 Simulations: Hyperparameters

Figure 3 displays loss values at two different validation
points during training for the networks that differed by one
hyperparameter from the baseline network determined in
Section 3.1. Every network performed substantially bet-
ter when training was extended beyond early stopping.
The networks with greater learning capacity (i.e., more
hidden layers or more hidden units) showed a marginal
improvement in the final loss value. Adding batch nor-
malization resulted in a marginally higher loss. Adding
dropout resulted in a substantially higher loss for unsu-
pervised learning, whereas for supervised learning the loss
was only marginally higher. Increasing batch size resulted

in a marginally lower loss. The choice of activation func-
tion had little impact on the loss after extensive training,
whereas the choice of optimizer may be an important con-
sideration given the high loss for SGD. In general, the
variability in loss values between networks was far greater
at the early-stopping point than after extensive training.

3.3 Simulations: Learning strategy
and training distribution

In Figure 4, we show the loss curves of the four net-
works, as described in Section 2.4.3, tested on the patient
distribution test set. Figure 4A shows that for both
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KAANDORP et al. 319

F I G U R E 4 (A) Test curves showing the metrics signals-MSE, parameters-MSE, and Spearman’s 𝜌(D*,f ) for the four networks described
in Section 2.4.3, that trained either unsupervised or supervised (hidden units = 64 and learning rate = 1× 10−4) on synthetic data from either
the uniform distribution or patient distribution, and tested on the patient distribution test set over 5000 epochs. (B) Test curves showing the
normalized MSE per parameter for each network.
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320 KAANDORP et al.

unsupervised and supervised learning, training and test-
ing on the same distribution yields lower loss and faster
convergence compared to training and testing on different
distributions. For the unsupervised networks, training on
the uniform distribution (i.e., different to test set) shows an
increase in test loss (signals-MSE) as training is extended
(e.g., between epoch 1000 and 2000). Moreover, for unsu-
pervised learning, the undesirable parameter correlation
persists longer when training on the patient distribution
compared to training on the uniform distribution. Here,
early stopping occurred at epoch 181 with 𝜌(D*,f ) = 0.73
when trained on the patient distribution. The increase
in parameters-MSE observed in unsupervised learning is
mainly due to an increase in errors in D*, as evidenced by
the similarity in plots between D*-MSE (Figure 4B) and
parameters-MSE (Figure 4A), although increases in errors
for S0, D, and f also occur. Note that Min(D*-MSE) occurs
at epoch 208 when training on the uniform distribution
and epoch 1552 for the patient distribution. Conversely,
in supervised learning, the signals-MSE, parameters-MSE,
and 𝜌(D*,f ) gradually decrease with training length, but
parameters-MSE is substantially greater when the testing
and training distributions are different.

3.4 Simulations: Training length

Figure 5 displays scatter plots comparing the estimations
with the known ground truth values for the four net-
works at different validation points during training, when
applied to the uniform distribution test set. This figure
clearly shows the impact of early stopping, especially when
training on the patient distribution, which results in poor
accuracy. Early in training, both strategies estimate param-
eters that are apparently biased toward the mean of the
training distributions (see Figure 1), particularly for D*.
As training progresses in unsupervised learning, the esti-
mates corresponding to low S0 signals (i.e., low SNR)
exhibit higher variability and display a distribution tend-
ing toward that of LSQ. Conversely, as training progresses
in supervised learning, the bias toward the mean of the dis-
tributions persists for a greater proportion of data points.
These data correspond to either low S0 (i.e., low SNR),
where a bias occurs for every IVIM parameter; low f ,
which results in uncertainty in D*; or low D*, which results
in uncertainty in f .

In addition, Figure 5 shows that early in training the
parameter values that are overrepresented in the training
distribution (see Figure 1) are estimated more accurately
than underrepresented parameter values. Furthermore,
there is poor-fitting behavior for low D values with high S0
when training on the patient distribution. This is particu-
larly evident for supervised learning, and is due to a lack

of these parameter combinations occurring in the patient
data.

Figure 6 displays parameter maps and RMSE maps at
different validation points during training of the four net-
works in a synthetic patient slice. At the early-stopping
point, the parameter maps are relatively inaccurate, par-
ticularly for D* when trained on the uniform distribu-
tion, and appear smooth and homogeneous. As found in
Figure 5, early in training, the parameter estimates in vox-
els corresponding to low SNR signals (e.g., WM voxels) are
biased toward the mean of the synthetic training distribu-
tion. As training progresses in unsupervised learning, the
parameter estimates in WM voxels exhibit a distribution
tending toward that of LSQ, which is also visualized by
comparable extremities in D* and RMSE maps, although
f maps are generally more comparable to the segmented
fit. There are increases in the RMSE at Epoch-50000 when
training on the uniform distribution (red arrows), which
are not present when training on the patient distribution.

