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HIGHLIGHTS

e The model maintained stability across variable acquisition protocols.

e Excelling in tumor characterization (DSC=77%) leaky vasculature classification challenges (DSC=36%).

e This work bridges the gap between simulated training and clinical deployment.

ABSTRACT

Dynamic contrast-enhanced MRI (DCE-MRI) plays a pivotal role in quantifying tissue
hemodynamics, yet accurate pharmacokinetic (PK) parameter estimation remains chal-
lenging. We present PKest-LSnet, a novel Long Short-Term Memory (LSTM)-based deep
learning framework for robust PK analysis. The network was trained on comprehensive
simulated data generated using physiologically plausible ranges of PK parameters
(parameetrs of Tofts equation: w,, K'*" k.,) and a population-based arterial input
function (AIF), enabling precise ground-truth validation. Rigorous testing on clinical
data from 19 glioblastoma patients demonstrated strong agreement with reference
method maximum likelihood estimation (MPE <12% for all parameters), with 99.42%
accuracy in classifying tumor signals. The model maintained stability across variable
acquisition protocols (time intervals: 2-6 sec; SNR: 5-100), proving its adaptability to
real-world clinical variability. While excelling in tumor characterization (DSC=77.27%),
leaky vasculature classification challenges (DSC=36.76%) revealed opportunities for
architectural refinements. PKest-LSnet eliminates dependency on initial parameter
estimates, reduces computational time by orders of magnitude compared to conventional
methods, and offers a robustness method to the tested variations in temporal sampling
intervals and SNRs-critical for multicenter studies. This work bridges the gap between
simulated training and clinical deployment, providing a validated tool for precision DCE-
MRI analysis with direct applications in oncology and therapeutic monitoring. Future
directions include hybrid architectures for improved intermediate-tissue classification and
patient-specific AIF integration.
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1 Introduction

Pharmacokinetic (PK) parameters serve as critical
biomarkers for diagnosing diseases and monitoring cancer
treatment, offering insights into tissue microvasculature
and treatment response (Li et al., 2015; Bagher-Ebadian
et al., 2011; Rygh et al., 2014; Gravina et al., 2019). These
parameters provide prognostic value for various conditions
including stroke, tumor progression, and therapeutic re-
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sistance, making their accurate quantification essential in
clinical practice (Reavey-Cantwell et al., 2001; Choi et al.,
2015; Metzler, 1986).

Dynamic Contrast-Enhanced MRI (DCE-MRI) has
emerged as a key non-invasive technique for PK parameter
measurement, tracking contrast agent behavior through
temporal changes in T} relaxation times (Tofts et al., 1999;
Tofts and Kermode, 1991; Lonser et al., 2019). Current
estimation methods fall into two categories: model-free
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approaches that analyze signal curve characteristics, and
model-based techniques that fit mathematical models to
the data (Tofts and Kermode, 1991; Urien and Lokiec,
2004; Acharjee et al., 2014; Dansirikul et al., 2005; Hsu
et al.,, 2013). Among these, Tofts model (Tofts et al.,
1999; Tofts and Kermode, 1991; Lonser et al., 2019) has
gained particular prominence in brain studies for its ef-
fective characterization of vascular permeability (K*"e"¢),
plasma volume (v,), and extracellular space (v.)- all clin-
ically significant parameters.

Traditional estimation employs least squares tech-
niques (Levenberg-Marquardt, Gaussian-Newton, etc.)
(Bagher-Ebadian et al., 2016; Gill et al., 2015; Wang
et al., 2012; Yu and Cao, 2017; Brocks and Hamdy, 2020),
but these methods face several limitations: computa-
tional intensity, sensitivity to initial values, and vulnera-
bility to noise and acquisition parameters (Metzler, 1986;
De Naeyer et al., 2011; Schabel and Parker, 2008; Yan
et al., 2014). These challenges have driven the adoption of
deep learning approaches which offer distinct advantages
(Klepaczko et al., 2020; Dehkordi et al., 2017, 2021).

