
Utility of Ktrans
The volume transfer constant (Ktrans) measures 
microvascular permeability and blood flow, holding 
significant diagnostic and prognostic value.
Example: glioma grading [1].
Limitation in Current Method
The conventional Tofts model requires over an hour to 
process a mouse brain scan and is highly sensitive to 
noise and motion. It also requires gadolinium-based 
contrast agents (GBCAs), which increase the risk of 
nephrogenic systemic fibrosis (NSF) in individuals with 
renal impairment [2].
Preliminary Study
Lee et al. introduced a spatiotemporal CNN-based 
approach to accurately reconstruct Ktrans maps using only 
3% of the standard GBCA dose [3].
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To develop a deep learning–driven approach that:
● Accelerate Ktrans reconstruction
● Enables robust reconstruction under noise, 

motion (simulated with torchIO), and low GBCA

Fig. 1. (A) The blood-brain barrier (BBB) was first opened 
using focused ultrasound (FUS). We then injected 3.3% of 
the GBCA dose and acquired T1-weighted DCE-MRI, 
followed by the remaining 96.7% injection and a second 
DCE-MRI scan. A total of 10 mice were scanned.
(B) Raw DCE-MRI data were converted from DICOM to 
NIFTI, and within-subject robust registration was performed. 
Ground-truth Ktrans maps were generated using the Tofts 
model, and the whole brain was extracted using manually 
labeled brain masks. Noise and motion were artificially 
introduced with torchIO.

Fig. 3. Qualitative comparison of Ktrans maps reconstructed using the Tofts model. The 
top row shows slices from a subject with significant BBB opening (positive control), while 
the bottom row shows slices from a subject without BBB opening (negative control).
○ Under ideal conditions (full GBCA dose, no noise/motion), the AI model predicted 

nearly identical to the ground truth, while reducing reconstruction time from 60 
minutes to 15 seconds.

○ Under simulated noise and motion, the AI-model maintained its performance
○ With 3% GBCAs, the AI-driven approach outperformed the Tofts model, though 

performance in negative control cases was weaker.

Table 1. Quantitative performance comparison:
○ 100% GBCAs with Dynamic Tanh
○ 100% GBCAs with Layer Normalization
○ 100% GBCAs with noise + Dynamic Tanh
○ 100% GBCAs with motion + Dynamic Tanh
○ 3.3% GBCAs with Dynamic Tanh
○ 3.3% GBCAs with Tofts model

The transformer with Dynamic Tanh outperformed layer 
normalization, especially in negative control cases (SCC). 
Results also demonstrate robustness under noise and motion. 
For 3.3% GBCAs, the AI model significantly outperformed the 
Tofts model.

Conclusion

The hybrid CNN-Transformer approach reduces Ktrans 
reconstruction time by over 200-fold while maintaining high 
fidelity under noise, motion, and reduced GBCA doses. 
This method significantly accelerates the workflow and 
suggests the potential for reducing GBCA use, thereby 
lowering the risk of NSF in patients with renal impairment.
Future work includes scaling to larger datasets and extending 
the method to human DCE-MRI studies.
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Fig. 2. We extracted 7×7×84 (x, y, time) patches with stride one. The hybrid model first 
extracted local spatial features using a 2D CNN, followed by a transformer encoder to 
capture global spatiotemporal relationships. The model was implemented in PyTorch 
using:
○ Adam optimizer (learning rate = 1e-3)
○ Mean Absolute Error (MAE) loss
○ Batch size = 256

Training used five-fold cross-validation with patch-based learning to address limited 
data. All models were trained and evaluated on RTX2080Ti.
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