For supervised learning on the uniform distribution,
the estimates for D* in the WM voxels are biased toward
the mean of the training distribution, even after extensive
training, which is consistent with Figure 5 for data with
low S0. In addition, the voxels that represent the tumor in
this synthetic patient slice (purple arrow in b = 0 image)
possess very low f values, such that the simulated sig-
nals contain little information for estimating accurate D*.
Hence, the supervised network estimates inaccurate D*
close to the mean of this distribution, resulting in high
residuals. In contrast, the supervised network trained on
the patient distribution shows lower residuals, which are
more comparable to the results of the unsupervised net-
works, because the bias toward the mean of the patient dis-
tribution yields values that are closer to the actual ground
truth.

3.5 In vivo

Figure 7 displays loss curves and parameter maps for the
four networks applied to a representative slice of the in
vivo glioma patient data, as well as corresponding results
for the additional unsupervised network trained directly
on the in vivo data. These results are in broad agree-
ment with those displayed in Figures 4 and 6 for the
simulations. Similar to Figure 4, training and testing on
the same dataset yielded the lowest loss term and fastest
convergence (Figure 7A). Furthermore, early stopping
resulted in sub-optimal solutions at epoch 312 prior to true
convergence, where parameters were strongly correlated
(𝜌(D*,f )= 0.94). Similar to Figure 6, early stopping resulted
in seemingly smooth and homogeneous parameter maps.
As training was extended, parameter maps tended toward
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KAANDORP et al. 321

F I G U R E 5 Scatter plots of estimated parameter values against ground truth at each of the four validation points (Early stopping,
Min(D*-MSE), Epoch-5000, and Epoch-50000) for the four networks described in Section 2.4.3 (i.e., trained either unsupervised or supervised
on synthetic data from either the uniform distribution or patient distribution), and tested on the uniform distribution test set. Corresponding
plots for least squares and the segmented approach are also shown. All data points are colored by their S0-value, where S0 = 0 (black)
corresponds to SNR = 0 and S0 = 1 (bright yellow) corresponds to SNR = 200.
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322 KAANDORP et al.

F I G U R E 6 IVIM parameter maps and RMSE maps generated for a representative slice of a synthetic glioma patient. Maps are
displayed at each of the four stopping points (Early stopping, Min(D*-MSE), Epoch-5000, and Epoch-50000) for the four networks described
in Section 2.4.3 (i.e., trained either unsupervised or supervised on synthetic data from either the uniform distribution or patient distribution).
The ground truth parameter maps are generated by applying the segmented approach on the real patient data. The red arrows in the
Epoch-50000 RMSE maps indicate out-of-distribution data for the uniform distribution, where D> 3× 10−3 mm2/s or f > 50%, which lie
inside of the domain of the patient distribution, but outside of the domain of the uniform distribution. Corresponding maps for least squares
and the segmented approach fitted on the synthetic glioma patient are also shown. The purple arrow in the ground truth b = 0 image
indicates the location of a tumor.
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KAANDORP et al. 323

F I G U R E 7 (A) Test curves showing the metrics signals-MSE and Spearman’s 𝜌(D*,f ) for the four networks described in Section 2.4.3
(i.e., trained either unsupervised or supervised on synthetic data from either the uniform distribution or patient distribution), and tested on
the in vivo data over 5000 epochs. In addition, test curves for an unsupervised network trained directly on the in vivo signals are displayed.
(B) IVIM parameter maps and RMSE maps for a representative slice from the in vivo glioma patient data for each of the networks described
in (A). For the unsupervised network trained directly on the in vivo data (left), maps corresponding to three stopping points are displayed
(Early stopping, Epoch-5000, and Epoch-50000), whereas the maps shown for the four synthetically-trained networks (right) are after
training for 50 000 epochs. Corresponding maps are also shown for least squares (top left), the segmented approach (top right) and
IVIM-NEToptim (bottom left). The purple arrow in the D map for the segmented approach indicates the location of a tumor.