Neural networks excel in analyzing DCE-MRI data by
detecting complex patterns beyond conventional methods’
reach (Jung et al., 2022; Oh et al., 2024; Ottens et al.,
2022; Simeth and Cao, 2020; Xue et al., 2019). Unlike
traditional approaches, deep learning eliminates manual
parameter tuning, achieving optimized solutions through
training. This has expanded their use in medical imaging
for improved diagnosis, prognosis, and biomarker discov-
ery. Deep learning marks a major leap in PK parame-
ter estimation, overcoming prior limitations and unlock-
ing new clinical applications. These data~-driven methods
enhance computational efficiency and robustness across
varying imaging conditions. As the field advances, deep
learning is set to revolutionize quantitative DCE-MRI
analysis, enabling more precise, personalized tissue assess-
ment for better patient outcomes (Ulas et al., 2019, 2018;
Zou et al., 2020).

Ulas et al. (Ulas et al.;2019) developed a 2D Convo-
lutional Neural Network (CNN) for direct PK parameter
estimation from DCE-MRI time curves, eliminating con-
ventional processing steps. While innovative, this arterial
input function (AIF)-independent approach had limita-
tions since PK accuracy fundamentally depends on AIF
characterization (Ulas et al., 2019). Ziayee et al. (Ziayee
et al., 2018) subsequently enhanced this by incorporat-
ing AIF as an additional CNN input, improving K?"ens
and Kep estimation (though v, showed minimal gains).
Both CNN approaches faced inherent constraints in mod-
eling long-term hemodynamic temporal relationships. Ad-
dressing this, Zou et al. (Zou et al., 2020) implemented
an Long Short-Term Memory (LSTM) network processing
both concentration-time curves and patient-specific AIF,
achieving superior accuracy and computational efficiency
compared to CNN methods by better capturing temporal
dependencies in the sequential DCE-MRI data.

Inspired by the successes of LSTM networks and the
limitations of CNN-based approaches, this study proposes
an LSTM-based network designed to extract long and
short time-dependent features from DCE-MRI time sig-
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nals. Our LSTM-based innovation simultaneously per-
forms tissue pathology classification and PK parameter es-
timation using population-averaged AIF, addressing clin-
ical variability through data augmentation with different
SNRs and sampling intervals. The network was optimized
via hyperparameter tuning and validated on both simu-
lated and clinical GBM data, demonstrating robust per-
formance across acquisition protocols. Key advantages in-
clude: 1) combined model selection/parameter estimation,
2) handling of protocol variations, and 3) faster compu-
tation versus traditional‘methods. This represents a sig-
nificant advance over both conventional fitting techniques
and earlier deep learning implementations

2 Material and Methods

2.1 Data Preparation

Preparing ‘the training dataset is a crucial step in de-
veloping deep learning-based networks. The accuracy of
LSTM-based :PK parameter estimation depends on the
quality and representativeness of the training data (Don-
ahue et al., 2015). The dataset must be sufficiently large
and diverse to enhance the model’s generalization capabil-
ity. Using simulated data offers advantages such as precise
ground truth labels, which can be costly or difficult to ob-
tain from real clinical datasets. This approach enables
more accurate model evaluation and validation while pro-
viding full control over data generation, improving repro-
ducibility and allowing the study of various performance-
influencing factors.

In this study, two datasets were used: a synthetic
dataset for training and evaluating the LSTM-based
PKest-LSnet and a real-world dataset from glioblastoma
(GBM) patients to test the model’s performance on clini-
cal data.

2.1.1 Synthetic Data

The study employed Tofts’ equation (Eq. (1)) to simu-
late DCE-MRI data, modeling contrast agent concentra-
tion (Cy) as a function of arterial input (C,/AIF) and
three pharmacokinetic parameters: plasma volume (vp),
forward transfer constant (K'9"%) and backward trans-
fer constant (kep). The Extravascular Extracellular Space
(EES), denoted as (ve), can be calculated from the ratio
K'rans [k, (Tofts et al., 1999):

Co(t) = v,Cy (1) + Krans / Co(reFrt-Ddr (1)

Three nested models were derived based on tissue phys-
iology: Model 1 (normal tissue, Eq. (2)) using only v;
Model 2 (leaky vasculature, Eq. (3)) with v, and K*"ons;
and Model 3 (complete exchange, Eq. (4)) incorporating
all three parameters. A population-averaged AIF was cre-
ated from expert-selected patient-specific AIFs across 19
GBM cases.

Model 1: Cy(t) = v,Cp(t) (2)

Model 2:  Cy(t) = v,Cp(t) + K" / Cp(r)dr  (3)
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Table 1: Considered range for each PK parameter in simula-
tion.

Number of

Model Range Generated Signals
V, = [0.00075:1.6]
Model #1 K'rens = 4320
Kep =0
V, = [0.00075:1.6]
Model #2 K" = [0.03:2] 285120
Kep =0
V, = [0.00075:1.6]
Model #3 K" = [0.015:2] 574560
K.p = [0.015:2]
Model 3: Cy(t) =v,Cp(?)

4
+‘K*trans/Cfp(7_)6flcep(t7-r)d7_ ( )

To create a synthetic dataset that accurately repre-
sents the measured patient data, a wide and physiologi-
cally relevant range of PK parameters (as detailed in Table
1) was employed to simulate the contrast concentration
curves based on Tofts equation.

Consequently, 4320 signals were generated for Model 1,
285120 signals for Model 2, and 574560 signals for Model
3. These datasets were utilized as synthetic data for train-
ing the PKest-LSnet. The use of simulated data during
the training process allows for precise calculations of the
mean percentage error for each estimated PK parameter,
as the ground truth values are well-defined and the simu-
lated signals are generated using known PK parameters.

2.1.2 Patient Data

The PKest-LSnet was validated using clinical DCE-MRI
data from 19 GBM patients obtained from public dataset
at The Cancer Imaging Archive (TCIA) (Clark et al.,
2013). This real-world evaluation tested the LSTM net-
work’s ability to process actual clinical inputs and gen-
erate reliable outputs. All patients underwent 1.5T MRI
scans with the following acquisition parameters: For T3
mapping, 3D FLASH images used multiple flip angles
(5-30°), TR/TE = 4.43/2.1 ms, and two signal aver-
ages. Dynamic imaging during contrast injection (0.1
mmol.kg~! Magnevist at 3 cc.s™!) employed a 25° flip
angle, TR/TE = 3.8/1.8 ms, 1 x 1 x 5 mm voxels, and 16
slices acquired every 4.8 seconds starting 24 seconds post-
scan initiation. This comprehensive clinical validation en-
sured the model’s robustness with real patient data under
standard imaging conditions.
- Preprocessing of Clinical Data

The analysis involved preprocessing patient DCE-MRI
data by first cropping images to brain boundaries and gen-
erating time-intensity signals for each voxel. Native T
(T10) maps were created, and longitudinal relaxation rate
changes (AR;) were calculated using Eq. (5) (Tofts and
Kermode, 1991).

1 1
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Tissue contrast agent concentration (Cy) was derived
by multiplying ARy by (1 — H.), with hematocrit (Ht)
fixed at 0.45. These concentration-time curves served as
input to the PKest-LSnet network. Voxels with mean sig-
nal < 173 were excluded as non-enhancing regions. This
preprocessing pipeline ensured meaningful pharmacoki-
netic analysis while filtering out unenhanced brain tissue.
- Ground Truth Maps Preparation for Clinical
Data

To estimate the percentage error of each estimated pa-
rameter for clinical data, ground truth maps of PK pa-
rameters for each voxel is required. Therefore, the clini-
cal GBM patient data were accompanied by maps of PK
parameters estimated using the Maximum Likelihood Es-
timation (MLE) technique (Bagher-Ebadian et al., 2016),
which serves as the reference method. MLE is recognized
for its accuracy, robustness, and low bias (Bagher-Ebadian
et al., 2016). In this study, an MLE-based algorithm was
employed to estimate the PK parameters for all voxels
within the brain. However this point is good to be men-
tioned that for the clinical data, MPE represents the rel-
ative deviation of the proposed estimates from the MLE-
based reference estimates and should therefore not be in-
terpreted as an absolute estimation error.

2.1.3 Augmentation

After training the network with the base data and spec-
ifying the hyperparameters, it was necessary to enhance
the network’s robustness against noise, to ensure its ap-
plicability across a wide range of patient data acquired
from various scan centers (NV and Koohestani, 2019).
To achieve this, augmentation techniques were employed.
White Gaussian noise at various levels (SNR: 5, 10, 15,
20, 25, 50 and 100.) was added to the pure data to gener-
ate several additional noisy datasets. Each noisy dataset,
along with the pure data, was utilized to train the network.
This approach aimed to investigate how network perfor-
mance varied in the presence of noisy data alongside the
base data.