 15222594, 2023, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/m

rm
.29628 by U

niversitätsbibliothek Z
uerich, W

iley O
nline L

ibrary on [01/08/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



324 KAANDORP et al.

F I G U R E 8 Boxplots of the voxel-wise
IVIM parameter estimates for in vivo tumor
regions of all patients for each of the
networks described in Figure 7A, at the
early-stopping point and after training for
50 000 epochs (Epoch-50000).
Corresponding boxplots are also shown for
least squares and the segmented approach.
The outliers of the boxplots (i.e., those data
exceeding 1.5 times the interquartile range
above the upper quartile and below the
lower quartile) are not displayed for
visualization purposes.

those of LSQ, particularly for D*. Generally, the residual
maps of Figure 7B displayed higher RMSE than those of
Figure 6. The parameter maps and RMSE maps of the
unsupervised networks that were trained on either the
uniform or patient distributions were similar to those for
the unsupervised network trained directly on the in vivo
data. In contrast, IVIM-NEToptim displayed inferior RMSE
and high D* (cf.18), and parameter estimates were also
considerably different for voxels in the tumor region.

For the supervised networks, a bias toward the mean of
the training distribution occurred, which resulted in high

RMSE for the network trained on the uniform distribu-
tion. In contrast, the parameter maps and RMSE maps of
the supervised network trained on the patient distribution
are comparable to those for the unsupervised networks.
Despite the differences in parameter estimates for the dif-
ferent unsupervised and supervised approaches, RMSE
maps were generally similar for low SNR regions (e.g., WM
regions).

In Figure 8, we show boxplots of all voxel-wise IVIM
parameter estimates for in vivo tumor regions of all
patients for each fitting approach. For D, all of the
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KAANDORP et al. 325

approaches yield a similar distribution of estimates, with
the exception of LSQ, which tends to estimate lower val-
ues. Greater variability between approaches is observed
for f , and especially for D *, where at the early-stopping
point, the networks trained on synthetic data (unsuper-
vised and supervised) estimate the bulk of the parame-
ter values toward the mean of the respective synthetic
training distribution (see Figure 1). After extensive train-
ing (Epoch-50000), the unsupervised networks display
broader distributions of parameter estimates, but appar-
ently with less bias, given the observed similarity between
the distributions for each network. Conversely, the bias
observed for the supervised networks appears to persist
even after extensive training, which is consistent with the
results from the simulations. Note also in Figure 8 that
LSQ yields a substantially broader distribution of f values
in the tumor, which is also reflected in Figure 7 with con-
siderably higher estimates for f , whereas the segmented
approach produces a much narrower distribution of
lower f values.

4 DISCUSSION

This work highlights the impact of learning rate, net-
work size, training length and training distribution on
unsupervised and supervised DNN IVIM fitting to DWI
data. In simulations, we showed that high learning rate
and early stopping may lead to correlated parameter esti-
mates and sub-optimal model fitting. We showed that a
network with more hidden units increases convergence
speed, a lower learning rate results in stable convergence,
and extending training beyond early stopping leads to
reduced parameter correlations and parameter error. How-
ever, extensive training resulted in an increased sensitivity
to noise. For unsupervised learning, parameter estimates
in regions with low SNR (or low f ), that is, with under-
lying uncertainty, displayed variability similar to LSQ
estimates. For supervised learning, parameter estimates
with underlying uncertainty were affected strongly by the
distribution of the training data, showing biases toward
the mean of the training distribution, which resulted in
smooth, yet possibly deceptive parameter maps. More-
over, we showed that early in training the networks were
more accurate at estimating parameter combinations that
were well represented in the training set, compared with
underrepresented combinations, but the accuracy of the
latter improved with extensive training. The in vivo results
were in broad agreement with the simulations, and fit-
ting residuals were almost identical between approaches,
particularly for the unsupervised networks. However, the
pseudo-diffusion maps varied considerably, demonstrat-
ing the difficulty of fitting D* in these regions.

Previous work demonstrated that the use of DNNs for
IVIM fitting can lead to erroneous correlation between
estimates for the pseudo-diffusion coefficient (D*) and the
perfusion fraction (f ).17 Whereas that work resolved those
correlations by exhaustive hyperparameter optimization,
the present work has demonstrated that extending train-
ing beyond early stopping is a simpler alternative, which
provides consistent results across many hyperparame-
ters (Figure 3). Of course, this begs the question of how
much training is sufficient or optimal. In the approach
of Barbieri et al.,16 the early stopping criterion resulted
in sub-optimal convergence at approximately 50 epochs,
whereas we trained for 50 000 epochs (i.e., 1000 times
longer) to ensure adequate convergence. In the simula-
tions, extensive training in unsupervised learning resulted
in an increase in MSE per parameter. Therefore, it could
be argued that the point where D*-MSE is lowest might
be a good choice of stopping point in unsupervised learn-
ing (Figure 4). However, the minimum D*-MSE observed
in the simulations is really only an artifact of the persist-
ing bias in the parameter estimates at that point in training
(Figures 5, 6), coupled with the chosen metric for gauging
accuracy. For unsupervised learning, extensive training
was found to ameliorate this bias and also further reduce
the fitting residuals, and may therefore be favored in spite
of the higher parameter variability. Indeed, there were still
improvements after training for 5000 epochs (Figure 5).