2.2 PKest_LSnet Structure

LSTM, a recurrent neural network variant, effectively
models complex contrast agent (CA) concentration-
time relationships for precise PK parameter estimation.
Trained on CA concentration-time profiles, it captures
long-term dependencies in sequential data, enabling ac-
curate predictions even with irregular sampling and time
lags (Zhao et al., 2020). Our proposed PKest_LSnet
method frames PK estimation as a mapping from CA
concentration curves (with AIF) to PK parameters, us-
ing the extended Tofts model. The synthetic data gen-
eration process is shown in Fig. 1, while Fig. 2 illus-
trates PKest_LSnet’s architecture and evaluation frame-
work. This approach demonstrates LSTM’s capability
for robust pharmacokinetic analysis in dynamic contrast-
enhanced imaging.

As depicted in this figure, the developed network
comprises four LSTM layers, each containing a number
of LSTM cells equal to the length of the input signal.
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Figure 2: the structure of the developed PKest-LSnet and its evaluation process.

The CA time-concentration signals, consisting of 60 time
points, served as the network’s input. The input signals
were arranged as a 3D matrix with dimensions (Batch size,
1, number of cells in each layer). Input signals are pro-
cessed within each LSTM cell, and the hidden state (h;) is
extracted using the following formulas and transferred to
the corresponding cell in the next layer (Eqgs (6) to (10))
(Xue et al., 2019):

it = O'(Wixt + U;hi—1 + bl) (6

EN|

fe =o0Wyay + Ushi—1 + by) (
O = O'(Wo$t + Uoht—l + bo) (8

)
)
)
¢t = fr X ¢g—1 + i X tanh (cht +Uchi—1 + bc) (9)

ht = 0t X tanh(ct) (10)

The LSTM architecture processes temporal data
through sequential operations, where ht-1 represents the
previous hidden state and Xt is the timepoint-specific in-
put. The network employs sigmoid activation (o), input
weights (W), hidden state weights (U), and biases (b) to
compute cell outputs (¢;). The final LSTM layer output
passes through a 60-node fully connected layer (matching
input signal length) with ReLU activation to generate the
extended Tofts model PK parameters. The network first
estimates voxel-wise PK parameters, then determines the
appropriate tissue model (Model 1/2/3) based on non-zero
parameter values, enabling simultaneous parameter esti-
mation and model selection.
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Figure 3: The Impact of hyperparameters optimization on PKest-LSnet Estimation Accuracy.

2.3 Training and Optimization of the PKest-
LSnet

Hyperparameter optimization was critical for develop-
ing the LSTM network, with extensive tuning performed
on: (1) architectural parameters (number of LSTM
layers/units), (2) training parameters (initial learning
rate, batch size, epochs), and (3) regularization factors
(dropout rate, learning rate decay schedule). The random
search method identified optimal values balancing model
capacity (to capture complex temporal patterns) against
computational efficiency and overfitting risks. Key trade-
offs included: increasing LSTM units improved temporal
modeling but raised computational demands, while ag-
gressive learning rates accelerated convergence but risked
instability.

The final optimized network - using 70% synthetic data
for training, 15% for validation, and 15% for testing - used
for PK parameter prediction for GBM patients by simul-
taneously optimizing all interdependent hyperparameters.

As described above, the base synthetic concentra-
tiontime curves were generated using the parameter ranges
listed in Table 1. To ensure independence among the train-
ing, validation, and test datasets and to prevent infor-
mation leakage, the base synthetic signals were first ran-
domly divided into three mutually exclusive subsets: 70%
for training, 15% for validation, and 15% for final testing.
This partitioning was performed before any data augmen-
tation or temporal resampling. Subsequently, noise aug-
mentation was applied independently within each subset,
whereas signals with different temporal sampling intervals
were generated exclusively for the test set to evaluate the
model’s robustness to variations in temporal resolution.
Accordingly, all noisy versions derived from a given base
signal remained within the same subset as the original

signal, ensuring that no version of a test signal was used
during training or validation. The augmented noisy data
were therefore included in the training, validation, and
testing processes, while the temporally resampled signals
with different sampling intervals were used exclusively for
testing.

2.4 Loss Function

For the loss function, we employed the Mean Absolute Er-
ror (MAE) (refer to Eq. (11)) and Mean Squared Error
(MSE) (refer to Eq. (12)) to assess the network’s per-
formance. During each training session, we calculated the
weighted average absolute error and mean suared error be-
tween the gold standard maps of PK parameters and the
estimated maps produced by the network. Subsequently,
based on the optimizer used, the network’s weights were
updated to minimize the average absolute error (Kayastha
et al., 2023).

MAE = Zi= i =il (11)
n

i (yi — wi)?

n

MSE =

2.5 Fwvaluating Metrics

The networks weights are adjusted based on the difference
between true parameter values and its output. Alongside
MSE, Mean Absolute Percentage Error (MAPE) was com-
puted for training and validation data. For real patient
data evaluation, the Dice Similarity Coefficient (DSC) was
also added to compare model selection maps from LSTM
outputs and MLE-LLR framework.
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The sampling interval of CA concentration-time be-
tween consecutive imaging acquisitions-varies by center
and sequence. To test robustness, the network was eval-
uated using simulated signals with different sampling in-
tervals (TIs: 2-6 seconds) and noise levels (SNRs: 5-100).
Baseline simulations used a 4.8-second TI, matching clin-
ical data. Noise augmentation’s impact on classification
accuracy and PK parameter estimation was assessed by
testing networks trained with and without added noise.
All algorithms ran on TensorFlow using an Intel Xeon
CPU, 16GB RAM, and an NVIDIA Tesla P100 GPU.

3 Results

3.1 PKest-LSnet Optimization Results

The network’s hyperparameters were optimized via ran-
dom search to maximize accuracy and convergence speed.
Key parameters were systematically evaluated across wide
ranges, with performance assessed through all three mod-
els’ PK estimation accuracy. This comprehensive opti-
mization process identified optimal values that balanced
computational efficiency with precise parameter estima-
tion across different tissue types (Models 1-3). The
method ensured robust network performance while main-
taining clinical relevance for diverse physiological condi-
tions.

Figures 3-A to 3-D show how hyperparameters affect
PK parameter estimation accuracy (MPE). Figure 3-A re-
veals MPE decreases from ~0.3% to ~0.2% as batch size
increases from 32 to 1024, with larger batches stabiliz-
ing training through reduced gradient variance. Despite
1024 achieving lowest MPE, practical computational con-
straints justified selecting BS=32 (M PE ~ 0.3%) as op-
timal. Figure 3B demonstrates learning rate effects, with
ILR = 5e — 4 yielding minimum MPE (~1.5%). Higher
rates (> 5e — 4) caused instability (M PE > 4.5%), while
lower rates slowed convergence without accuracy gains.
These findings guided optimal hyperparameter selection
for network training, balancing computational efficiency
with estimation accuracy.

Figures 3-C evaluates learning rate drop factor
(LRDF) and training epochs. Testing LRDF values (0.1-
0.9) at various intervals showed 0.4 (every 15 epochs) min-
imized MPE (~0.5%). Larger factors (e.g., 0.9) or no ad-
justment degraded performance. Figure 3-D reveals train-
ing stabilizes after 80 epochs (M PE ~ 1.5%), with no
significant improvement beyond. To optimize memory us-
age while maintaining accuracy, 80 epochs was selected
as optimal. These results demonstrate the importance of
carefully tuned learning rate decay and sufficient (but not
excessive) training duration for achieving stable, accurate
parameter estimation.

Thus, the final configuration used batch size 32,
ADAM optimizer, an initial learning rate of 5e —4 reduced
by 0.4 every 15 epochs, and 80 training epochs with 1000
iterations each. This balanced approach optimized both
computational efficiency and estimation accuracy.
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Table 2: Correct model selection fraction and MPE of the
estimated parameters for each model.

MPE of Correct Model
Model Estimated Classification
Models Parameters Fraction
Model #1 MPE of v, 0.03% 100%
MPE of v 0.3%
Model #2 MPE of Ktrzfms 0.2% 75.8%
MPE of v, 0.08%
Model #3 MPE of K"  0.87% 99.4%

MPE of kep 1.1%

Table 3: Confusion matrix of true recognization of Models for
each pixel.