In contrast, for supervised learning, bias toward the
mean of the training distribution was found to persist even
after extensive training, for data with low SNR (or low f ).
While this approach produced smooth parameter maps,
little confidence can be placed in the estimated maps for
D* (Figures 6, 7). Similar bias was demonstrated by Gyori
et al. for the spherical mean technique diffusion model.20

Since parameter accuracy for supervised learning is highly
dependent on the choice of training data (Figure 4), it
may be of benefit to derive ground truth parameter com-
binations from conventional model fitting, as done for the
synthetic patient distribution described in this study, such
that the degree of bias is reduced. Nevertheless, it is impor-
tant to remain aware that this inherent bias, although
reduced, will ultimately still be present in regions of low
SNR, in spite of the possibly alluring smoothness of the
parameter maps.

We showed that the choice of learning rate strongly
impacts the convergence behavior of the loss term, particu-
larly for unsupervised learning. A higher learning rate was
associated with spiky convergence, which has the potential
for poor parameter estimates if the termination of training
coincides with such a spike in the loss term. In contrast,
a lower learning rate mitigates this spiky convergence at
the cost of more training epochs. In this work, we have
used a fixed learning rate. An alternative approach would
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be to vary the learning rate over the training process, using
a so-called learning rate schedule, which could speed up
convergence while avoiding spiky behavior at the end of
training.

We showed that a network with a higher number of
hidden units in each layer resulted in increased conver-
gence speed. Previous approaches16,17 set the hidden units
equal to the number of measured b values (e.g., 16 in this
study). Consequently, if a sparse protocol were used for
acquiring DWI data, then the hidden units would be very
low and could limit the learning capacity of the DNN.
Therefore, we recommend using a fixed number of hid-
den units that is considerably higher than the number of
b values (e.g., 64 in this study) in order to avoid a low
learning capacity. Adding even more network parameters
may make the network more powerful, but this would also
extend computation time, and ultimately may not be bene-
ficial if the network is already sufficiently powerful for the
application.

In general, we found that altering hyperparameters of
the network did not produce a considerable improvement
in performance, provided that training was sufficiently
long to ensure convergence (Figure 3). The marginally
lower loss that resulted from a higher batch size is expected
because the gradients calculated at each training step are
more reliably defined. Furthermore, we found that using
batch normalization, dropout, or the SGD optimizer could
result in inferior performance, in particular for unsuper-
vised learning. Therefore, use of these methods must be
carefully evaluated. Performance of batch normalization
may be improved by increasing batch size.

For the in vivo data (Figure 7), the parameter maps
and RMSE maps for the unsupervised networks that were
trained on synthetic data were very similar to those for the
additional unsupervised network that was trained directly
on the in vivo data (Epoch-50000). This suggests that a sin-
gle unsupervised network may possibly be trained using
synthetic data generated by a broad range of parameter
combinations, and utilized for every anatomy, provided
that the amount of training were sufficiently extensive. It
is important to note that these parameter maps were also
very similar to those obtained by conventional model fit-
ting. As such, the practical benefit of these unsupervised
networks may simply be a possible reduction in compu-
tation time. Correspondence between the results of the
unsupervised approach and LSQ fitting is expected since
both minimize the L2-norm on the signals (signals-MSE,
Eq. 1). This is most evident for D*, whereas for D and f
there is perhaps greater similarity with the maps of the
segmented approach. One supposition is that, similar to
the segmented approach, an unsupervised network may
first estimate adequate D, wherefrom it can learn adequate

f and subsequently adequate D*. This may explain why f
and D* are correlated if training is terminated early.

Every network performed poorly on data that lay
outside of the respective training distribution, so-called
out-of-distribution (OOD) data. In Figure 6, the networks
trained on the synthetic data from the patient distribu-
tion showed low RMSE for all voxels in the representative
slice, especially after extensive training. Conversely, the
networks trained on synthetic data from the uniform dis-
tribution showed high RMSE for the voxels associated
with parameters that lay outside of the training distribu-
tion (i.e., D> 3× 10−3 mm2/s and f > 50%; red arrows).
The impact of these OOD data in the test set was also
observed in the plot of signals-MSE in Figure 4A, where
the unsupervised network trained on the uniform distri-
bution displayed an increase in signals-MSE as training
progressed. However, if the patient distribution test set was
instead truncated using the same bounds as the uniform
distribution, the difference in signals-MSE between the
two unsupervised networks was found to be minimal (data
not shown). One further example of the consequences
of OOD data is shown in Figure 5, where the networks
trained on the synthetic patient distribution show inaccu-
rate estimation of low D, despite high S0. This is due to the
lack of certain parameter combinations occurring in the
patient distribution, while being present in the uniform
distribution test set, which were therefore not seen during
training.