Predicted
Model 1 Model 2 Model 3
Model 1 100.0 0.0 0.0
True’ Model 2 0.15 75.78 24.06
Model 3 0.55 0.029 99.42

3.2 FEvaluation Results of the PKest-LSnet
3.2.1 Network Evaluation with Syntethic Data

PKest-LSnet showed excellent performance on unseen sim-
ulated data (15% test set), accurately classifying signal
models and estimating parameters. As Table 2 demon-
strates, it achieved remarkable precision for both Model
1 (normal tissue, v, MPE=0.03%) and Model 3 (tumor
regions).” For clinically critical Model 3, all parameters
(vp, K" kep) were estimated with < 1.1% MPE. The
network’s exceptional accuracy in tumor-related Model
3 classification and parameter estimation is particularly
valuable, as this model represents the primary focus in
most clinical and research applications.

Table 3’s confusion matrix reveals PKest-LSnet’s clas-
sification performance for tissue types using extended
Tofts model parameters. The network achieved perfect
accuracy (100%) for Model 1 (normal tissue) and near-
perfect results (99.42%) for Model 3 (tumor). However,
Model 2 (reversible leakage) showed reduced accuracy
(75.78%), with 24.06% misclassified as Model 3, reflect-
ing the challenge in distinguishing these similar leakage
patterns. While demonstrating excellent tumor detection
and normal tissue identification capabilities, these results
indicate the need for improved differentiation between re-
versible (Model 2) and irreversible (Model 3) exchange
mechanisms, potentially through enhanced feature extrac-
tion or expanded training data for intermediate leakage
cases.

3.2.2 Network Evaluation with Real Patient Data

The PK parameter estimation Table 4 compares LSTM
predictions against the gold-standard MLE technique
across 19 GBM patients. For Model 1, v, estimates
showed excellent agreement with MPE of 6.83% and low
variability. Model 2 maintained consistent v, estima-
tion (MPE=8.06%) but showed higher error in K'r"s



A. Dehkordi et al.

Radiation Physics and Engineering 2026; 2(%):2-2

Table 4: Averaged PK parameters estimated by LSTM and MLE (as reference method) for all recruited GBM patients in this

study.
PK Estimated values by LSTM and their MPE related to the MLE technique
Model 1 Model 2 Model 3
Technique vp| %] vp %] K7 [min~ "] vp %] K7 min~"]  Kep[min™ ']
Mean+SD Mean+SD Mean+SD Mean+SD Mean+SD Mean+SD
LSTM 0.010940.0081 0.0228+0.0149 0.0465+0.0153  0.0356+0.0266 0.05584+0.0152 0.353+0.134
MLE 0.01174+0.0112  0.02484+0.0174 0.05104+0.0223  0.0342+0.0154 0.0612+0.0034 0.317+0.187
MPE [%)] 6.83% 8.06% 8.8% 4.09% 8.7% 11.3%

(MPE=8.8%), potentially due to noise sensitivity in low-
permeability tissues. Model 3 demonstrated the best per-
formance for v, (MPE=4.09%) while kep had moderate
error (MPE=11.3%), reflecting inherent challenges in es-
timating backward transfer rates. Overall, the LSTM
achieved clinical-grade accuracy with all parameters be-
low 12% MPE.

In this study, the MLE-LLR framework was used as
a statistically established reference rather than an abso-
lute gold standard. Thus, in clinical data, the reported
MPE and DSC values reflect the agreement of the pro-
posed method with the reference framework rather than
validation against a known biological ground truth. MLE
may also be influenced by noise, model misspecification,
parameter identifiability, and optimization-related factors,
which should be considered when interpreting the clinical
comparisons.

DSC scores evaluating spatial agreement between
LSTM and MLE maps revealed Model 1 had exceptional
performance (average DSC=93.19%); crucial for excluding
healthy tissue in diagnostics. Model 2 had the lowest DSC
(36.76%), highlighting difficulties in delineating early-
stage leakage that may require more training data. Model
3 showed reliable performance (DSC=77.27%) for tumor
assessment, with variations (e.g., Patient 3: 63.54%) likely
reflecting heterogeneous enhancement patterns. The ob-
tained results from the real patient data is matched with
the obtained results from the synthetic data, please see
the Table 5 for more detailes.

Overal M PE of the PKest_LSnet Vs. Different Tls
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Mean Percentage Error [%]
o

2 4 5 6
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Figure 4: Overal MPE of the trained PKest_Lsnet tested
against the simulated signals with various time Intervals (TIs).

Table 5: Dice Similarity Coefficient between the Model Selec-
tion By Trained PKestr SnetandM LEbasedmethods.