Note that the poorly-fitted OOD data in Figure 6 cor-
respond to parameter values that are not physically real-
istic (i.e., D> 3× 10−3 mm2/s and f > 50%). This demon-
strates one limitation of this study, which uses conven-
tional model fitting to generate and provide synthetic
patient data for training and testing. Specifically, we used
the two-step segmented approach, since this was found
to be more robust to noise than LSQ for the in vivo data
considered in this study (Figures 7 and 8). These conven-
tional methods are applied under the assumption that the
in vivo data are well approximated by a bi-exponential
function. However, the IVIM model does not account for
other possible biophysical processes or imaging artifacts
(e.g., subject motion) that may influence the signal. These
factors make it difficult to generate synthetic data and
corresponding ground truth parameters that provide an
accurate representation of real data and the underlying
biophysics. Future work should consider how to provide
more appropriate ground truth data for training.

DNNs are promising for enhancing medical imag-
ing technologies, yet for IVIM fitting, performance is
strongly dependent on certain design choices, which can
make results difficult to interpret, particularly in clini-
cal practice. Clinical assessment is therefore necessary
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KAANDORP et al. 327

to determine whether DNNs provide a clinical advan-
tage over other advanced estimators. Comparison to his-
tological characterization could be invaluable, where, for
instance, gliomas have been shown to produce a patho-
logic microvascular network in the periphery through
neoangiogenesis, which results in hyperperfusion to pro-
vide nutrients for tumor growth, whereas the center of
the tumor consists of dead tissue that is hypoperfused.2,26

A ring of high f values at the location of the tumor
would be consistent with this histological finding, which
in Figure 7 is most clearly shown for the unsupervised
approaches at Epoch-50000. Tumor classification could
be another important consideration of clinical assess-
ment,27 where the choice of fitting approach may be
a key factor in the pursuit of quantitative biomarkers
(Figure 8).

This work focused on voxel-wise fully-connected net-
work implementations for IVIM fitting, but a detailed
investigation of the impact of other network architectures
has not been considered. For instance, Vasylechko et al.28

proposed an unsupervised convolutional neural network
based on the U-NET architecture.29 It is expected that the
incorporation of spatial information into the training of
a neural network for IVIM fitting may improve perfor-
mance, but further investigation of this is beyond the scope
of the present article and has been left for future work.
Lastly, this study mainly focused on the brain, which is a
particularly challenging organ for IVIM fitting given the
typically low f values. A comprehensive comparison study
for other anatomies should be pursued in future work,
although similar findings regarding extensive training and
biases are expected.

5 CONCLUSIONS

Using both simulations and in vivo data from glioma
patients, we have explored the potential impact of key
training features in unsupervised and supervised learn-
ing for IVIM model fitting. The main motivation of this
work was not to develop a network that could improve
IVIM parameter estimation. Rather, our aim was to inves-
tigate the possible limitations of voxel-wise deep learning
IVIM fitting, by surveying a broad range of reasonable
design choices. For both learning strategies, we demon-
strated that a high learning rate, small network size, and
early stopping can result in sub-optimal solutions and
correlated parameters. We demonstrated that extending
training beyond early stopping can resolve these correla-
tions and reduce parameter error, providing an alterna-
tive to exhaustive hyperparameter optimization. However,
extensive training resulted in increased sensitivity to noise,

where unsupervised parameter estimates displayed vari-
ability similar to estimates from conventional LSQ fitting.
In contrast, supervised parameter estimates demonstrated
improved precision, but showed strong biases towards the
mean of the training distribution. Hence, visual assess-
ment alone is not sufficient for evaluating the quality of the
estimates. While the apparent sensitivity to noise in unsu-
pervised learning may be undesirable, it could be argued
that the corresponding variability observed in the parame-
ter maps is indicative of the underlying uncertainty, which
is indeed useful information. This uncertainty is exem-
plified by the contrasting D* maps between approaches,
despite the similar residual maps, and illustrates the dif-
ficulty in estimating D* in the brain. Therefore, while
deep-learning-based model fitting is a promising tool for
IVIM parameter estimation, the impact of design choices
on fitting performance and biases must be carefully evalu-
ated.
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