DSC score
Patient Model#1. Model#2 Model#3
1 97.00 39.70 84.40
2 95.60 30.40 75.00
3 89.13 32.11 63.54
4 96.90 32.90 84.50
5 96.30 38.20 74.70
6 97.70 49.00 66.10
7 94.80 31.90 76.10
8 91.60 35.50 86.20
9 96.40 47.70 85.10
10 94.90 38.50 67.50
11 97.30 29.56 79.3
12 92.80 38.70 65.75
13 96.60 32.00 90.80
14 95.80 46.80 78.30
15 93.40 42.60 66.70
16 88.10 33.20 87.70
17 95.10 37.80 85.10
18 75.90 32.30 81.70
19 85.40 29.70 69.80
Average 93.19 36.76 77.27

The lower performance of Model 2 may be attributed
to its limited spatial representation and its similarity to
Model 3. Model-2 regions are typically small and spa-
tially scattered around the tumor, resulting in a limited
number of available signals for learning their distinctive
characteristics. Moreover, Models 2 and 3 may exhibit
similar temporal enhancement patterns, particularly dur-
ing the early enhancement phase, making their discrimina-
tion more challenging. This is consistent with the higher
rate of Model-2 signals misclassified as Model 3 in the syn-
thetic dataset and may also contribute to the lower DSC
observed for Model 2 in the clinical data.

3.3 Test of Network Robustness to Variations in
Temporal Intervals and SNRs

The robustness of PKest-LSnet to variations in noise levels
and temporal sampling intervals (TIs) was evaluated using
the augmented synthetic test data. Figure 4 presents the
overall MPE obtained at different TIs, demonstrating the
network’s performance under varying temporal sampling
conditions. The lowest MPE (~ 0.5%) was observed at
the baseline TT of 5 s, which corresponds to the temporal
sampling condition used for the base data. The perfor-
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mance remained relatively stable at moderately different
TIs (4-6 s), with MPE values below 6%, indicating good
generalization to the tested variations in temporal sam-
pling intervals. However, the MPE increased to approxi-
mately 11% at the more substantial deviation of TI = 2 s,
indicating reduced performance under more extreme tem-
poral sampling conditions. Overall, these results demon-
strate robustness to the tested range of temporal sampling
intervals while also indicating that performance may de-
teriorate when the temporal resolution substantially de-
viates from the baseline condition. These findings should
be interpreted within the scope of the simulated condi-
tions evaluated in this study and do not, by themselves,
establish protocol-independent or multicenter robustness.

Figures 5-A to 5-C and 4-A to 4-C demonstrate the ro-
bustness of PKest-LSnet for PK parameter estimation and
model selection under varying SNR conditions. The mean
percentage error (MPE) analysis (Fig. 4-A) compares two
training strategies: (1) training with both noise-free and
noise-augmented data and (2) training exclusively with
noise-free data. The results show that, without noise aug-
mentation, the estimation error increases as the SNR de-
creases. In contrast, training with noise-augmented data
substantially reduces the sensitivity of the network to
noise and maintains more stable estimation performance
across the tested SNR range.

Importantly, the test dataset included noise conditions
that were not represented during training. In particular,
an intermediate SNR condition (SNR=17) was excluded
from the training set and was used only during testing,
providing an additional assessment of the network’s abil-
ity to generalize to an unseen noise level. Thus, the ob-
served performance was not solely evaluated under noise
conditions directly encountered during training.

The model selection accuracy shown in Figs. 4-B to
4-C follows a similar trend. Noise augmentation improves
model classification, particularly under lower-SNR, condi-
tions,” whereas the network trained exclusively on noise-
free data shows a greater degradation in classification per-
formance as the noise level increases. A few unseen SNRs
during training process were also used in testing the model
selection accuracy. These findings indicate that exposure
to a range of noise conditions during training improves
the stability of both PK parameter estimation and model
selection in the presence of noise.

Overall, the results demonstrate that incorporating
noise augmentation enhances the robustness of PKest-
LSnet to the tested SNR conditions and improves its abil-
ity to generalize to noise levels not explicitly represented
during training. However, these findings were obtained
using simulated data and should be interpreted as evi-
dence of robustness to the tested noise conditions rather
than as evidence of protocol-independent or multicenter
performance. Further validation using clinical datasets
acquired with different scanners, imaging protocols, and
institutions would be required to establish the broader
generalizability of the proposed framework.
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Figure 5: This figure demonestrates the robustness of the
trained network (PKest_LSnet) for PK estimation over differ-
ent SNRs.

4 Discussion

PKest-LSnet demonstrates its potential as a robust DCE-
MRI analysis tool, achieving accuracy comparable to tra-
ditional methods while improving computational efficiency
and addressing key quantitative imaging challenges (Dan-
sirikul et al., 2005; Gill et al., 2015; Dehkordi et al., 2017;
Hyvlovd et al., 2024). The network’s performance may
be attributed to its LSTM architecture, which captures
temporal patterns in contrast-agent kinetics and provides
an effective framework for PK estimation (Tofts et al.,
1999; Ulas et al., 2018). Unlike conventional approaches
that may require appropriate initial parameter estimates,
PKest-LSnet estimates PK parameters without such ini-
tialization while substantially reducing processing time.
The use of comprehensive simulated data provided
three key advantages: (1) precisely known ground-truth
labels for quantitative assessment of estimation errors,
(2) controlled variation of PK parameter ranges and
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noise characteristics, and (3) systematic evaluation under
diverse physiological and acquisition-related conditions.
The simulations incorporated physiologically plausible PK
parameters and a population-averaged AIF derived from
19 GBM patients, providing clinically relevant input char-
acteristics for network training.

Evaluation using data from 19 glioblastoma patients
demonstrated strong performance, with a mean error of
< 12% relative to the reference MLE estimates. The net-
work achieved 99.42% classification accuracy for Model 3,
whereas Model 2 showed lower performance, with a DSC
of 36.76%. This lower performance may be related to the
limited spatial representation of Model 2 and its temporal
similarity to Model 3, which can make their discrimina-
tion more challenging. Future improvements may there-
fore benefit from larger datasets and architectures that
incorporate both spatial and temporal information.

Automatic classification of tissue into three pharma-
cokinetic models may provide several potential advan-
tages, including standardized tissue characterization, im-
proved inter-reader consistency, quantitative PK param-
eters as potential biomarkers of treatment response, and
near real-time analysis for clinical decision support.

The network demonstrated stable performance across
the tested range of temporal sampling intervals and SNR
conditions, indicating robustness to the simulated varia-
tions in temporal resolution and noise level. The inclusion
of different SNRs and temporal sampling intervals was
intended to represent important sources of acquisition-
related variability that can affect the appearance and
temporal characteristics of DCE-MRI concentration-time
curves. In particular, the robustness analysis included
noise conditions not directly represented during training,
providing an additional assessment of generalization to un-
seen noise levels.

Nevertheless, these robustness results should be inter-
preted within the scope of the simulated conditions eval-
uated in this study. Although the simulations incorpo-
rated several important sources of variability, they cannot
fully reproduce the complexity of real clinical DCE-MRI
data. The clinical evaluation was limited to 19 patients
acquired using a single imaging protocol; therefore, the
present results do not establish protocol-independent or
multicenter generalizability. Further validation using in-
dependent datasets from different scanners, imaging pro-
tocols, and clinical centers is required. Although simu-
lations provide precisely known ground-truth parameters,
differences between simulated and real tissue kinetics may
remain. Patient-specific AIFs may further improve clini-
cal parameter estimation beyond the population-averaged
ATF used in this study.

5 Conclusions

PKest-LSnet provides an accurate and computationally
efficient framework for DCE-MRI pharmacokinetic analy-
sis, with its performance demonstrated through both syn-
thetic and clinical evaluations. The LSTM-based architec-
ture effectively captures temporal contrast-agent kinetics,
enabling rapid PK parameter estimation and automatic

Radiation Physics and Engineering 2026; 2(%):2-2

pharmacokinetic model classification. Robustness anal-
yses demonstrated stable performance across the tested
variations in SNR and temporal sampling intervals, in-
cluding selected conditions not directly represented during
training. These findings support the potential of PKest-
LSnet as a practical tool for quantitative DCE-MRI anal-
ysis and motivate further evaluation using larger and more
diverse clinical datasets. Future validation across different
scanners, acquisition protocols, and clinical centers is war-
ranted to establish the broader generalizability and clinical
applicability of the proposed framework.
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